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Abstract

Progress in Al is driven not by a single model, but by the ability to continually improve upon the current state of models.
Achieving this requires treating model development as a system-level optimization problem, for which the solution is
building a hill-climbing machine for rapid improvement. Our process includes a scaling-focused framework for pre-
training modeling decisions, as well as a robust reinforcement learning recipe and infrastructure that sustains long,
log-linear performance improvement. The first model developed using our process is MAI-Thinking-1, a 35B active /
1T total parameter MoE that stands among the strongest models of similar size on STEM reasoning and coding tasks
(e.g., 52.8% on SWE-Bench Pro, 97.0% on AIME 2025, and 87.7% on LiveCodeBench v6). MAI-Thinking-1 is trained
from-scratch, exclusively on clean, enterprise-grade data, without distillation from third-party models. In this technical
report, we offer a deep dive into the development of MAI-Thinking-1. By sharing our technical details and learnings we
hope to cultivate a transparent and science-driven approach to further development in Al

1 Introduction

We introduce MAI-Thinking-1, a powerful reasoning model developed from scratch by Microsoft AT (MAT)
that is competitive with models of similar size on STEM reasoning and coding tasks. Our pre-training is fo-
cused on a simple scaling approach which emphasizes empirically-driven iterative improvements to our ar-
chitecture and data, while our reinforcement learning (RL) framework is optimized for sustained log-linear
climbs over many thousands of steps (Figure 1).

We develop our model following three main design principles: First, capabilities should be learned, not
inherited. Although faster to acquire, intelligence imitated through distillation lacks the steerability and
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Figure 1. Performance during reinforcement learning of MAI-Thinking-1. STEM Climb (left and center): Eval-
uation performance during our STEM-focused climb with evals on AIME 25 and a hard subset of LiveCodeBench
v6 (after Jan. 25). For both curves, we show pass@]1 average over 3 adjacent checkpoints. Agentic Climb (right):
Pass@1 performance on SWEBench Verified during our code-heavy agentic climb.

1Correspondence should be sent to mai-technical-report@microsoft.com.
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robustness essential to long, enduring climbs. Second, simplicity is sustainable. We favor simple, scalable
recipes; clean, trustworthy data; and transparent infrastructure that together support climbing from scratch.
Third, scientific rigor avoids shortcuts. Every decision must be testable through data-driven ladders, abla-
tions, and evaluations that expose reliable paths to the top.

MAI-Thinking-11is pre-trained on 30T tokens extracted from a mixture of publicly available and licensed
human-generated data covering covering web data, public GitHub code, books, academic papers, news, mul-
tilingual text, and domain-specific materials. Each of these sources are processed in-house from start to
finish. We choose to not use any synthetic data generated by language models during pre-training and make
an effort to avoid and remove Al-generated content within collected data sources. For pre-training, we do
not use any open source training datasets and decontaminate common machine learning databases from our
training data. In mid-training we further emphasize STEM, math, and coding abilities to build a strong foun-
dation for reasoning RL climbs. After mid-training, MAI-Thinking-1 achieves a maximum context length of
256K. Pre- and mid-training give our base model broad predictive competence and knowledge, but they do
not specify how the model should behave, solve long-horizon tasks, or allocate inference-time computation.

During the reinforcement learning (RL) climb, we teach the model to reason and respond. The model
learns to leverage chains of thought (CoTs) against task-specific feedback, use external tools to interact with
environments, as well as follow human preference and safety signals. Our RL climb starts from scratch,
learning to reason with no prior exposure to reasoning traces. A robust RL recipe, self distillation, and
infrastructure improvements enable us to sustain RL runs over thousands of steps. Using this recipe, we
train three domain-specific specialist models: one for STEM reasoning, one for agentic coding and tool use,
and one for helpfulness and safety.

We compare the performance of MAI-Thinking-1 to a variety of open- and closed-weights frontier mod-
elsacross public benchmarks and human side-by-side evaluations. These evaluations span a broad set of areas,
highlighting the model’s versatility across different domains: STEM, agentic coding, knowledge, instruction
following, long context, safety, health, and tool calling. MAI-Thinking-1 achieves 52.8% on SWE-Bench Pro,
97.0% on AIME 2025, 94.5% on AIME 2026, 87.7% on LiveCodeBench v6, and is competitive with Sonnet
4.6 across a wide-range of benchmarks.

A key technical challenge when developing MAI-Thinking-1 was striking a balance between safety (which
asks models to refuse user requests) and helpfulness (which asks models to comply). A safe model needs
to provide helpful responses that remain compliant with our safety policies and standards. We develop
internal safety benchmarks to ground our progress and incorporate helpfulness and safety training into our
RL climbs. As part of responsible deployment, we continuously red-team throughout model development
to surface and remediate vulnerabilities before release.

MAI-Thinking-1 is the first model developed using our hill-climbing machine: the integrated process of
building data pipelines, training infrastructure, reinforcement learning environments and rewards, evalua-
tion suites, and safety tests that turn model development into an empirical optimization loop on a specified
domain. The hill-climbing machine allows us to advance Al while grounding progress around human needs
from the ground up.
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2 Pre-training

The base model for MAI-Thinking-1, called MAI-Base-1, is a 35B-active / 1T-total sparse MoE model pre-
trained from scratch on 8K GB200 GPUs on a Microsoft-operated cluster within the Azure platform, using
an in-house distributed training infrastructure (Sec. 2.8). Our training corpus was built entirely in-house
from both publicly available and acquired data sources, free of any distillation data (Sec. 2.4). From this
corpus we ran a main pre-training phase of 30 trillion tokens, followed by mid-training phases totaling 3.55
trillion tokens (Sec. 2.6).

Our goal in pre-training is to produce a base model that is capable across a wide range of domains, and
whose capabilities are learned from human knowledge, rather than imitations of existing AI models. We es-
tablish an ablation protocol to carefully examine the scaling properties of our model decisions by measuring
efficiency gains (Sec. 2.2) along a “ladder” of pre-trained models of increasing scale. To support these abla-
tions, we developed a suite of pre-training metrics (Sec. 2.3), consisting of held-out negative log-likelihood
(NLL) evaluations covering a broad range of subjects, tasks, and data distributions. We report the perfor-
mance of MAI-Base-1 and contemporaneous base models to illustrate the use of these evaluations on models
without post-training (Sec. 2.7).

2.1 Model Architecture

The model architecture of MAI-Base-1 was designed to leverage the benefits of scale on our infrastructure
and hardware. We use a decoder-only Transformer (Vaswani et al., 2017) with periodic local and global at-
tention layers and alternating dense and MoE feed-forward blocks. A high-level overview of the architecture
is shown in Fig. 2. In each layer, we employ RMSNorm (Zhang and Sennrich, 2019) at both the input and
output immediately before the residual addition (Gemma Team et al., 2025). We do not use any biases in the
model, and the input and output embedding weights are tied. While we have observed some improvement
in model performance from tokenizers trained in-house, we chose the 0200k _base tokenizer with a vocab-
ulary size of 200,019 (OpenAl, 2022; Hurst et al., 2024) to simplify integration with existing in-house tools
and workflows. A key consideration in our architecture design was the co-optimization with the underlying
GPU infrastructure to ensure efficient scaling for both pre-training and reinforcement learning (RL).

Attention. We follow the periodic attention design of Gemma 3 (Gemma Team et al., 2025), pairing 5
local attention layers (Beltagy et al., 2020) with 1 global attention layer, which significantly reduces the
computational cost of attention for training and the KV cache size during inference. The local attention
layers use rotary position encoding (RoPE) (Su et al., 2023) with sliding window size of 512 and a base fre-
quency of 10,000. The global attention layers do not use any position encoding (Kazemnejad et al., 2023),
which performs comparably to RoPE while being more efficient. We use group-query attention with 8 KV
heads (Ainslie et al., 2023) and a per-head dimension of 128. We apply RMSNorms to the queries and the
keys (Dehghani et al., 2023; Wortsman et al., 2023). The use of these standard components allows us to
leverage FlashAttention-4 (Zadouri et al., 2026) and Ulysses-style context parallelism (Jacobs et al., 2023)
for efficient training on long contexts.

Feed-forward and MoE. For the feed-forward layer in each block, we alternate between MoE layers
and dense feed-forward networks (FFN). We find that this paradigm of pairing a high-sparsity layer with a
zero-sparsity (dense) layer scales comparably to a balanced sparsity allocation—i.e., medium-sparsity MoEs
throughout—while being more efficient in wall-clock time under both iso-active and iso-total model param-
eter settings (Sec. 2.2.3). We also find that the every-layer-MoE layout relies much more heavily on shared
experts, whereas adding shared experts to the interleaved layout has little or no benefit. Our first feedfor-
ward layer is dense (DeepSeek-Al etal., 2025a; Kimi Team et al., 2026; Dai et al., 2024), and we use SwiGLU
(Shazeer, 2020) for both dense and MoE feed-forward layers.



We adopt the LatentMoE design (NVIDIA et al., 2025), where a shared down-projection is applied before
the all-to-all dispatch. The latent representations are then projected back to their original dimension after
the all-to-all combine. Importantly, routing decisions are based on the original representation, and each
compressed representation is routed to 8 out of the 512 experts with softmax gating.

We use global-batch load balancing loss (Qiu et al., 2025; Yang et al., 2025) where the empirical expert fre-
quencies are obtained by aggregating across both the data parallelism workers and micro-batches within the
same global batch. We found the aggregation strategy to matter much more than the load balancing loss type.
The GShard-style loss (Lepikhin et al., 2020) that we use performs similarly to the loss-free variant (Wang
ctal., 20244a) as long as global aggregation is ensured.

Notably, we observed that the experimental results regarding the optimal load-balancing methodology
can depend on the expert capacity. Under finite capacity, even when the token-dropping strategy is carefully
designed to avoid subtle causal leakages and the dropping rate is kept low with a generous capacity budget,
the resulting conclusions can still differ from those obtained in settings without dropping. We therefore
converged to a fully dropless MoE implementation (details in Sec. 2.8.1) which supports variable message
size for all-to-all communications and ensures bounded memory usage under high imbalance.
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Figure 2. Overview of the MAI-Base-1 architecture. Left: the overall layout of the Transformer body, where we
interleave high-sparsity MoE layers with small dense FFNs, and global attention with local attention. Rigk#: The
MOoE layer, in which 8 of 512 experts are activated per token in a compressed latent space.



Down Expert

Model Active Total Layers Hidden FFN Top-k/Experts KV/Q

Proj FFN
L12 3656M  3.9B 12 1024 2048 512 1536 8/512 8/16
L18 760M 13B 18 1536 3072 768 2304 8/512 8/16
L24 1.5B 30B 24 2048 4096 1024 3072 8/512 8/24
L30 2.6B 58B 30 2560 5120 1280 3840 8/512 8/32
L36 4.0B 100B 36 3072 6144 1536 4608 8/512 8/32
L42 6.1B 159B 42 3584 7168 1792 5376 8/512 8/40
L66 21.7B  615B 66 5632 11264 2816 8448 8/512 8/64
L78 35.6B  1015B 78 6656 13312 3328 9984 8/512 8/80
MAI-Base-1 34.7B  962B 78 6656 13312 3072 10240 8/512 8/80

Table 1. Configurations for all model sizes in the MAI-Base-1 architecture family. The (Expert-)FFN sizes refer
to the output size of the first linear layer, which is 2x of the input size for the second linear layer due to SwiGLU.
The configuration for MAI-Base-1 is slightly different from L78 to facilitate training and inference efficiency.

2.2 Model Ablation Methodology

We now describe the experimental setup used to evaluate different architectural and data-related design
choices for pre-training. A key consideration is the role of scale: the apparent benefits of model innovations
or new datasets often diminish as the compute budget increases. Accordingly, before adopting changes to our
baselines, we must gather sufficient supporting evidence across different scales. In the following subsections,
we introduce the main components that enable us to carry out this process in a principled and reproducible
manner: scaling ladders and efficiency gains.

2.2.1 Scaling Ladder

All ablations are done specifically with scaling properties as the central focus. To achieve this, we utilize a
scaling ladder: we train different model sizes at a constant number of tokens per (active) parameter (TPP)
for any ablation, and compare the scaling curves to our baseline. The TPP to use depends on the nature of
the experiment. For instance, most architecture ablations are conducted near the Chinchilla optimal region
(Hoffmann et al., 2022) at 100-200 TPP, while our main run is typically over-trained at much higher 500-
1,000 TPPs to produce a relatively more compact model suitable for heavy inference needs. Ablations are
performed using the latest ladder and the accepted changes become part of the next baseline ladder configu-
ration, and the process repeats.

For our architecture family described in Sec. 2.1, a model configuration is fully specified by a single
parameter: the number of layers L. For the 5:11ocal to global attention ratio that we use, L must be a multiple
of 6 so that the last attention layer applies global attention. The hidden size D is then determined by D =
L x % to maintain the same aspect ratio across the ladder. This choice of aspect ratio is similar to that
of some recent models (OpenAl, 2025; Liu et al., 2024; Gemma Team, 2024) and leads to more hardware-
friendly values for D in our setup since L is always a multiple of 6. The number of query heads is set to L,
rounded up to the nearest multiple of 16 for ease of serving with tensor parallelism. Each dense feed-forward
layer expands the hidden dimension by a factor of 2. For latentMoE layers, we use a compression factor of
2x for LatentMoE and expand the compressed representations by a factor of 3x within each expert.

The details of the full scaling ladder are shown in Tab. 1. The final architecture of MAI-Base-1 has 78
layers. While it is based on L78 in the ladder, we revised its expert input size slightly for DeepEP (Zhao et al.,
2025a), which requires the hidden dimension for all-to-all collectives to be divisible by 512.



MOoE every layer (8/384) MOoE every layer (7+1 shared/384)

Eval Category EGgeLops EGrime EGrLops EGrime
General 0.88 0.69 0.99 0.78
STEM 0.93 0.73 1.04 0.82
Math 0.94 0.74 1.06 0.84
Code 0.94 0.74 1.03 0.82
Multilingual 0.94 0.75 1.05 0.82
Weighted Average 0.94 0.73 1.03 0.82

Table 2. Efficiency gain for two MoE-every-layer variants over the interleaved layout of MAI-Base-1 (8/512 MoE
+ dense FFN). Both variants are near the baseline when measured by EGgpops, but are clearly behind on EGripe.

2.2.2 Efficiency Gain

In our architecture and scaling discussions, efficiency gain (EG) measures how much higher a training cost
the baseline model would need to match an evaluation metric reached by a given candidate model (Kaplan
et al., 2020; Hoffmann et al., 2022). In most cases, the evaluation metric is an aggregated evaluation loss
defined using our pre-training evaluation suite (Sec. 2.3). We first fit a scaling law to the baseline ladder,

L=f(C)=AC™®+E @

where C' denotes the training cost such as FLOPs or time with the given infrastructure. A is the scaling
coefficient that controls the overall magnitude of the reducible loss term, « is the scaling exponent that
controls how fast the loss decreases with more compute, and F is the irreducible loss. For a candidate run
achieving L’ with cost C’, we compute the baseline cost budget required to reach the same loss as f~1(L/),
and define EG as

7L

- @

As an example, EG = 1.3 means that the baseline model would require a 30% higher cost to reach the
candidate model’s loss (Liu et al., 2025a; Dey et al., 2023). We further perform ablations at different cost
budgets to obtain a series of EG vs. cost, which helps us in finding improvements that persist as the scale
increases.

We most commonly use FLOPs to define the cost C, which intentionally does not account for the wall-
clock efficiency that can be achieved in training. Implementations of established architectures have often
accumulated numerous performance optimizations over time, which can make them appear stronger than
newer variants. By decoupling the metric from FLOPs utilization (MFU) (Chowdhery et al., 2023), we can
look at how architectures may stack up against each other if equal effort is given to optimizing their imple-
mentations. However, in cases where we do care about hardware efficiency given our existing stack, we use
the time definition for cost C above. In those cases, we refer to efficiency gain as EGrine explicitly.

EG =

2.2.3 Model Ablation Examples

We use ladder and EG comparisons extensively in our day-to-day ablations. Below we present two set of
experiments that demonstrate how EGs may vary across different evaluation categories, and how EGs can
be extended to reflect co-design factors with our infrastructure.

Example 1: Sparsity allocation. Tab. 2 compares our interleaved layout with high-sparsity MoE and
dense FFN against the more common design of using medium-sparsity MoE layers throughout. Experi-
ments are conducted in a sparsity-controlled setup, in which all model families share similar total-to-active
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Figure 3. Pre-training efficiency gains (Sec. 2.2.2) across eval task categories with increasing sparsity of model
families. Results are obtained by training a model ladder (Sec. 2.2.1) for each sparsity level. Since every data
point is compared against the scaling law (Eq. 1), EG for the baseline raw data points may not be exactly one.

parameter ratios; this is achieved by fixing top-k (8, or 7+1 with a shared expert (Dai et al., 2024; Qwen
et al., 2025)) while adjusting the expert expansion rate and number of experts for the MoE-every-layer fam-
ilies. We report two versions of EG defined along two cost dimensions: FLOPs and training time, measured
on ladder models L12—-30 described in Sec. 2.2.1. While MoE-every-layer combined with shared experts
achieves an EG of 1.03 in FLOPs, the interleaved paradigm offers the better tradeoff once training MFU is
taken into account, as reflected by EGripe < 1.

Example 2: Sparsity scaling. A scalable architecture design should yield healthy improvements with
increased sparsity. Fig. 3 demonstrates that our architecture family carries this property, showing consistent
efficiency gains as we increase the number of experts from 256 to 1024 with top-k = 8 (MoE sparsity level
from 32x to 128x). For MAI-Base-1 we select the top-8/512 configuration to balance model quality with
training and inference efficiency, and leave further exploration of sparsity scaling for future work.

2.3 Evaluation Methodology

We use a suite of internal benchmarks focused on NLL tasks for our experimentation and progress tracking.
These come from different sources: vendors who have created data fully held out from training, internal
sources not present on the web, and web sources that we are careful to remove from our training data. Ex-
amples of our benchmarks are listed in Tab. 3, and we discuss our motivation for using NLL evaluation
benchmarks in Sec. 2.3.2. We report our evaluation results after pre-training in Sec. 2.7.

In total, we have nearly 40 such benchmarks grouped into 5 different categories: Code, STEM, Math”,
General Knowledge, and Multilingual. When we need to aggregate these into a single number for direct EG

2We choose to explicitly up-weight math and treat it differently from the more broad STEM category.



comparisons (Sec. 2.2.2) or for ranking models, we use the following formula:
Target = 0.5 x Coding+0.175 x STEM +0.175 x Math+0.1 x General knowledge +0.05 x Multilingual (3)

These explicit weights allow us to codify the decisions about the relative priority and importance of each
set of benchmarks. Our focus on downstream performance on code and reasoning tasks is reflected in the
larger weights we assign to those categories in pre-training.

To compute the individual category scores in Eq. 3, we first normalize the raw NLL results using a fixed in-
house reference model as a baseline, then take the uniform average across all the benchmarks in that category.
All evaluated models use identical tokenizers, so NLL values are directly comparable. Note that we choose
to elevate mathematics to its own category, while STEM focuses on science, technology, and engineering.

Category Evaluation Data Source

Coding Microsoft code and pull requests Internal private projects
Human-AI coding sessions Internal testing of previous models

STEM Worked solutions to graduate-level STEM ~ Commissioned from vendor
problems

Math Worked solutions to advanced math Commissioned from vendor
problems

General knowledge Online Community Discussions Public web forums
Human-Al interactions Internal testing of previous models
Pyramidal trivia Publicly available databases deduplicated

against training data

Hard trivia questions Commissioned from vendor

Multilingual Multilingual Human-Al interactions Internal testing of previous models

Table 3. Example types of data within our NLL evaluation suite. All examples are carefully deduplicated from
any training data.

2.3.1 Public Evaluation Decontamination

Publicly available evaluation benchmarks have been helpful for guiding the development of many of our
models. As the importance of Al models has grown in recent years, there has been an increase in the leakage
of evaluation datasets into sources of training data. This is particularly common on GitHub, where many
researchers and developers of Al share their work. Many common evaluations are published on GitHub in
their original form (Austin et al., 2021), and nearly every benchmark is replicated there many times, typi-
cally with solutions, generations from models, etc. Many public evaluations are derived from some of the
online sources we use for training, but with additional curation processes (for example (Wei et al., 20244;
Hendrycks et al., 2020)). As our training sets have grown in scale and coverage, the influence of that overlap
becomes significant. Similar to prior works (Godey et al., 2025), we’ve observed in experiments that this
contamination can lead to counterintuitive results, such as data that is nominally meant to improve coding
performance also leading to an improvement in long-tail general knowledge evaluations.

We have used several methods for detecting and removing leaked evaluation examples in our training
data. All data from huggingface.co and mirror domains are removed, and a universal 20-gram fuzzy
deduplication is applied with a similarity threshold of 80% to all our training sources. We find that these
methods accurately remove a significant number of leaked examples, but they are imperfect.
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In recognition of this, we have developed private benchmarks for our own use which we are confident
are not found elsewhere on the web.

2.3.2 Comparison of Accuracy and NLL Evaluations

We use internal proprietary evaluations for day-to-day development. These evaluations are curated by mem-
bers of the MAI team, with some commissioned from data vendors who employ domain experts, and others
collected from domain experts across the global Microsoft organization.

For pre-training, we choose to focus on evaluations with an NLL scoring method rather than multi-
ple choice, generative, or other formulations. Evaluations that measure how many questions a model can
correctly answer are convenient for comparing across models and to human benchmarks, but they have a
number of operational challenges outlined below.

Efficiency and cost of evaluations. Many frontier benchmarks require chain-of-thought reasoning
(Phan et al., 2025; Rein et al., 2023), tool use, or other generations. This autoregressive generation is ex-
pensive and time-consuming. Training frameworks and configurations are often not optimized for the fast
autoregressive inference suited to these evaluations. The use of more efficient inference frameworks can
accelerate these evaluations, but introduces additional complexity and support for architectural variants.
Evaluations with open-ended or natural language answers often require the use of a judge model, adding
further cost. In contrast, NLL evaluations are the same fundamental next-token-prediction objective as pre-
training and can be run very efficiently. By lowering the cost in time and compute of each evaluation, we
can run more exhaustive evaluations and ensure consistency across every experiment.

Sensitivity to confounding factors. Evaluations can be highly sensitive to seemingly minor variations
in the pre-trained model’s behavior. For example, MMLU (Hendrycks et al., 2020), MMLU-Pro (Wang et al.,
2024Db), and related benchmarks (Yue et al., 2024, 2025; Singh et al., 2025b) have been valuable for assessing
pre-trained knowledge, but their multiple-choice format implicitly assumes that a model has acquired the
ability to interpret and answer multiple-choice questions—a capability that typically emerges only at sur-
prisingly large scale when evaluated in pre-training (Du et al., 2024). Although these tasks are sometimes
evaluated using an NLL-based scoring scheme over logits for A, B, C, and D, many questions require more
than factual recall, and free-form generation is often a more faithful evaluation protocol.

Similarly, MATH (Hendrycks et al., 2021) requires strict adherence to formatting conventions such as
wrapping answers in \boxed$ ¥, and MBPP (Austin et al., 2021) exposes models to inconsistencies between
Unix-style newlines (\n) in the shared prompt and Windows-style newlines (\r\n) in the problem state-
ments. Minor formatting discrepancies in pre-training data, especially when they vary across sources, can
significantly influence how models respond to such inconsistencies. We have observed interactions of this
kind across many of our experiments, complicating the interpretation of results and increasing the likeli-
hood of misinterpretation by both new and experienced researchers.

NLL evaluations are more robust to such issues. At every prediction step, the model is conditioned on
the ground truth prefix. This teacher-forcing setup limits the degree to which a minor error can compound.
Our conclusions follow prior work showing that loss- or perplexity-based metrics can provide higher-signal
model-development feedback over tasks with formatting choices (Heineman et al., 2025; Du et al., 2024).

Complexity of construction. Building a high-quality Q&A evaluation requires substantial and carefully
coordinated effort. Multiple iterations of data collection, difficulty calibration, deduplication, and quality
control are typically necessary before an evaluation reaches an acceptable standard, and each stage must
be carried out in close collaboration with domain experts. Designing novel questions is itself a nontrivial
challenge, particularly at the frontier of domain knowledge.
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Figure 4. Pipeline for processing HTML pre-training data. We start with both a proprietary crawl and Com-
mon Crawl which goes through HTML extraction before filtering based on various heuristics. We then perform
exact and fuzzy deduplication, cross source deduplication, and embedding generation. This data is then further
processed by different pipelines; see Appendix A for the specifics of these pipelines.

By contrast, the barrier to entry for a NLL-based evaluation is considerably lower. Any topic-relevant
content can serve as an initial corpus, and subsequent improvements—such as imposing additional structure,
pruning to more representative samples, or incorporating more advanced material-translate directly into
incremental gains in evaluation quality.

2.4 Pre-training Data

MAI-Base-1 is trained on a mixture of publicly available and licensed human-generated data. We compile
a high-quality, diverse set of pre-training data covering web, public GitHub code, books, academic papers,
news, multilingual text, and domain-specific materials. We choose not to use language-model-generated
synthetic data for pre-training, and we make an effort to avoid and remove Al-generated content within
collected data sources (Appendix A).

All of our pre-training data is processed in-house from one of our base sources: HTML and PDFs from
the web, books and journals, and public GitHub code. We do not use any open source training datasets,
and we exclude common machine learning repositories from our web data, such as huggingface.co and
similar sites. We repeatedly found careful iteration on data quality, not just quantity, to be paramount not
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https://huggingface.co

Source family Knowledge cut off date

Web HTML pages September 2025
Web PDFs December 2025
Public GitHub Code  June 2025
Books and journals ~ March 2026

Table 4. Knowledge cut off dates for our training data sources.

only for pre-training results, but also for downstream performance on reasoning benchmarks. The subsec-
tions below describe the common techniques we apply when processing each of our major data sources. For
specifics on the data pipelines for each individual source, with full technical details, see Appendix A. An
overview of our data processing pipeline for web data is shown in Fig. 4.

2.4.1 Data Sources, Licensing, and Governance

The publicly available portion of our data is collected in accordance with applicable terms of use and industry
standards for web controls. For web data, we use a proprietary crawler that respects the Robots Exclusion
Protocol (robots.txt) and related meta-tag and HTML controls, enabling site owners to manage how
content on their sites is accessed and used. We also exclude sources that violate Microsoft Responsible Al
policies or appear on the Office of the United States Trade Representative (USTR) Notorious Markets list.

Our training corpus also includes datasets acquired from third-party providers through commercial
agreements. Third-party datasets are subject to diligence processes to assess data fidelity, ownership, and
applicable usage rights, and are governed by confidentiality terms and conditions. Knowledge cut off dates
for the various sources are shown in Tab. 4.

We did not use private customer data or data from Microsoft products and services for pre-training,
except where users have explicitly opted in or where use is covered under applicable agreements, with respect
for user opt-outs. Prior to training, our entire corpus is processed using PlI-risk and safety filtering; details
on these steps can be found in Appendix A. For privacy, legal, safety, and competitive reasons, we do not
disclose the full list of datasets or data providers.

2.4.2 HTML Extraction

A large portion of our data comes from the web, where trainable content needs to be extracted from the raw
HTML. There are many ways to do this, and resulting quality differences can often be quite subtle. Some of
the content we are most interested in — mathematics, code, etc. —is not represented in a consistent way across
the web, and many off-the-shelf methods end up dropping large amounts of this key data, while retaining
the surrounding text. Tables and other structured content are also often quite important, but preserving this
data requires some care.

We do not use a single extraction method for all sources; instead, we apply different approaches depend-
ing on the structure and reliability of each domain:

+ Source-specific structured parsers are used for standardized formats such as HTML or XML, where
schema-aware parsing enables accurate conversion into textual representations.

+ Hand-crafted extractors, implemented with tools such as BeautifulSoup (Richardson, 2026), are applied
to domains that exhibit consistent structure but are not well handled by our general heuristics, or where
the value and volume of content justify additional engineering effort.

« LLM- and agent-based processing is employed for domains requiring targeted extraction, normalization,
or semantic filtering beyond what deterministic rules can provide (Mahabadi et al., 2025). In all cases
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where we use this approach, the LLM only ever chooses to keep or remove text from the original source
text and is unable to add additional synthetic content to the output.

+ Training on raw content is used when further processing risks discarding important information. For ex-
ample, Wikipedia’s bespoke markup language, wikifext (MediaWiki, 2026), lacks mature tooling compared
to HTML, and elements such as infoboxes are not always faithfully preserved by existing parsers. Although
wikitext is roughly 3x more verbose, we find that training on the complete raw markup yields better re-
sults than relying on stripped-down conversions. For high-value, low-volume sources like Wikipedia, this
tradeoff is well justified.

2.4.3 Deduplication

Models at the scale and sparsity of ours possess an exceptional capacity to acquire and recall detailed knowl-
edge. While this capability is central to their effectiveness as generalist systems, it also increases the risk
of memorization and overfitting to training data (Lee et al., 2022; Abbas ct al., 2023). When memorization
occurs, the model fails to generalize the underlying concepts, leading to degraded performance in other
domains. A primary driver of such overfitting is repetition within the training corpus.

Large-scale web data contains substantial redundancy: many documents are near-duplicates, differ only
by minor formatting changes, or are replicated across multiple sites. Without careful filtering, a model may
be exposed to numerous instances of the same content. As model capacity increases, the impact of this
redundancy becomes more pronounced. In particular, predictive scaling behavior is sensitive to the effec-
tive number of unique tokens: larger models show degraded scaling when trained on corpora with reduced
novelty, because they exhaust the supply of new information earlier. Once the dataset’s unique content is
saturated, additional training tokens provide little benefit, limiting further improvement. Across many ex-
periments, we consistently observe that rigorous deduplication and removal of redundant data improve both
pre-training metrics and downstream reasoning benchmarks.

Given the importance of limiting redundancy, our pipeline incorporates multiple deduplication stages,
each targeting a different class of redundancy. All of our data, regardless of source, receives one or more of
these deduplication treatments. For the specifics on how each of the sources (web HTML and PDFs, books
and journals, public GitHub code) is handled, see the full technical details in Appendix A. Here we describe
the variety of techniques that we employ:

* Boilerplate removal. Web HTML pages often contain repeated boilerplate text. Using line-occurrence
statistics within and across documents, we remove elements such as headers, navigation bars, footers, side-
bars, and redundant paragraphs introduced by parsing artifacts.

Exact duplicates. Identical content can appear multiple times due to republication across sites or repeated
snapshots caused by system-level faults. We remove all exact byte-level and hash-level duplicates.

Fuzzy duplicates. We apply MinHash Locality-Sensitive Hashing(LSH) based fuzzy deduplication (Broder,
1997) with a similarity threshold of 0.8, following the configuration of Smith et al. (2022).

Templated web pages. Many sites generate pages from a shared template with only minor lexical variation
(e.g. calculator” web pages with raw arithmetic tables). We skeletonize each page to its most frequent
tokens and perform fuzzy deduplication over these templates to eliminate large families of near-identical

pages.

Semantic duplication. Documents produced independently can still be highly similar due to shared con-
text or canonical problem formulations. This is especially common in code datasets, where well-known
programming exercises recur across homework sets, exams, interviews, and competitions. Although au-
thored independently, solutions often converge (e.g., standard traversals of a binary search tree). Such
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clusters are abundant in organic datasets, and removing them improves model robustness and task di-
versity (Sorscher et al., 2023; Abbas et al., 2023; Tirumala et al., 2023). We use an Qwen3-Embedding-
0.6B (Yangctal., 2025) model to identify semantically similar documents and retain only a limited number
of representatives per cluster.

We apply these deduplication techniques both at the early stages of each processing pipeline and again
across datasets as a final step before training. Historically, we managed overlap among training sources us-
ing explicit filters—for example, excluding the Wikipedia domain from all web-crawl data. However, as the
diversity and coverage of our sources have increased, and as our processing pipelines have become more
complex, opportunities for unintended overlap across datasets have grown.

To address this, we perform cross-dataset deduplication using a global drop-order over datasets. When
fuzzy or semantic duplicates are detected, the instance is retained only in the highest-ranked dataset in which
it appears and removed from all datasets with lower drop-order priority. The choice of drop-order is there-
fore critical when interpreting experimental results and assessing the contribution or value of individual
datasets. Modifications to one dataset can introduce new overlaps, effectively shifting data from one source
to another even when no new content has been added.

2.4.4 Filtering and Categorization of Data

A central goal of downstream processing is to convert large, heterogeneous raw corpora into data that is
both useful for pre-training and controllable for data mixture optimization (Sec. 2.5). Across sources, we
first remove data that is unlikely to contribute positively to training, including spam, restricted or policy-
sensitive content, and other source-specific noise. We then categorize the remaining data into interpretable
buckets, such as quality tiers, language groups, topical categories, educational value, educational level, source
type, and domain-specific subcorpora.

The exact filtering and categorization strategy varies by source, since different corpora expose different
signals and failure modes. We therefore apply and combine several classes of techniques:

+ Leveraging metadata signals, such as domain names, filenames, repository metadata, PDF creator and
producer fields, and document-level metadata.

 Source-specific heuristics, such as web text-quality filters, OCR-artifact filters, math-aware filters for
STEM content, and path- or content-based filters for generated code.

« Learned classifiers, including fastText-style classifiers (Joulin et al., 2016) and embedding-based models
for language, topic, educational value, educational level, quality, and other semantic attributes.

Prompted LLMs, used selectively for higher-value or more ambiguous decisions such as section-level ex-
traction, quality judging, and nuanced topic labeling.

Manual exploration and labeling, used to identify failure modes, validate filtering precision, audit high-
impact source categories, and construct training data for classifiers and LLM judges.

Together, filtering and categorization transform processed source corpora into a structured collection
of data buckets. Filtering improves data quality by removing low-value or problematic content, while cat-
egorization organizes the remaining corpus into interpretable dimensions that are useful for data mixture
optimization. This structure enables controlled ablations across source families, quality tiers, topics, educa-
tional levels, languages, and source-specific formats. Further implementation details for each major source
are provided in Appendix A.

2.4.5 Data Ablations

Each processed pre-training dataset goes through rigorous ablation. We use two approaches for data ablation:
single-source ablation and scaling-ladder ablation. Single-source ablation is an isolation methodology used to
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Figure 5. An illustrative example of the frontier of data mixing. 183 models are trained from scratch with equal
TPP at 3 different model scales on 61 diverse mixtures of Web HTML, Code, and other data. The solid line
indicates the frontier of validation loss performance for Web HTML and Code. Models on this Pareto frontier
are the mixtures where these two components dominated, and those off the frontier had a larger fraction of the
‘other’ subset.

quantify the marginal utility of a specific dataset, and attribute its contribution to NLL-based evaluations.
We upweight the target data to 50% in the mixture and train from scratch. For scaling-ladder ablations, we
use the scaling ladder described in Sec. 2.2.1 and ablate the data within the full mixture to forecast how a
data-curation decision will perform at the final target scale and token horizon, in the context of all other
datasets. Data-source downsampling is performed in the ladder ablation to mimic the multi-epoch nature of
the target model.

2.5 Selecting a Data Mixture for Training

The data sources sampled during training and their relative proportions significantly affect the resulting
model. Given a fixed compute budget and a corpus of hundreds of heterogeneous sources, we must determine
how to weigh them.

To achieve this, we first define an objective function. As illustrated in Fig. 5, a given set of target capabil-
ities (e.g., coding or general knowledge) can yield multiple Pareto-efficient mixtures, where it is impossible
to improve one capability without degrading another. We must therefore assign relative importance to these
different capabilities. Specifically, we choose to minimize Equation 3, an aggregate over a suite of held-out
NLL evaluations.

Optimizing the data mixture requires balancing trade-offs between domains of interest, data quality, the
volume of unique tokens available, and the maximum number of times a dataset can be repeated before
encountering diminishing returns or overfitting.
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2.5.1 Challenges to Optimization

The choice of datamix has a significant influence on the resulting model, and so we want to take a principled
and structured approach to this problem. An effective technique must deal with several challenges:

+ The definition of utility. How do we concretely define the goal against which to optimize? Our overarching
goal is to develop models that are effective in real-world use, but running a full post-training process for
each candidate data mixture would be prohibitively expensive.

Vast search space. As the number of datasets grows to the hundreds, the space of datamixes is so large that
an exhaustive search is not computationally feasible.

Scale-dependent effects. One data source may be particularly useful for models at smaller scale, while
another is more useful at large scale (Ye et al., 2025).

+ Cross-dataset interactions. Datasets are both complementary and substitutive for each other in different
ways. The utility of a dataset cannot be measured independently of the rest of the mixture.

+ Multi-epoch effects. Datamixes cannot be evaluated in isolation: training horizons matter (Chen et al.,
20262). While tempting, placing high weight on high quality but small datasets can lead to diminishing
returns when the training horizon is large, as the dataset ends up being consumed many times. In the worst
case, this can lead to overfitting.

+ Compute cost. Training many models with various data mixes quickly becomes expensive, especially when
trying to explore an extremely high dimensional search space.

2.5.2 Forecasting-Based Approaches

One class of approaches to data selection is to train many models at significantly smaller scale and then build
a predictive model over these model’s evaluation results. From these fit-functions on the smaller models, one
can try to estimate the globally optimal data mixture or, at least, guide the search. This family of approaches
includes methods like RegMix (Liu et al., 2025b). One key feature of these techniques is that by relying on
small models, they enable rapid iteration.

We experimented with variants of these methods, sampling data mixtures based on a baseline mixture
and training several thousand small models, each with between 760M and 4B active parameters (L12-L36
models as per Tab. 1) — examples of the Web / Code data frontier are shown in Fig. 5. For each model, we
compute our full NLL suite looking at correlations between different data subsets and different evaluations
- both aggregated and individual — an example of which is shown in Figs. 5 and 7. Ultimately, we assign a
single score for each mix, as given by Eq. 3 in Sec. 2.3, which we attempt to globally optimize (minimize).

A case of scale dependence in practice. During our data-mixing experiments, we uncovered an em-
pirical finding that challenged one of our core scaling assumptions: the idea that the relative ordering of
two datamixes — which one yields better evaluation performance — is preserved as compute increases. This
assumption, often referred to informally as the rank invariance hypothesis (Liu et al., 2025b), is appealing
because it suggests that inexpensive small-scale experiments can reliably guide decisions for large-scale runs.
However, we found this to not always be the case.

In an earlier model generation, we sought to measure the sensitivity of coding and STEM reinforce-
ment learning to pretraining data mixtures. We produced two candidate mixtures with different mixture
optimization methods and weightings of our evaluations: a code-heavy-mix (approximately 50% code,
predicted to be especially strong on our Coding category) and stem-heavy-mix (STEM data significantly
upweighted, to target the STEM and Math categories). Intermediate scale verifications were run, followed
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Figure 6. Rank non-invariance in data mixture scaling. (left): stem-heavy-mix performs better on a held-
out STEM NLL evaluation at small scale, but code-heavy-mix performs better at larger (23B) scale. (right):
NLL of the STEM evaluation throughout training for the two 23B active parameter models for different data
mixtures.

by 23B active parameter models on each mixture for approximately 20T tokens (roughly equivalent to L66
as per Tab. 1). No changes were made other than the weighting of the training sources.

Results are shown in Fig. 6. As expected from the low-scale results, stem-heavy-mix outperformed
code-heavy-mix on NLL STEM evaluations early in training. However, the STEM evaluation curves
crossed midway through training, with code-heavy-mix eventually surpassing stem-heavy-mix. This
contradicts the hypothesis that the relative ranking of datamixes is preserved as training compute is scaled
up.

From inspection of training and validation loss trends of individual sources, we identified two data
sources that had high quality STEM content, but more fuzzy duplication than our other datasets and
less diversity of content. These two sources had 11.8% weight in stem-heavy-mix, but just 0.3% in
code-heavy-mix. Our hypothesis is that these sources were very helpful for the smaller model, but their
lack of diversity was inherently less useful at larger scale.

Following this result, we have put more emphasis on the scaling performance of candidate data mixtures
in addition to their performance at a fixed experimental scale. Furthermore, in future data mixing studies,
we paid extremely careful attention to the scaling properties of data mixes via our ladder approach.

2.5.3 Final Mix Selection

Because of the high number of datasets and our desire to validate them across multiple scales, we adopted
a hierarchical approach to improve on our previous best data mix. We divided the data into about 10 cat-
egories such as coding, STEM, PDFs, and general web. Then we performed alternating local and global
optimizations:

+ Local Search. We keep all high-level categories fixed, and locally vary the weights within a single subset —
for example, varying the weights between code files, PRs, and commits while keeping general web, STEM,
etc. weights frozen.

* Global Search. We keep the relative make-up of each high-level bin fixed, and vary the relative weight
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Figure 7. For a vendor-created graduate level physics evaluation set, we show the relative contribution of different
datasets (lower NLL is better). We sample different datamixes, train on each of them, and evaluate the resulting
models; then, we look at correlations between the final NLLs and the mixes’ data composition. We see clear
positive trends with our PDF datasets, math and STEM data extracted from the web. Our general web corpus is
mostly neutral, while adding more code to the mix (instead of others) does not seem to help with Physics.

between different subsets (e.g., up-weighting STEM and PDFs and reducing the weight of all other com-
ponents). Fig. 7 illustrates how this process works.

Throughout these searches, we cap the maximum number of repetitions of any given dataset at 8, to safe-
guard against overfitting and the diminishing returns from looping over the same data multiple times (Chen
et al., 2026a).

After performing multiple iterative rounds of global and local data optimization, we selected a few
promising candidate mixtures that minimized our NLL objective function. We trained these models for
approximately 2.8 x more compute than that used for global mixing and selected the best candidate. After
these adjustments to the data mix procedure, we saw good scaling in this scale-up validation step, where the
optimal candidate no longer changed with scale.

Tab. 5 summarizes the resulting composition. Each source family contains several datasets, and the num-
ber of epochs per dataset varies. Some datasets could potentially belong to several categories (e.g., 2a STEM
dataset in French), and for the table, we assign each dataset to the first matching row from top to bottom. In
our final mixture, we end up with around 300 billion high-quality math tokens. These are sampled 5.28 x
on average, the most of any source family. The bulk of our training mixture is coding data however, coming
in at 16.4T training tokens, with just over 2 epochs on average. Our web text and PDF data are each seen less
than once on average (0.55x and 0.53x), meaning the full available corpus of those sources is not exhausted
even over a 30T-token run. Note that for both PDFs and Web text, math and stem components are counted
in subject-specific categories. Our multilingual corpus is the most aggressively downsampled: 81T unique
tokens are available, but the final mix consumes only 0.5T (0.06x) — again noting that domain-specific mul-
tilingual data is included within different categories.
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Source family Unique tokens (T)  Training tokens (T) Mix Percentage (%) Avg. Epochs

Code 7.4 16.4 54.6 2.22x
STEM 2.2 4.7 15.8 217x
Math 0.3 1.6 54 5.28x
Books and journals 0.6 0.9 31 1.65x
PDFs 2.7 14 4.7 0.53x
Web text 8.1 4.5 14.9 0.55x
Multilingual (other) 8.1 0.5 1.6 0.06 %
Total 29.2 30.0 100.0 1.03 %

Table 5. MAI-Base-1 pre-training data composition. Unique fokens is the deduplicated token count per source
family. Training tokens is the number of tokens consumed from that family over the full run. Avg. Epochs is the
ratio of training tokens to unique tokens; values above 1x indicate repeated sampling.

We continue to iterate on our data-mixing objective, the NLL-based evaluations that compose it, and the
algorithms used to propose new candidate mixtures, as each of these components has a substantial impact
on the final datamix. Understanding end-to-end scaling behavior — and identifying the metrics that most
reliably predict downstream performance during pre-training — remains a fundamental open challenge, one
for which we believe significant headroom still exists.

2.5.4 Mid-training Data Mixture

After pre-training, MAI-Base-1is mid-trained in two sequential stages as described in 2.6.1. The mid-training
data is drawn entirely from the pre-training corpus (Sec. 2.4); no new or synthetic sources are introduced.
We instead curate a higher-quality subset by filtering and re-weighting the existing mixture, then re-pack
the result at longer sequence lengths for context extension.

Overall, we further bias the mixture towards STEM, math, and code to build a strong foundation for
reasoning RL climbs (Wang et al., 2025b). Starting from the pre-training mixture, we increase the propor-
tion of STEM/math data to 35%, keep code at 55%, and assign the remaining 10% to background sources.
Within each category, we locally tune weights according to single-source microanneals (Team OLMo et al.,
2024), optimizing the same NLL-based objective used during the pre-training mixture search, augmented
with long-context NLL tasks (Sec. B.2) for context extension. Additionally, we apply quality filtering to a
select set of STEM and code sources as described below.

STEM reasoning data. To improve performance on reasoning tasks, we filter documents primarily from
the pre-training PDF corpus using the content quality taxonomy introduced in (Essential Al etal., 2025). We
define a Bloom Analyze heuristic that keeps documents with high technical correctness, at least intermediate
reasoning depth, and a Bloom cognitive processing level at or above Analyze (Anderson and Krathwohl, 20071).
We also remove documents with extraction artifacts or missing primary content. This filter keeps documents
with structured reasoning and analysis, rather than simple factual statements.

Code data. Code data undergoes two additional steps for mid-training. First, we perform file extension
filtering on a per-quality-bin basis, where repositories are grouped into three tiers by a repo-level quality met-
ric. For example, common web assets (HTML, CSS, SVG) are retained in top-tier repositories where they
typically belong to larger frontend projects, but are removed from lower-tier repositories where they are pre-
dominantly low-quality standalone pages. Second, we introduce file-level document formatting alongside
the existing repo-level format from pre-training, treating repository understanding and individual file un-
derstanding as complementary tasks, which improves generalization on internal file-local NLL benchmarks.
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Memorization-aware epoch capping. In addition to filtering for quality, we cap data source exposure
during mid-training to avoid overfitting sources that appear highly memorized by the end of pre-training.
We estimate this using a per-source validation proxy: the fraction of validation loss improvement between
two pre-training checkpoints that comes from tokens predicted with near-certainty (NLL < 0.01). A higher
fraction indicates significant NLL reduction due to memorization or highly repeated structure. We assign
stricter epoch caps during mid-training for such sources while allowing proportionally more exposure to
those with smaller values.

Long context data mixture. Mid-training introduces two stages for extending the context window of
MAI-Base-1 to 64k and then 256k as described in Appendix B. In both phases, we re-pack the data at the
longer sequence length without modifying mixture weights. Doing so allows us to minimize distribution
shift while significantly reducing truncation of existing high quality long context documents (e.g., instruc-
tional or academic texts).

2.6 Training Recipe

MAI-Base-1 was trained in three phases with progressively increasing sequence lengths: pre-training, mid-
training phase 1, and mid-training phase 2. We describe their training recipes below.

2.6.1 Training Phases

Tab. 6 shows the number of tokens drawn from the data mixes described in Sec. 2.5.3, context length and
the number of GPUs used for different phases. We use expert parallelism 64 with ZeRO-2 for pre-training
and mid-training 1, and we enable ZeRO-3 (FSDP) for mid-training phase 2. Context parallelism is used for
the mid-training phases. The training uses our in-house large-scale training framework (Sec. 2.8).

Phase Tokens Contextlength GB200 GPUs
Pre-training 30T 16,384 8,192
Mid-training 1 34T 65,536 8,192
Mid-training 2 150B 262,144 4,096

Table 6. Training specifications across phases for MAI-Base-1.

2.6.2 Hyperparameters

MAI-Base-1 is optimized with AdamW (Loshchilov and Hutter, 2017) (81 = 0.95, B2 = 0.925, ¢ = 107%)
and a constant weight decay of 0.1, with reduced weight decay on attention weights (0.01) and embedding
weights (0.005) to limit regularization on parameters that benefit less from it. The global gradient norm is
clipped to 1.0. The learning rate follows a linear warmup of approximately 12 B tokens, then decays along a
cosine schedule from a peak of 2 x 10~ to a minimum of 2 x 10~°—a final-to-peak ratio of 0.1 x rather than
the more common 0.01 x as we found that decaying the LR less improved post-RL results. We apply dropout
0.15 at each layer’s output before the residual add. While high dropout is not standard practice to our knowl-
edge, we find it provides complementary regularization effect alongside weight decay, and observe that it
improves performance on evaluation tasks measured by the scaling ladder. By default the model weights are
initialized from a zero-mean normal distribution with a standard deviation of 0.02, and the output projec-
tion weights preceding residual additions are scaled down by the inverse square root of the total number of
residual connections in the model (Radford et al., 2019).
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Figure 8. (a) With random initialization, the attention layer initially produces collapsed representation by es-
sentially performing causal mean pooling across the sequence dimension. High correlations between different
rows can be observed in attention’s contribution, which reduces diversity in token representations and leads to
high imbalance of the subsequent MoE layer. (b) With attention layer’s output initialized as zero the token distri-
bution in MoE layers is better behaved. The violation rate for an expert is its fractional deviation from the mean
token count across experts.

All phases use a global batch size of 134 M tokens. The mid-training phases inherit the pre-training hyper-
parameter setup unless otherwise specified. Mid-training phase 1 uses a cosine decay learning rate schedule
with a peak learning rate of 2 x 107° and a minimum of 1 x 10~°, without warmup. Mid-training phase 2
uses a constant learning rate of 1 x 1079, also without warmup.

Attention initialization. Upon initialization, the attention softmax is close to uniform, which effectively
performs average pooling over tokens subject to the causal constraint, as illustrated in Fig. 8. This behavior
reduces the diversity in token representations and can lead to highly imbalanced routing in subsequent MoE
layers, increasingly so with depth. To address this, we initialize the attention output to zero, achieved by
setting the output RMSNorm gains to zero. This means the model initially behaves like a stack of feedfor-
ward layers applied to individual tokens, while the cross-token interactions captured by the attention layers
gradually kick in over the course of training. We confirmed that the significant reduction in initial peak
imbalance achieved through this method translates to quality gains as measured by EG (see Sec. 2.2.2).

2.6.3 Numerical Precision

For model training our default weight and activation data type is BF16. We use FP8 E4M3 for GEMMs in
the forward pass, FP8 ESM2 for the data-gradient, and BF16 for the compute of the weight-gradient with
FP32 gradient accumulation (Micikevicius et al., 2017, 2022). All FP8 operations use delayed scaling with a
1024-step history of the absolute maximum value.

We use FP32 in a number of numerically sensitive locations. For activations, this covers any pre-softmax
activations (attention scores, MoE router logits, and the final output logits), MoE combine, and the entire
residual stream all the way from the input embedding to the output. For parameters, this includes the em-
bedding weights, RMSNorm weights, and router weights. The main parameters and the momentum buffers
in the optimizer are kept in FP32, as is all the AdamW computation. The data-parallel all-reduce and the
micro-batch gradient accumulation buffers run in FP32. The MoE routing and the final vocabulary weight
GeMMs are also both kept in FP32.
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Figure 9. Pre-training loss curve for MAI-Base-1 (35B active / 1T total parameters) over 30T tokens, shown
without smoothing. Loss recovered quickly from several early-stage spikes. No training batches were skipped,
and no manual interventions were made to the training configuration mid-run.

We fuse casts with adjacent operations (e.g., RMSNorms) where possible. Stochastic rounding (Zamirai
et al., 2020; Ozkara et al., 2025) is applied when gradients flow from higher to lower precision. This oc-
curs because the computation precision within a layer is lower than that of the residual stream, so gradient
downcasts are required in the backward pass.

2.6.4 Training Loss Curve

The training loss curve of MAI-Base-1 is presented in Fig. 9, without smoothing. Several spikes appeared
early in training, but the loss value recovered quickly in each case and we continued the run without inter-
ventions. From runtime logging we identified that the spikes predominantly affected coding datasets and
correlated with high expert imbalance under dropless routing: a disproportionate concentration of tokens
in a few experts.

2.7 Evaluation and Comparison with Contemporaneous Models

In this section we compare MAI-Base-1 with contemporaneous base models available, over a subset of the
same NLL evaluations that we use for development, as discussed in Sec. 2.3. One of them is based on the
source code for our internal training stack (Sec. 2.8); the others were commissioned from vendors, so we
are confident that they were not in the training set of any models. We do not use multilingual benchmarks
described on Tab. 3 which are drawn from public sources that we excluded from our own training, but are
unable to make a reliable comparison with those.

We focus on pre-training base models in this comparison and report bits-per-byte (BPB) values which are
invariant across tokenizers. NLL evaluation is not possible through most model APIs, so we have focused on
open-weight models hosted on huggingface.co: DeepSeek v3.2 (DeepSeek-Al et al., 2025b)°, DeepSeek
v4 Pro (DeepSeek-Al, 2026)%, Kimi-K2 (Kimi Team et al., 2026)° and Gemma4-31B (Gemma Team, 2026)°,
In addition, we include one of our previous-generation 23B models that was also trained for 30T, allowing
us to quantify our progress.

The results are summarized in Fig. 10. MAI-Base-1 shows a clear advantage over models with a simi-
lar number of active parameters, achieving lower bits-per-byte across all four held-out tasks. DeepSeek-v4
achieves the best results, with 1.4 x active parameters and 1.6 x total parameters relative to MAI-Base-1. Our

3deepseek-ai/DeepSeck-V3.2-Exp-Base
“4deepseek-ai/DeepSeek-V4-Pro
Smoonshotai/Kimi-K2-Base
6google/gemma-4-31B
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Figure 10. Bits-per-byte (BPB) comparison of base pre-trained models across four held-out evaluation tasks
(lower is better). MAI models are illustrated in yellow. We also provide an additional data point with 23B (L66
from an older version of our ladder 2.2.1), a prior run of ours trained over the same number of tokens (30T) with
the MAI-Base-1. The internal held-out evaluation tasks used are described in Sec. 2.7.

23B model outperforms the DeepSeek v3.2 base model while using only 62% of its active parameters and a
comparable number of total parameters.

2.8 YOLO: Distributed Training at Scale

You Only Launch Once (YOLO) is MAT’s in-house framework for large-scale training used throughout the
development cycle of MAI-Thinking-1. YOLO is built on top of PyTorch (Paszke et al., 2019) and sits inside
the scheduling and runtime stack described in Sec. K.3.

YOLO is designed to support all phases of large-scale model training, including pre-training, mid-
training, supervised fine-tuning, and (the training aspect of) reinforcement learning. It implements the
core training loop including our model definition, sharding, optimizer, dataloading and checkpointing.
We built YOLO from scratch to give us full end-to-end control over the training stack: from kernels to
parallelism to scheduling. YOLO draws from the experience of large-scale training frameworks such as
Megatron-Core (Yan et al., 2026), DeepSpeed (Rasley et al., 2020), and TorchTitan (Liang et al., 2024) and
is co-designed and deeply integrated with the rest of our compute infrastructure and model training. This
allows us to equally prioritize training speed, goodput, determinism, flexibility, and developer agility as
the compute environment and model architecture evolve. The following section describes YOLO’s main
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components and how they enable optimization with our design principles.

2.8.1 System Overview

YOLO consists of a set of building blocks that implement the Transformer model, as well as the training loop
and any supplementary components such as dataloaders, checkpointing, logging and observability.

Kernels. To efficiently support the numerical recipe at scale (2.6.3), YOLO includes a suite of custom ker-
nels written in Triton, CUDA, CuteDSL, and CUTLASS. These comprise FP8 GEMM kernels optimized
for the forward and data-gradient computations with support for FP8 delayed scaling; grouped GEMMs for
MoE that improve efficiency when each GPU hosts multiple experts—typically 8 in our pre-training runs
(512 experts with expert parallelism size 64)—and support all mixed-precision execution modes, including
FP8 delayed scaling; and fused quantization kernels that quantize both the original and transposed tensors
needed for the backward pass while applying scale-factor swizzling for memory efficiency, with casts ad-
jacent to RMSNorm layers fused into the normalization kernels where possible to reduce overhead. In ad-
dition, the non-grouped quantization kernels support Cluster Launch Control (CLC), a Blackwell-specific
feature for dynamic kernel load balancing.

Tensor sharding. YOLO uses combinations of different forms of parallelism, depending on the model
size and cluster infrastructure for individual training runs. To enable fine-grained control over how indi-
vidual tensors in the model are sharded, YOLO implements a set of custom sharding annotations, similar to
JAX (Bradbury et al., 2018) or PyTorch’s DTensor (Paszke ct al., 2019). Sharding annotations describe how
tensors are partitioned or replicated across n-dimensional cartesian meshes and can be used to group tensors
by their sharding type. The underlying mesh onto which each tensor is partitioned sits on top of a PyTorch
communicator that exposes the collective- and point-to-point communication primitives for that tensor. We
deliberately keep annotations purely descriptive, meaning they do not automatically insert communication
primitives into the computational graph to avoid creating accidental synchronization points.

YOLO’s distributed tensors give us the flexibility to define the sharding for each parameter in the model
independently. This allows flexible tensor-parallelisms within our model. For example, we use tensor-
parallelism for embedding, loss, and attention weights, but not for MLP and MoE weights. Another example
is that we can use varying degrees of data parallelism between tensors that belong to an MoE or non-MoE
layer (referred to as parallel folding (Yan ct al., 2026)).

Parallelism. Based on the distributed tensor, YOLO implements all commonly used forms of parallelism:
data parallelism, tensor and context parallelism, expert parallelism, and pipeline parallelism (Huang et al.,
2019; Qi et al., 2023).

+ Data parallelism. YOLO uses custom versions of ZeRO stages 1-3 (Rajbhandari et al., 2020) built from
scratch to work with our optimizer and performance optimizations. The implementation groups param-
eters by their unique shardings, data types, and configurable ZeRO-units, and combines all parameters
and gradients into contiguous buffers. This minimizes the total number of collectives required for gra-
dient reduction and ZeRO 1-3. Furthermore, our ZeRO implementation breaks parameters into multi-
dimensional chunks so that they remain compatible with slicing for distributed checkpointing and to avoid
reordering before and after executing collectives. YOLO’s ZeRO implementation always stores parameters
in sharded form, regardless of the ZeRO stage. This simplifies the implementation of distributed AdamW,
as the optimizer state is always automatically sharded as well. The main difference between the ZeRO
stages is when and how often the buffers for gathered parameters or gradients are cleared. E.g., for ZeRO-
1, parameters are all-gathered during the first forward pass and only cleared after the final micro-batch,
whereas for ZeRO-3 (FSDP), parameters are cleared right after their usage.
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Tensor parallelism in YOLO is implemented via column-parallel and row-parallel GEMMs, in which both
activations and weight tensors are sharded across the same number of ranks (commonly referred to as
sequence parallelism) (Shoeybi et al., 2019; Korthikanti et al., 2023). Any additional sharding of activations
tensors beyond the degree of the weight sharding is treated as context parallelism in the attention layer and
as data-parallelism otherwise.

+ Context parallelism. YOLO uses Ulysses-style context parallelism (Jacobs et al., 2023), in which activation
tensors are re-partitioned via a parallel matrix-transpose (all-to-all) to move the sharding of the sequence
dimension to the attention-head (hidden) dimension. For MAI-Base-1, context parallelism was only used
for long-context mid-training, whereas tensor/sequence parallelism was used for all training stages.

+ Expert parallelism. Initially, YOLO’s implementation of expert parallelism was similar to GShard (Lep-
ikhin et al., 2020) which uses all-to-all communication with static tensor shapes and a pre-defined capacity
factor. In later runs, we switched to a dropless MoE implementation that routes every token to its selected
experts using variable-size all-to-all communication. All pre-training runs use expert-parallelism within
the NVLink domain (with tensor-parallelism of size one) and data-parallelism across racks.

Activation checkpointing and offloading. When training MAI-Base-1 with ZeRO data parallelism, acti-
vations consumed the majority of the available high-bandwidth device memory (HBM). To reduce the mem-
ory footprint and enable expert parallelism within a single NVLink domain, YOLO supports both activation
checkpointing and offloading activations to host memory. Similar to frameworks such as Megatron-Core, ac-
tivation checkpointing can be configured at different granularities, ranging from recomputing one or more
full transformer layers to fine-grained recomputation of intermediate activations within a layer (e.g., recom-
puting the output of the activation function). Across all training phases of MAI-Base-1, we use a combi-
nation of transformer-layer checkpointing and fine-grained recomputation. Since the memory required to
store activations for checkpointing scales linearly with the number of transformer layers, YOLO also im-
plements activation offloading. Activation offloading complements checkpointing and introduces minimal
overhead as device-to-host transfers are executed asynchronously on dedicated CUDA streams using pinned
host memory.

Mixture of experts. Our MoE layer balances research flexibility with training efficiency. It supports
both dropless and capacity-capped modes, multiple load-balancing strategies (including global-batch load
balancing loss (Qiu et al., 2025; Yang et al., 2025) and loss-free (Wang ct al., 20244)), configurable top-k
scoring, fine-grained telemetry, and router replay for RL rollouts. For expert parallelism, we partition local
experts into groups of configurable size and pipeline the dispatch — compute — collect phases across
groups, so that all but the first dispatch and last collect overlap with expert computation; the remaining ex-
posed communication is overlapped with global load-balance computation and, optionally, shared experts.
To prevent imbalance-induced memory swings, fragmentation, and OOMs in dropless mode, we support
a static-memory dropless mode that runs multiple capped dispatch — compute — collect rounds per
group, each processing up to a fixed capacity of tokens. In the backward pass, we then perform per-expert-
per-round fine-grained recompute in order to avoid storing imbalanced activations. For performance, we
use custom Grouped GEMM and quantization kernels supporting all numerics recipes with low overhead,
and custom CuTe DSL symmetric-memory kernels for device-initiated, variably-sized, high-throughput all-
to-all communication over NVLink.

2.8.2 Determinism and Correctness

We enforce determinism in training for reasons including scientific reproducibility, developer agility, and
debugging system health, even at the cost of reduced training efficiency (e.g., MFU). For a fixed hardware
topology, model configuration, and software version, we ensure bitwise reproducibility in the pre-training
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process. In short, two training runs with the same hardware resources and configurations will produce
bitwise identical models. Determinism requires careful attention at several levels of the training stack:

+ Data pipelines. The ordering of training micro-batches is fixed for a given configuration of data-parallel
workers. While these workers asynchronously prefetch batches to hide I/0 latencies, we ensure that the
queue of pending batches is consistent across runs and restarts.

Training checkpoints. We store all stateful data including model weights, optimizer state, FP8 scaling
history, dataloader progress, and random-number generators.

* GPU kernels. Floating-point accumulation is non-associative, so reproducible reductions require control
over the order in which values are combined. Our training stack performs deterministic accumulations in
prescribed orders, rather than relying on unordered GPU atomics whose accumulation order is scheduler-
dependent. For example, RMSNorm backpropagation accumulates gradients using a two-stage tiled re-
duction: the first kernel materializes per-tile partial sums, and a finalization kernel reduces those partials
in a fixed order. Another example is the top-k selection for MoE routing: our kernel uses a stable sort to
avoid non-deterministic tie-breaking.

» Network collective communications. Similar to floating-point reductions within GPU kernels, collectives
such as all-reduce and reduce-scatter must be deterministic. We disable NVLink SHARP (Graham et al.,
2020) to ensure that the collective operations are deterministic at the cost of reduced performance. We
also enforce consistent NCCL topologies run-to-run so that intra-rack reductions always use the same ac-
cumulation order.

We also leverage determinism to build confidence in our numerical correctness as YOLO evolves. Our
tests track “golden” model configurations and compare for exactness against all training metrics (e.g., loss,
gradient norms, and weight tensor checksums). This does not mean that we disallow any changes to numerics
that result in a different training result; changes are expected when we make changes that affect floating-
point behavior (e.g., upgrade system software or GPU kernels). This gives us an explicit history of expected
numerical changes in our software history.

2.8.3 Fault Tolerance

Large-scale training must tolerate frequent hardware failures with minimal effect on training efficiency.
YOLO’s fault-tolerance approach combines distributed checkpointing and fast-failover to hot standbys to
minimize lost training progress and downtime during failures.

Distributed checkpoint format. We build on PyTorch’s distributed checkpointing library (DCP), which
deduplicates replicated state across ranks and supports tensor resharding at load time. We rewrote DCP’s
metadata creation and serialization paths to lower CPU memory overhead, reduce Python garbage collection
pressure, and accelerate serialization/deserialization. Collectively, these optimizations reduced both CPU
memory overhead and checkpoint save time by more than 10x. In our implementation, only the public
APIs and the core logic for mapping tensor shards to storage — the save plan — remain from the original
library. We also pre-compute DCP save plans and cache them in persistent storage, removing this expensive
computation from the critical path.

Asynchronous checkpointing. To minimize training downtime when saving checkpoints, we first copy
checkpoint tensors from device to host directly in the training processes, then offload the remaining work to a
separate checkpointing process while training proceeds. The checkpointing process writes data to persistent
storage via the frontend network and handles cross-rank coordination to atomically commit the checkpoint.
To support our scale, we replaced the standard CPU collective backend with a custom coordination layer
built on a shared key-value store. We further employ an opportunistic admission-control mechanism that
polls for completion of in-flight checkpoints and initiates the next one as soon as possible, while ensuring at
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most one checkpoint is in flight at a time. This approach, combined with careful host memory management,
allows us to checkpoint frequently while minimizing impact on training MFU.

Storage infrastructure. Our training data center has local Azure Blob Storage (Calder et al., 2011) that
provides low-latency, high-bandwidth access. This enables us to rely directly on checkpointing for fault tol-
erance without the need for intermediate node-local caches or cross-rank state replication. To avoid storage
hotspots at scale during checkpoint load when many ranks require the same replicated state, we load repli-
cated state once from storage and broadcast it via NCCL, eliminating single-blob fan-in hotspots that can
overload a single storage server.

Rapid job recovery. We achieve fast recovery through in-job restarts using Ray (Moritz ct al., 2018)
actors with hot standbys, eliminating the overhead of pod recreation. On GB200 systems, we explicitly clear
OS caches during actor restarts to prevent crash loops caused by out-of-memory errors when GPUs hold on
to residual memory from previous runs. Finally, we validate determinism after restarts by comparing to
historical loss metrics for recomputed steps.

2.8.4 Co-optimizing Performance with Model Architecture

The final architecture of M AI-Base-1 was the result of a continuous co-design process spanning five major
generations of the model (vl-v5). Each generation pursued two complementary objectives. First, we sought
to improve the efficiency gain and modeling capability of the architecture through changes to the model de-
sign, routing strategy, and training recipe. Second, we continuously improved training efficiency by identi-
fying performance bottlenecks and incorporating new infrastructure, kernel, communication, and memory-
management optimizations. As architectural changes altered the computational characteristics of the model,
they frequently introduced new system bottlenecks, requiring corresponding improvements throughout the
training stack.

We describe the architecture and infrastructure evolution of our models to highlight our approach to-
wards building large scale models. The two metrics that were tracked across each evolution are:

* Model FLOP Utilization (MFU) (Chowdhery etal., 2023), defined as FLOP/ (tsep- FLOPgpec ) which quanti-
fies training efficiency in practice. Here FLOP denotes the total number of floating point operations from
all leading-order compute kernels, including GEMMs and attention, but excluding memory-bound oper-
ations such as RMSNorm and activation functions. tgcp is the end-to-end training step time, including
data loading, forward and backward passes, communication, and optimizer updates. Although training
uses a mixture of FP8, BF16, and FP32 operations, we normalize MFU using the FP16/BF16 tensor core
throughput reported by NVIDIA (FLOPsspec = 2.5 x 10'® FLOPS per GB200 GPU for dense operations).
Operations introduced by activation checkpointing are not included in the FLOP count.

Efficiency Gain: Defined in Sec. 2.2.2, which captures the theoretical improvement in model efficiency
for achieving a given quality.

Tab. 7 summarizes the key architectural changes across model generations. Fig. 11 reports both the initial
MFU obtained when running the new architecture with the optimization stack from the previous generation
and the final MFU achieved after applying version-specific performance improvements. Across the develop-
ment of MAI-Base-1, more than twenty infrastructure and kernel optimizations were introduced, enabling
each generation to sustain an MFU above 20% despite substantial increases in model scale and architectural
complexity. Generations vO and v1 were early prototypes trained on H100 systems and are therefore ex-
cluded from Fig. 11.

Beginning with Version 2, all major training runs were conducted on GB200 NVL72 clusters. Version 2
of MAI-Base-1 (23B active parameters) was the first model version trained on a GB200 NVL72 cluster, using
4,096 GPUs in total. To improve system robustness, we used 64 GPUs per rack (NVL64), reserving spare
capacity to tolerate node failures and unhealthy devices. Version 2 adopts a deeper and narrower design
than earlier versions while maintaining a 23B active parameter budget, leading to relatively smaller hidden
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Model version v2 v3 v4 v5 (MAI-Base-1)
Active/Total params 23B/600B 23B/600B  23B/611B  35B/1T

Layers 54 54 66 78
Hidden 4352 4352 5632 6656
FFN 34816 34816 11264 13312
Down-proj Dim 4352 4352 4096 3072
Expert FFN 17408 17408 9216 10240
Expert capacity factor 2 o0 00 00
Top-k/Experts 4/192 4/192 8/512 8/512

Table 7. Architecture evolution during the development of MAI-Base-1. Here we report the target architectures
for large-scale infrastructure testing instead of the ladder models.

dimension. To maximize GEMM efficiency we selected an expert parallelism (EP) degree of 64 and tensor
parallelism (TP) degree of 1, ensuring that all expert all-to-all (A2A) communication remained within the
NVL64 domain. This configuration achieved an initial MFU of 18%. We used cross-rack InfiniBand (IB)
for data parallel (DP) communications (e.g., all-gather of parameters and reduce-scatter of gradients). We
maintained the same setup across subsequent versions.

Profiling revealed three primary bottlenecks: DP communication, deterministic attention kernels, and
expert routing overhead. Enabling GPU Direct RDMA support improved overlap between communica-
tion and compute and reduced end-to-end training time by approximately 1.1x. Due to the inefficiency
of FlashAttention-2’s (FA2) deterministic mode on GB200 and lack of availability of FA4, we developed a
custom block-sparse attention backend that improved step time by an additional 1.06x. Given the single-
micro-batch training configuration, we adopted ZeRO-2 optimizer sharding, which reduced gradient mem-
ory consumption without introducing additional communication relative to ZeRO-1. This allowed us to dis-
able additional activation recomputation and further improve performance by 1.03x. Finally, we replaced a
memory-bound PyTorch expert encode kernel, which utilized only 10% of available HBM bandwidth, with a
custom Triton implementation that achieved approximately 80% HBM utilization and improved end-to-end
performance by an additional 1.03x. Collectively, these optimizations increased MFU from 18% to 22%.

Version 3 retained the same overall model architecture but switched from capacity-constrained routing
to dropless MoE routing. From the efficiency gain point of view, this allowed us to use a better MoE load bal-
ancing policy. This also had a positive impact on MFU by eliminating expert-capacity padding, thus reduc-
ing both communication volume and expert GEMM computation. However, dropless routing introduced
new synchronization overheads because expert token counts and tensor shapes must be communicated dy-
namically during execution. To mitigate these costs, we overlapped token-count communication with other
runtime operations and moved synchronization points to dedicated streams. These changes allowed us to
realize the efficiency benefits of dropless routing while maintaining an MFU comparable to Version 2.

Version 4 introduced three significant architectural changes: the number of experts increased from 192 to
512, routing expanded from top-4 to top-8 expert selection and use of LatentMoEs. Increasing the number
of experts helped increase the learning capacity of the model, while latentMoE helped manage the A2A
communication cost with the increased number of experts. At the same time, the training job was scaled from
4,096 to 8,192 GPUs. LatentMoEs reduced expert GEMM sizes, making CPU launch overhead and kernel
efficiency substantially more important. As a result, the initial MFU dropped from 22% to approximately
16%. Use of FA4 deterministic kernels, (1.14 x over block-sparse attention backend) combined with several
improvements aimed at reducing CPU overhead and increasing runtime batching efficiency, boosted the
MFU from 16% to 20%.

Version 5 increased the active parameter count from 23B to 35B and total parameters from 600B to
1T. The larger model significantly increased both parameter and activation memory requirements. Initial
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Figure 11. Evolution of MFU and EG across pre-training configurations trained on GB200s. From v2 onward,
each model change improves EG but initially degrades MFU when running with the previous configuration be-
fore deploying optimizations. In total, we added 20+ optimizations to surpass an MFU of 20% for each pre-
training run. Note here we only list model changes with notable infrastructure implications—they are not the
only changes between the model versions that have contributed to the improved EG.

deployments therefore relied on ZeRO-3 optimizer sharding, but profiling showed that the additional pa-
rameter all-gather operations caused the backward pass to become communication bound. To address this
issue, we reduced GPU memory pressure through activation offloading, allowing the training system to re-
vert to ZeRO-2 sharding. Eliminating the ZeRO-3 parameter all-gather operations restored overlap between
communication and computation and improved overall training efficiency, enabling the final Version 5 con-
figuration to sustain an MFU of approximately 20%.

3 The Reinforcement Learning Climb

Pre- and mid-training give MAI-Base-1 broad predictive competence and knowledge, but they do not spec-
ify how the model should behave, solve long-horizon tasks, or allocate inference-time computation. Our
reinforcement learning (RL) climb addresses this by optimizing the model against task-specific feedback,
allowing it to produce chains of thought (CoTs) before responding, use external tools, interact with environ-
ments, and follow preference and safety signals.

As MAI-Thinking-1is our first in-house reasoning model, our RL climb starts from a checkpoint with no
prior exposure to reasoning traces. The model therefore has to develop its reasoning abilities from scratch,
making long-term training stability a central challenge. We enable this via three mechanisms: (i) two simple
but crucial adjustments to Group Relative Policy Optimization (GRPO, Shao et al., 2024), (ii) self-distillation
for resuming RL climbs after crashes or updates to the base policy (Sec. 3.1), and (iii) infrastructure improve-
ments that eliminate numerical mismatch between training and inference (Sec. 3.6).

To enable parallel development, we train three domain-specific specialist models: one model for STEM
and competitive code (Sec. 3.2), one for agentic coding and tool use (Sec. 3.3), and one for helpfulness and
safety (Sec. 3.4). The RL climbs for all specialists follow the same recipe but differ in the distribution of
prompts and what the model is rewarded for. As illustrated in Fig. 12, the specialist models are subsequently
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Figure 12. Overview of our RL climbs. We begin with MAI-Base-1 and train three specialist models using
reinforcement learning. These specialists are then distilled into a single consolidated model with simple SFT,
which undergoes a final RL stage to produce MAI-Thinking-1.

consolidated into a single model using supervised finetuning (SFT). A final lightweight RL climb turns this
consolidated model into MAI-Thinking-1, a model that performs strongly across all domains (Sec. 3.5).

3.1 Reinforcement Learning Recipe
3.1.1 RL Objective

Our reinforcement learning climb starts from a policy g (e.g., our mid-trained model). For a prompt g, the
rollout policy samples a group of G responses ¥;.¢, and each response y; receives a scalar reward:

Ri = R(q,yi). @)

The reward function R is domain-dependent; typically, it is either based on executing code or feedback from
a prompted Al judge or a trained reward model. We derive our training objective from GRPO (Shao et al.,
2024) with token-level policy gradient (Yu et al., 2025):

G Y
1 lyil

T(0) =y p(Q). i mZZmin(m,t(G) A;, clip(ri(0), 1—e, 1+e) Ai) , (5)
i=1 19t j=1 t=1

where P(Q) is the distribution over all prompts and 7,4 denotes the policy used to generate the rollouts. In
practice, the normalization is computed over all tokens in the global training batch (across all data-parallel
ranks), so that every token contributes equally regardless of response length. For response y; and token
position ¢, the importance-sampling ratio is

Ti,t(a) _ We(yi,t | q, yi,<t) . (6)
Wold(yi,t | q, yi,<t)

The response-level advantage A; = (R; — mean(R1.¢))/ std(R1.¢) is shared across all tokens in response y;.

We apply two modifications to this objective: adaptive entropy control, which dynamically adjusts the up-
per clip bound to maintain a target policy entropy, and an outer ratio clip, which caps the unclipped branches
of our objective to prevent gradient-norm explosions.

Adaptive entropy control. Similar to Yu et al. (2025) and Mistral-Al et al. (2025), we use separate lower
and upper clip bounds. We parametrize these using a single base hyperparameter ¢, which controls the base
trust-region width, together with an entropy-dependent relaxation k of the clipping upper bound:

i (0) = clip (ri(0),1 — €, (1—¢) "' + k).
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Figure 13. Adaptive entropy control during training. Top: observed entropy H (m) over 800 steps of an RL
climb with target entropy H* = 0.3. Bottom: corresponding values of k with kmax = 1.0: it is decreased when
the observed entropy exceeds the target and increased otherwise. Adjusting k provides an effective mechanism
for regulating policy entropy.

We found that the upper bound requires careful tuning to avoid exploding entropy when it is too large, or
entropy collapse when it is too low (see also Cui et al., 2025; Xi et al., 2025).

To address this, we dyramically adjust k based on the current policy’s entropy using a simple integral con-
troller. At each training step, we estimate the target policy’s per-token entropy via an importance-weighted

estimator: )
H(mg) = m

where T denotes the set of all (response index, token index) pairs in the current training batch. Given a target
entropy H*, the controller updates k with a step size § € RT after each step:

Z —logmo(yit | ¢: Yi,<t) - 1i,t(0), 7)
(3,t)eT

k « clip (k + 6 sign (H - ff(m)) 0, kmax) . 8)

Intuitively, when entropy is too low, increasing & widens the upper clipping bound, allowing the policy
to increase the probability of alternative tokens more aggressively. When entropy is sufficiently high, & is
decreased to tighten the trust region. As illustrated in Fig. 13, this mechanism acts as an automatic entropy
regularizer without requiring an explicit entropy bonus term in the loss, which we found to underperform
the adaptive entropy mechanism.

We initialize k = 0, so that the clipping bounds 1 — e and (1 — ¢)~! are multiplicative inverses, making
the initial clipping interval symmetric in log-ratio space. We then update k online according to the entropy
controller above.

Outer ratio clip. The GRPO objective deliberately leaves two cases unclipped: (a) advantage is negative and
the new policy assigns higher probability than the old (i.e. A; < 0and r;, > 1), and (b) advantage is positive
and the new policy assigns lower probability (4; > 0and r; ; < 1). The original motivation (Schulman etal,,
2017) is to leave the policy unbounded when it corrects itself in the right direction, only bounding moves
that exploit the advantage estimate.
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In practice, however, we found that these unclipped branches sometimes led to catastrophic gradient-
norm spikes. We address this by adding a hard oufer clip that is applied to all branches:

94 (6) = clip(rs,e(0), rmin, Tmax), )

where 7.« is set to a large value and r,;, can be left unconstrained; this is similar in spirit to the dual-clip
PPO objective proposed by Ye et al. (2020).

This two-level strategy discards cases where there is an extreme discrepancy between old and new prob-
abilities while preserving the standard trust-region behavior for ratios in the normal range. Empirically, we
found this to lead to fewer gradient-norm spikes and more stable climbing.

3.1.2 Reward Design

While our task-specific component differs across our domain-specific RL climbs, we use the same reward
decomposition throughout:

R(q, yi) = Rtask(Q7 yz) + Wiang * Rlang(yi) — Wien * Rlen(yi)- OO)

Here, Ry denotes the task-specific reward, Rjang is a language-consistency reward, and Rje, is a length
penalty. The coefficients wiang and wieq are scalar hyperparameters.

Language consistency reward. As context lengths increase during RL, we observe that models begin
producing foreign-language tokens within their CoTs. These mixed-language CoTs correlate with spikes
in log-probability divergence between the training and inference policies, ultimately destabilizing training.
To address this, we use a language consistency reward Rjang(y;) similar to Guo et al. (2025). Since English
dominates our training distribution, we define language consistency with respect to English:

Rlang(yi) = max(l — O * Npon-english (v4), O), (11)

where nnon-engtish (%) 1S the number of non-English words in the CoT of response y; and « is a per-word
penalty. In practice, we found that top-p sampling is similarly effective in preventing single, low-probability,
foreign language tokens.

Length penalty. Following Xiang et al. (2025), we define our length penalty as:

Rien) = - 12 12)
max

where p, is the pass rate of problem ¢ and ¢iqx is the maximum rollout length. The penalty depends on both

response length and problem difficulty. Hard problems with low pass rates receive weaker penalties, allowing

the model to explore longer reasoning traces. Easy problems receive stronger penalties, encouraging concise

and cost-efficient reasoning by removing redundant loops and hedging behavior.

3.1.3 Sampling Strategy

We employ several sampling strategies to improve both the efficiency and stability of our RL climb. These
operate at two levels: selecting which problems to train on and controlling how rollouts are generated for
those problems.
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A conversation between User and Assistant. The user asks a question, and the
assistant solves it. The assistant first thinks about the reasoning process in the
mind and then provides the user with the answer. The reasoning process and answer are
enclosed within <think> </think> and <answer> </answer> tags, respectively, i.e.,
<think> reasoning process here </think>

<answer> answer here </answer>.

User: {QUERY}
Assistant: <think>

Figure 14. Prompt template used for reasoning prior to the first round of self-distillation with {QUERY? being a
placeholder for the actual user query (from Guo et al. (2025)).

Problem sampling. For each problem ¢ in the training set, we generate a group of rollouts from the cur-
rent inference model. To reduce inference cost, we use an early exit strategy: we first sample Gegry < G
responses and compute their empirical pass rate, i.e. the fraction of responses with positive reward. If the
early pass rate lies in an acceptable range [pfﬁf}ly, p2], we sample the full G responses; otherwise the prob-
lem is discarded.

After all G responses are generated, we apply a second pass-rate filter [pmin, Pmax] to the full group. Only
problems whose full pass rate falls in this range are used for training. The main motivation for this sec-
ond filter is to remove very low-variance groups: if almost all responses are correct or incorrect, the group

provides little useful relative learning signal.

Rollout sampling. We employ top-p sampling (Holtzman et al., 2019) using 74 to sample rollouts y1.6.
We found that continuing to backpropagate through logits corresponding to tokens outside the sampled
nucleus can lead to catastrophic off-policy mismatch, causing divergence within a few training steps. To
prevent this, we exclude these tokens during training by reusing the top-p truncation mask from rollout
sampling to set the logits of all excluded tokens to —oo prior to softmax computation, following DeepSeek-
Al et al. (2025b). We found that top-p masking substantially reduces policy divergence during RL training,
at the cost of additional overhead for mask storage and replay.

To improve training efficiency during the early stages of a climb, we initially cap the maximum rollout
length at 8k tokens. As training progresses, we increase this limit in powers of two until reaching the final
output length of 128k tokens. We found this length extension curriculum to significantly reduce inference
cost during the low-performance regime, where long reasoning traces are rarely required, while still allowing
the model to gradually adapt to longer contexts as its capabilities improve.

3.1.4 Self-Distillation

Achieving strong performance from a mid-trained checkpoint requires training over a large number of RL
steps. We utilize self-distillation (Huang et al., 2022; Zelikman et al., 2022; Singh et al., 2023; Zhao et al.,
2026) to make such long-running climbs more practical. For self-distillation, we collect rollouts generated
during RL and perform SFT on a midtrained checkpoint using these rollouts. The resulting model serves as
the starting point for continuing our RL climb, while preserving capabilities discovered during previous RL
stages. We use self-distillation for several purposes:

« For our initial climb, we use domain- or task-specific prompts to elicit the target behavior; for example,
Fig. 14 shows the initial raw text prompt used for our STEM climb. Self-distillation allows us to move
from prompting to using our native chat format by simply updating the formatting of the SFT data.

+ Another primary use case is to recover from occasional run failures. Early in the development of our RL
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Figure 15. Performance on AIME 2025 (left) and a hard subset of LiveCodeBench v6 (right) during our STEM
climb. Self-distillation is indicated through x markers; different pre- and mid-trained model versions are shown
in different colors. Maximum output length throughout training is indicated at the bottom. Self-distillation is an
effective way of resetting numerics after a collapse (visible through sudden drops in performance) and changing
the base policy during our run. As we made infrastructure and algorithmic improvements throughout our climb,
self-distillation because of run collapses became less frequent.

stack — and prior to the introduction of stability improvements described in Sec. 3.6.4 — small numerical
discrepancies between inference and training would sometimes accumulate during training and cause a
climb to diverge. In such cases, self-distillation provides a simple and effective way to carryover progress
from one RL climb to the next. The alternative of resuming from a checkpoint before the collapse is often
not viable, as some instabilities are already embedded in the model parameters many steps before the actual
collapse occurs.

+ Asnew pre- and mid-trained checkpoints become available, self-distillation allows us to carry forward the
progress of previous climbs to the next generation of models.

+ During the self-distillation process, filters can be applied to reject any samples that demonstrate undesired
forms of reward hacking.

Fig. 15 illustrates how self-distillation was used in our STEM climb both to recover from numeric insta-
bilities and to update the base policy.

Key findings and best practices. We conducted extensive ablations to understand how to best perform
self-distillation in practice. Our main findings are:

+ O(1M) reasoning traces are sufficient to match teacher performance while retaining the stability benefits
of SFT. Using substantially larger datasets provides diminishing returns and risks over-constraining the
policy, narrowing its output distribution and leaving little room for exploration once RL resumes (Zheng
et al., 2024; Gao et al., 2025).

+ Training on traces including those that lead to incorrect final answers performs similarly to training on
successful traces only (Gandhi et al., 2025). Since our RL runs typically produce far more than O(1M)
successful traces, we ultimately restricted training to successful traces.
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« Using traces from later stages of the climb is important. Including traces from very early checkpoints leads
to noticeable performance degradation and requires many subsequent RL steps to recover. Generating
traces from only the final RL checkpoint results in weaker performance after resuming RL. A possible
explanation is that traces collected across a range of strong checkpoints provide greater diversity than
traces generated from a single final policy, leading to better exploration during RL. Reusing traces already
generated during RL also avoids the additional compute and time required for resampling.

« For afixed token budget, increasing prompt diversity is more valuable than increasing the number of traces
per prompt. We also found simple random sampling to outperform several biased selection strategies,
including shortest-trace sampling and heuristic filtering approaches similar to those explored by Yang
et al. (2025).

During self-distillation, the model can forget long-context behavior learned from mid-training, especially
when reasoning traces are collected from earlier RL runs trained with shorter maximum lengths. To miti-
gate this, we mix mid-training data with reasoning traces during self-distillation before length extensions.

3.1.5 Hyperparameters

Below, we report the hyperparameters typically used for both our main RL climbs across the three domain-
specific models and our self-distillation runs.

RL climb. We train using AdamW with 8; = B2 = 0.95, ¢ = 10~'%, and no weight decay. We use a constant
learning rate of n = 10~% with no warmup or decay. The global batch size is 7040 after packing, with the
maximum number of total unpacked sequences capped at 12000. Because our RL stack is fully asynchronous,
as we increase the generation length the latency of the rollouts increases while the training step times do not
increase proportionally due to many short generations. This means the longer rollouts, which are typically
the hardest problems, increase in off-policiness. To counter this, we opted to lowering the learning rate at
higher lengths to 9 x 10~7 to reduce off-policiness and increase stability. The maximum generation length
is 128k though we trained first at 8k, 16k, 32k and 64k.

For GRPO with adaptive entropy control, we set ¢ = 0.6, kmax = 2.5, step size § = 0.25, and target
entropy H* = 0.3. For outer clipping, we set rnax = 50 and leave i, = 0 unconstrained.

For our language consistency reward, we set wiang = 0.5 and the per-word penalty to a = 0.005. For
the length penalty, we fix we, = 0.25 up to the 64k length extension stage. Since the penalty is normalized
by /max, the effective penalty naturally weakens as the maximum length increases, allowing the model to
explore longer reasoning traces at larger token budgets. We remove the length penalty (we, = 0) at the 128k
extension stage.

For problem sampling, we set G = 128 total rollouts with Gy = 16 and [pfnair,lly, pfﬁiy] = [0.05,0.8].
Pass-rate filtering uses [pmin, pmax] = [0.1, 0.8]. For top-p sampling, we use p = 0.97. Larger nucleus values

improve exploration but increase the infrastructure overhead of transferring sampling masks, and we found
p = 0.97 to provide a good balance between exploration and training efficiency.

We perform 5 gradient steps between inference model updates and discard any rollout whose generating
policy is more than 8 inference updates stale (i.e., 40 gradient steps behind). This slightly relaxes on-policy
freshness in exchange for substantially higher throughput. We use dropless MoE training and set the global
MOoE load balancing coefficient to 1 - 107°.

Self-distillation. For self-distillation SFT, we use packed sequences with a global batch size of 2,048 and
a sequence length of 128k tokens. Optimization uses AdamW with weight decay 0.001 and a cosine learning
rate schedule. The maximum learning rate is set to 1.7 - 1075, the minimum learning rate to 5.2 - 1076, and
the learning rate warmup ratio to 2%.
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Figure 16. Distribution of our STEM Mix dataset by original problem format (left) and subject taxonomy (right),
where Other aggregates topics each below 0.5% of the dataset. Multiple-choice and proof problems are converted
to open-ended form during ingestion (and dropped where conversion is infeasible); we retain a small fraction of
multiple-choice problems so the model remains familiar with the format.

We carefully tune two hyperparameters during self-distillation: dropout (Srivastava et al., 2014) and the
MoE load balancing loss coefficient. We use a relatively high dropout rate of 0.15, which increases entropy
and helps prevent model collapse, improving performance in subsequent RL stages. As the data distribution
in domain-specific RL is substantially narrower than the mixtures used during pre- and mid-training, expert
selection during RL can become highly imbalanced. However, using a large load balancing coefficient during
RL also harms stable performance improvement. To address this, we use a comparatively large load balancing
coefficient 1 - 10~2 during self-distillation and a much smaller coefficient 1 - 10~ during RL. Since the self-
distillation contexts are generated from the RL run itself and therefore follow a similar distribution, the
expert balancing effect induced during self-distillation is preserved during RL.

3.2 STEM Climb

The STEM climb is the longest of our three domain-specific RL training runs and is designed to strengthen
the model’s core reasoning abilities in single-turn problem-solving settings. It covers a broad set of STEM
domains, including mathematics, physics, chemistry, and competitive programming. We also witness the
evolving model behavior reflected in rollouts during the climbing, described in more details in Appendix
C.1. Since data quality is central to the success of this climb, we focus on our training data and the pipeline
we have built to construct, verify, and filter this data.

Our entire STEM climb operates on pairs of verifiable data: To produce the task-specific reward
Riask(q, y:), we extract the model’s final answer from y; and either compare it to a ground truth using a for-
mal verifier such as SymPy (Meurer et al., 2017), an Al judge, or, in the case of competitive coding, we run
the model-produced code snippet against a suite of problem-specific test cases. Thus, every RL data instance
comprises either a pair (¢, a) of a query and a ground truth answer, or a pair (g, {¢1,...,t,}) of a query and
n test cases. In designing our pipeline to obtain such pairs, we take three main criteria into account: high
quality, appropriate difficulty, and topical diversity.

Using our STEM data pipeline, we processed millions of documents, producing the STEM Mix dataset
with more than 5M samples that is used for our STEM climb; the most challenging portion of this mix
contains more than 550k (g, a) pairs. Some properties of this dataset are illustrated in Fig. 16.
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Figure 17. Pipeline for extracting (g, a) pairs from textbooks and academic PDFs for STEM Mix.

3.2.1 Data Pipeline

Our STEM data pipeline transforms heterogeneous raw sources— textbooks, academic PDFs, forum discus-
sions, competition archives, and problems obtained from various vendors—into a dataset of (¢, a) pairs. The
pipeline is built around a composeable, stage-based architecture: each processing step is implemented as an
independent asynchronous stage. Source-specific instantiations of our pipeline select and compose subsets
of these stages as needed.

We describe several pipeline stages below, grouped into four phases following the example shown in
Fig. 17 for extracting (g, a) pairs from long-form textbooks and academic PDFs. Stages that are sensitive to
noise or hallucinations are run multiple times with consensus voting.

Hierarchical parsing. This phase comprises the stages that convert raw documents into initial (¢, a) pairs.
Depending on the document type, OCR is performed using a vision-language model or OCR services. Doc-
uments are chunked, pages without STEM content are discarded, and boilerplate is removed. A separate
stage builds a hierarchical representation using structural cues in the OCR output, and resolves broken cross-
references, misaligned numbering, and split-across-page artifacts. Finally, in the Question and Answer (QA)
extraction stage, an LLM marks question and answer spans within the cleaned document structure, produc-
ing candidate (g, a) pairs.

QA pairing. For sources where questions and answers appear in separate locations (e.g., exercises at the
end of a chapter, answer keys in appendices), a multi-round pairing stage matches each question to its corre-
sponding answer. A question is first matched against candidate answers using structural signals and semantic
similarity; among the retrieved candidates, an LLM then selects the best-matching answer and validates the
pairing.

Curation. Stages in the curation phase annotate, filter, and rewrite (¢, a) pairs to ensure quality and format
consistency. Several of these stages are LLM-based classifications:

« Verifiability: Items are classified as verifiable or non-verifiable; non-verifiable items (e.g., open-ended fo-
rum discussions with no checkable answer) are dropped.

* Question type: We distinguish among question types, including open-ended questions, multiple-choice
questions, and proofs.

« Taxonomy: A hierarchical topic classifier assigns fine-grained STEM topics, spanning mathematics,
physics, chemistry, biology, computer science, and engineering.

 PII detection: A dedicated classifier flags personally identifiable information; flagged items are dropped.
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+ Answer leakage: (g, a) pairs where a is trivially contained in ¢ are detected and dropped.

Two further curation stages transform the problems to be more useful for RL climbing. Conversion
rewrites multiple-choice and proof-style questions into open-ended form; multiple-choice questions can
often be solved by guessing, providing an unreliable reward signal, and proofs are hard to verify directly
without relying on a stronger Al judge. This stage is run three times followed by a consensus stage; an item
that does not reach consensus is treated as not reliably convertible and is dropped. Cleanup removes extra-
neous, non-mathematical text and external references not relevant to the question.

Scoring. This final phase quantifies problem difficulty and filters items whose ground-truth answers are
likely incorrect. In the solving stage, each problem is solved k times by each of four model tiers, whose AIME
2025 performance serves as a proxy for ability. Pass rates are used to group items into difficulty brackets.

A blind-grading stage guards against faulty ground truths. For items the strongest tier solves at a low
pass rate, we present that model’s consensus answer and the ground truth to a judge, in randomized order. If
it prefers the consensus answer, we drop the item as having a suspect ground truth; if it prefers the ground
truth, we keep it as a genuinely hard problem.

3.2.2 Competitive Coding Data

We use a dedicated pipeline for competitive coding data that deviates from our main STEM pipeline; this is
because for competitive coding problems, we require a set of test cases ¢4, . . ., t,, for each prompt. Prompts
with comprehensive test cases are unlikely to be found in unstructured sources such as PDF documents.
We therefore rely on targeted sources and vendor-acquired data, which removes the need for many of the
extraction and filtering steps used in our STEM data pipeline.

For each problem, we obtain reference solutions and verify that they pass all associated test cases. In
total, we collect 160k problems from multiple sources, covering a diverse range of topics, including divide-
and-conquer, dynamic programming, graph and tree algorithms, and search algorithms. In addition to test
cases, each problem includes runtime and memory constraints. Our final dataset supports 17 programming
languages, including Python, C++, C#, Java, JavaScript, Rust, and TypeScript.

3.2.3 Deduplication and Decontamination

Both our STEM Mix dataset and our competitive coding datasets are self-deduplicated and deduplicated
against benchmarks we report in Sec. G, as well as in-house Olympiad and graduate-level STEM evaluations
that we track internally. We deduplicate using a three-stage pipeline:

1. Exact deduplication. As a first step, we identify exact duplicates using SHA-256 question hashes.

2. Lexical fuzzy deduplication. We use character-level n-gram shingling followed by MinHash locality-
sensitive hashing to identify near-duplicate questions. Pairs with Jaccard similarity above a given
threshold are marked as duplicates.

3. Vector deduplication. Finally, questions are embeddeded using a lightweight embedding model. Pairs
with cosine similarity above a given threshold are marked as duplicates.

We carefully tuned the hyperparameters at each stage to retain as much data as possible while ensuring
strict exclusion of any benchmark leakage.

3.3 Agentic Climb

The agentic climb trains MAI-Thinking-1 to solve tasks that require interaction with an external environ-
ment rather than a single-pass text response. In this setting, the model must decompose a user request,
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Figure 18. Agentic loop and multi-step orchestration in RL training.

choose tools or code actions, observe the results, and adapt its plan across multiple steps and turns if needed.
The training signal combines verifiable rewards, such as tests passing in a software environment or a database
reaching a target state, with Al-feedback rewards for aspects of behavior that are harder to specify exactly,
such as task interpretation, helpfulness, and trajectory quality.

We focus on two agentic domains: (i) software engineering (SWE) (Sec. 3.3.1), which involves executable
software-engineering environments built from real repositories; and (ii) general tool use (Sec. 3.3.2), which
involves calling structured tools in multi-step tasks.

In practice, we jointly climb on a mixture of both agentic- and reasoning-focused STEM tasks, including
our competitive coding mixture. We found that inclusion of STEM tasks helps to stabilize the RL climb and
shows positive transfer to multi-step software engineering and tool-calling performance. Conversely, the
agentic tasks transferred neither positively nor negatively to STEM-related single-pass performance. Sim-
ilar to the STEM climbing, we observe evolving model behaviors throughout climbing, with examples in
Appendix C.2. The agentic setting differs from the STEM setting in its use of multi-step rollouts and con-
tainerized environments, as described in the following sections.

Multi-step RL framework. Our agentic multi-step RL uses the same core objective as the single-step rea-
soning RL recipe in Sec. 3.1, but extends rollouts from a single sampled response to a trajectory of policy
steps and environment steps (observations). Each RL environment consists of a task specification, a Sandbox
Execution Environment (SEE) session for executing tools, and a set of verifiable or judged rewards for evalu-
ating task completion while tracking environment state. At each policy step, the model can emit tool calls or
produce a final answer. Tool calls are executed inside the SEE session, and their outputs are appended to the
context before the next policy step. The complete trajectory is then graded for correctness and, optionally,
given Al feedback, after which credit assignment is applied uniformly across all tokens from all policy steps.

The orchestration harness is a ReAct-style loop (Yao et al., 2023): it parses the model’s reasoning and
actions, dispatches tool calls to SEE, appends returned observations to the context, and returns control to the
policy for the next action. All the previous steps’ tokens are preserved in context and they are strict prefixes
for the next steps. The same loop supports both software-engineering and general tool-use workloads. In
SWE, actions read and edit files, run shell commands, and inspect repository state inside a problem-specific
container image. In general tool use, actions call structured tools backed by mutable task state, such as seeded
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databases, with the tool outputs returned as observations for the next model action. The loop terminates
when the model emits no tool calls, or when the rollout exceeds the step, context-length, or time budget; the
rollout and its corresponding SEE are then sent to graders. They combine format checks, rule-based checks,
executable tests, verifiable state comparisons, and Al judges. Fig. 18 sketches a summary of our agentic RL
framework. The RL environments come from two major domains: software engineering Sec. 3.3.1 and
general tool-use Sec. 3.3.2.

Sandbox execution environment. Our Sandbox Execution Environment (SEE) provides on-demand,
isolated container environments at scale. SEE is used during RL to provide highly parallel, low latency
containers for model training environments. It provisionsa fresh container for each agentic task and destroys
it upon task completion. This ensures reproducibility, enables safe exploration, and prevents state leakage
between tasks.

Containers are network-isolated by default, ensuring that training episodes are deterministic and free
from external side effects such as rate limits or transient failures. When an environment does require net-
work access (for example, to install packages), traffic is mediated through caching proxies and domain al-
lowlists, balancing the needs for environment fidelity, training reproducibility, and safety.

3.3.1 Software Engineering

Training a frontier model to perform SWE tasks requires the model to interact with real codebases inside
realistic development environments. A large number of high-quality coding environments is essential for
training a strong coding model. To achieve this, we source naturally-harvested data from contributions to
real codebases. To curate our repository of RL environments, we rely on the following primitives: a large
dataset of code repositories (e.g., public GitHub code), a pipeline to create executable software engineering
problems from real-world open-source developer pull requests, and our sandbox container service SEE for
execution.

SWE RL environments, tasks, and tools. Each SWE RL problem is packaged as a self-contained con-
tainer image that includes a repository checked out at a specific commit with all dependencies pre-installed,
a problem statement, and unit tests for grading. Because the image captures all dependencies of the reposi-
tory, environments are deterministic and immediately ready for use with no setup required at the start of the
rollout. During the rollout, the model interacts with the container through tool calls: reading and editing
files, running shell commands, and navigating the repository. When the model signals completion or a turn
limit is reached, a grader executes the tests inside the same container and compares the results to expected
outcomes, producing a verifiable reward signal.

Two common tools are available for the model to use: Bash, a tool that executes bash commands and
returns standard output and error streams, and String replace editor: a tool for models to edit files via exact
string replacements, instead of having to use non-ergonomic bash tools for this purpose (Anthropic, 2025).
Full tool descriptions and parameter schema are provided in Appendix D.

In-house scalable SWE environment building. Existing work (Pan ct al., 2024; Chen et al., 2026b; Fu
et al., 2026) has explored transforming raw code repositories from the Internet into RL environments. We
use public GitHub repository issues and pull requests (PRs) as the source of our organic data and develop
a scalable pipeline for ingesting real-world verifiable SWE problems, inspired by SWE-ReBench (Badertdi-
nov et al., 20264a,b). To construct high-quality RL environments, we ensure that problem statements provide
sufficient information for agents to correctly implement solutions without overspecifying the task. We ad-
ditionally ensure that graders provide sufficient coverage while avoiding overly specific evaluation criteria.

The pipeline consists of the following stages, with additional infrastructure details provided in Appendix F:
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Public GitHub PR and issue collection. The pipeline starts with 102 million public GitHub PRs. First, we
filter PRs to obtain a suitable subset for environment building. To be included, a PR must be merged into
the main branch of its repository and modify fewer than 15 files. Each PR must also contain both code
and test changes so that the grader can utilize the test changes as hidden tests to evaluate model’s ability
to fix the issues. Test and code changes are split based on the file contents in the patch. We further filter
PRs based on issue linkage, retaining PRs associated with GitHub, Jira, Bugzilla, YouTrack, Phabricator,
Launchpad or Linear issues. After this stage, we obtain approximately 4.87 million PRs with linked issues.

Automatic agentic environment building. We convert the selected PRs into trainable environments using
an LLM agent that reads the repository state and creates Docker files to build executable container images.
We validate each image by executing the test suite and discarding builds with dependency or environment
€rToTsS.

Reference grading signal extraction. For each candidate problem, we derive reference test outcomes by
executing the repository test suite in two stages against the base commit: first with only the test diff applied
(pre-fix),and then with both the test and code diffs applied (post-fix). Tests that transition from fail-to-
pass (F2P) form the issue-resolution signal, requiring the model patch to flip these tests in order to receive
credit for solving the problem. Tests that remain passing across both stages, pass-to-pass (P2P) form the
regression signal, ensuring that generated patches do not break existing functionality. Problems with no
surviving F2P tests are discarded.

Environment and grader verification. After obtaining the executable environment, test and code changes,
test execution scripts, and expected pre-fix and post-fix outcomes, we re-validate the environments within
the same SEE training infrastructure used during RL training. This serves as a final sanity check against
potential discrepancies between the environment-building sandbox and the training sandbox. We verify
that an empty code patch fails the grader while the golden solution patch succeeds, each across multiple
trials. Although the upstream patch is known to be correct, re-validation may still fail due to cluster dif-
ferences such as network egress policy, CPU/memory limits, execution timeouts. We additionally filter
environments that exhibit non-deterministic test behavior across repeated executions to reduce reward
noise.

Quality filtering and SWE environment rewriting. Correct execution and airtight tests alone are insuffi-
cient, as many environments still contain low-quality or underspecified problem statements. For example,
we frequently observe short and vague bug descriptions, incomplete specifications, or statements such as
“fix things” where the expected behavior is only implicitly encoded in the hidden tests. If there are large
gaps between the problem statement and what the final tests run by the grader are expecting, then the
model has to guess what the tests require.

To improve environment quality, we deploy an agent within the same environment to inspect the problem
statement, repository, and tests, and score the task on specification clarity, test quality, leakage risk, and
feasibility. For low-quality environments, the agent rewrites the problem statement to better align with
the test requirements while avoiding unnecessary information leakage or overspecification.

Out of the initial 4.87 million candidate problems, 2.08 million (42.8%) successfully passed automatic
agentic environment building, 745,452 (15.3%) passed reference grading signal extraction, and 265,617
(5.5%) survived environment and grader verification across 94, 044 unique repositories.

Synthetic data. While many environments generated by our environment building pipeline did not pass
validation, a large fraction were still valid executable environments. In most cases, the failures were due
to low-quality problem statements or insufficient test coverage rather than invalid execution environments.
To reuse these executable environments, we adopt methods inspired by BugPilot (Sonwane et al., 2025),
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SWE-Smith (Yang et al., 2026) and SWE-Mirror (Wang et al., 20252) to generate new synthetic problems
and corresponding tests from PRs associated with environments that were successfully built but failed our
quality checks.

Preventing reward hacking during RL training. Even though SWE environments are graded with ver-
ifiable, executable test cases, they are still susceptible to reward hacking. We use an LLM monitor to review
the rollouts and do manual human reviews of flagged examples. This identifies three main types of reward
hacking:

« Internet search. Since our RL environments are sourced from public repositories on GitHub, the PR (and
therefore the golden solution) can often be searched for and retrieved. We employ network access control
to our sandbox execution environments to prevent this by either disabling Internet, when the problems
are self-contained, or otherwise only allowing for the bare minimum required by the problem.

Local git history search. Git is an integral part of software repositories. Sometimes the agent will search
all the git commits and logs to try to find the solution commit hidden in the local git database.” Removing
all git commits is also not an option, as git is a valuable skill and can provide legitimate information neces-
sary for solving the problem. We completely sanitize the environment by scrubbing commits, references
and branches that come after the base commit of the problem, to create a “time-traveled” version of the
repository back to the original state.

+ Tampering with tests. Following the evaluation protocol used in SWE-Bench (Jimenez ct al., 2024), we
reset all test files modified by the agent before grading to prevent agents from tampering with the test
cases to make them pass the grading. We additionally hide test changes from the agent during inference
and only apply them at grading time to further reduce opportunities for cheating. However, there are
still vectors for cheating, e.g., through monkey-patching the testing framework or modifying equivalence
behavior, that are not easily prevented by simply resetting test files or introducing hidden tests. We use
LLMs to monitor agent behaviors and continuously strengthen test file detection, test file reset, and other
anti-tampering heuristics.

3.3.2 General Tool Use

In contrast to SWE RL environments, general tool-use RL environments exhibit substantially greater diver-
sity in both available tools and application domains. They cover a broad range of generic tool-calling tasks
(e.g., inventory management, scheduling platforms, report creation, customer support, and other enterprise-
oriented scenarios), emphasizing reliable and stateful interactions with external systems.

Tool-use RL environments. Each tool-use RL problem is instantiated as an interactive, stateful environ-
ment backed by mocked backends that simulate realistic APT or MCP (Model Context Protocol, 2026) behav-
ior. Concretely, each problem consists of a query, a set of available tools with schema®, an initial environment
state, and a grader. Unlike SWE settings, which typically involve only a small number of tools, tool-use en-
vironments emulate rich real-world service interactions with substantially larger tool sets, often exceeding
50 tools within a single environment. This setting trains the model to select appropriate tools efficiently and
improves generalization across diverse tool-use scenarios. We train on both human-curated environments
and synthetic environments generated by our tool-calling task generation framework, described below.

7For example, SWE-Bench was vulnerable to this problem: https://github.com/SWE-bench/SWE-bench/issues/465.
This has since then been fixed.
8We use OpenAT’s function-calling schema: https://developers.openai.com/api/docs/guides/function-calling.
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Synthetic environment. To increase the scale and diversity of our training data, we synthetically gener-
ate self-contained closed-world environments with seeded databases, tool definitions, and verifiable tasks.
Our pipeline requires only plain-English descriptions of the desired environments to generate complete
tool-use environments end-to-end. This approach follows prior work on automatically generating tool-use
environments (Sullivan et al., 2025; Zhang et al., 2026; Wang et al., 2026; Mika, 2026), particularly the
FunReason-MT pipeline (Xu et al., 2025b; Hao et al., 2025). Overall, we aim to replicate common enterprise
and consumer tool-use scenarios, such as travel booking and inventory management.

Our pipeline consists of three main phases: (i) environment bootstrapping, which generates tool descrip-
tions, implements functions, and seeds databases with relevant entities; (i) fask creation, which samples
likely tool-call trajectories, creates entities relevant to the interaction chain, and formulates user requests;
and (ii) verification and refinement, which executes the actions generated in the previous phase, and removes
tasks that are overly similar. Each phase involves multiple LLM calls for tasks such as entity generation and
function implementation. We additionally employ iterative critique-and-refinement loops to improve the
outputs at each phase (Dhuliawala et al., 2023; Madaan et al., 2023).

We generate environment-specific personas (Ge et al., 2024) to further diversify tasks. To mitigate over-
eager tool-calling behavior, we additionally augment our data with tasks that include tool descriptions but
do not require tool usage. Overall, our pipeline synthesizes more than 150 environments and 130, 000 tasks.

Reward design. During training, we use a mixture of environment-specific and cross-environment
graders. Environment-specific graders assign rewards based on the final environment state, tool usage pat-
terns, and final answers. For synthetic environments, we use an LLM judge to decompose tasks into multiple
sub-tasks and grade each independently. We additionally employ cross-environment graders that encourage
efficient tool usage, including parallel tool calls when possible, avoidance of duplicate calls, and correct tool
invocation with valid parameter types and arguments.

3.4 Helpfulness and Safety Climb

The helpfulness and safety RL climb optimizes MAI-Thinking-1's general helpfulness as judged by human
preference, instruction following, steerability, safety, honesty, and style. (Ouyang et al., 2022; Radford et al.,
2019; Li et al., 2024a) This climb differs from the other climbs in that it focuses on tasks where performance
is not as objectively defined and machine-verifiable.

We organize this section by first describing all the reward signals (Sec. 3.4.1) used during RL climbing,
followed by each domain’s specific data recipe and reward designs.

3.4.1 Rewards

Compared to the other climbs, the helpfulness and safety climb combines a more diverse set of reward types
to guide subjective aspects of model behavior. We use a combination of a reward model trained on human
preference data (Lambert et al., 2025), AT judge feedback (typically rubric-guided) (Gu et al., 2024), and addi-
tional verifiable rewards (Peng et al., 2025; Pyatkin et al., 2026) to form an aggregate reward signal. (Lambert
et al., 2024; Wang et al., 2024c)

Reward model. Our reward model is based on a post-trained version of M AI-Base-1, which we fine-tune
to predict human preferences expressed as text tokens. It is trained exclusively on human preference data
collected with human annotators from several vendors. We employ a robust reward hacking mitigation
pipeline as described in Liu et al. (2025¢) to counter relevant biases in our training data.

Training. For a context ¢ and k-way side-by-side with responses ¥1, ..., yx, and corresponding scores
$1,...,8k € [1;5], the input to the reward model is

c<|im_sep|>yi <|im_sep|>ys <|im_sep|> ..<|im_sep|> y; <|im_sep|>
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where the training objective is the sequence s . . . sg, trained via SFT.

Inference. The inclusion of multiple candidate responses into a single reward model context allows for better
calibration of pointwise quality scores across responses. However, due to the autoregressive nature of the
reward model, thisalso increases noise for scores y; ;1. To counter this, we apply the reward model cyclically:
For a given context ¢ and k responses y1, ..., yr, we prompt the reward model &k times on the response
permutations (y1, . .-, Yx)s (Y2, - s Yk, Y1)s - - -5 (Yks Y1, - - - , Yu—1). For each of these k inference calls, we only
decode the first token and look at the full probability distribution for this token, which for the i-th call
corresponds to the reward score s; of the i-th candidate response. The reward signal Rgym(c, y;) is then set
to the probability of y; being scored as the highest quality (s; = 5). We found this to provide a more stable
climbing signal than alternative formulations we considered.

Evaluation. We evaluate our reward models using a combination of actual training rollouts rated by our
annotators and a validation split of our reward model training data.

Al judge. I[naddition tothe human preference signal provided by the fine-tuned reward model, we employ
Al judges (Gu et al., 2024; Tan et al., 2025) for feedback that can be adapted quickly and customized to any
given context. In particular, Al feedback provides a fast lever to shape the behavior of the model in targeted
ways without incurring delays for reward model data collection and retraining.

Verifiable rewards. We employ verifiable rewards to improve capabilities in areas such as instruction fol-
lowing where adherence to a constraint can be checked directly. For example, verifiable rewards are included
for contexts that say “respond in a single paragraph” or “use fewer than 10 words”. Compared to non-verifiable
rewards, we find verifiable rewards to be less prone to reward hacking (Zhao et al., 2025b; Wen et al., 2024),
less sensitive to multi-epoching, and generally useful for stabilizing training.

Verifiable rewards are also used to mitigate biases in non-verifiable rewards. For example, Al feedback
rubrics tend to induce an upwards pressure on length and style elements, which we mitigate using both
the reward model and verifiable rewards. For length specifically, we identify acceptable response-length
distributions per context offline and penalize responses that fall outside a predefined quantile range. This
keeps response length stable through training without overly constraining the response or introducing a
reward that can be hacked by collapsing the response into one that is overly terse.

Combining rewards. When optimizing these rewards for helpfulness and safety climbing, two challenges
arise. (Wang et al., 2024¢) First, the different types of rewards occupy different scales and are not directly
comparable. Second, the reward distribution is itself context-dependent, narrow for some prompts and
wide for others. Naively summing such rewards would result in the largest-magnitude signal dominating
irrespective of its importance. In addition, while we want to optimize our rewards jointly, certain criteria
are non-negotiable: for example, a well-written response that is unsafe remains unacceptable, regardless of
its quality. We address these challenges with two complementary strategices, applied selectively based on the
context.

Lexicographic reward shaping. For one set of contexts, lower-importance rewards become active only when
all rollouts in a group score equally on higher-importance rewards. This induces a strict priority order-
ing, where a secondary reward influences the gradient only if the primary reward is tied within the rollout
group (Skalse et al., 2022). Because it operates on within-group relative comparisons, this formulation is
also invariant to the absolute scale of each reward.

Gated reward application. For other contexts, higher-importance rewards must satisfy a minimum level of
performance before lower-importance rewards are applied at all (Achiam et al., 2017). Safety is the canonical
case: an unsafe response receives the minimum reward and is never graded on response quality.
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Both strategies sidestep cross-scale calibration by replacing additive combination with conditional or rank-
based logic, ensuring that high-priority objectives are never traded away for gains on lower-priority ones.

3.4.2 Instruction Following and Steerability

Instruction following (IF) is a core capability for LLMs: models should adhere to constraints specified di-
rectly by users during the conversation, by API users through developer instructions, and by platform owners
through privileged system instructions. The model should be steerable across such formatting and behavioral
constraints according to predefined priorities (Wallace et al., 2024). To build robust instruction following
capabilities, we construct a dataset spanning a range of constraints, scenarios, and levels of complexity, draw-
ing from synthetic data and expert human annotations.

Data. We use two distinct sources of data: expert-written contexts and synthetic data. We find that the
complex constraints in expert-written prompts help bootstrap capabilities, while synthetic data enables max-
imum coverage.

Synthetic data generation. Inspired by prior work (Xu et al., 2025a; Dong et al., 2025), we build a flexible
multi-stage pipeline that generates realistic instructions and scenarios with evaluation rubrics. It starts with
prompted instruction and model spec generation using an LLM guided by a manually curated constraint tax-
onomy (see Sec. E for more details) and a set of diverse seeds. This is followed by generating scenarios that
are multilingual, cover short and extended dialogues, include cases with system, developer, and user mes-
sages, and span over 40 domains including coding, writing, analysis, and travel planning. In addition, we
include adversarial cases with conflicting system, developer, and user instructions to train the model to re-
spect instruction hierarchy. A final critique and rewrite step evaluates and updates each scenario based on
naturalness, rubric alignment, and groundedness.

Data filtering. We maintain high quality data through multiple rounds of filtering, combining various qual-
ity heuristics, complexity filters, and rejection sampling. In particular, rubrics are validated for self-
containment, unambiguity, and alignment with their stated constraints, while prompts are screened against
our safety policies. Following An et al. (2025), we additionally control for difficulty level via pass-rate anal-
ysis. We keep only examples that are challenging but solvable by our model.

Reward design. To prevent degenerate responses and reward hacking during RL, we use hybrid reward
signals. For constraints with deterministic verifiers, we use rule-based checks. This provides fast, determin-
istic, and well-calibrated reward signals.

In addition, an LLM judge (Sec. 3.4.1) independently evaluates atomic rubrics, producing a binary judg-
ment per rubric. Multiple judgment passes are averaged for robustness. Finally, our trained reward model
evaluates general response quality complementing the constraint-specific IF judges. Rewards are then com-
bined with the lexicographic grading aggregation scheme from Sec. 3.4.1, with I[F-specific rewards serving
as the primary signal.

3.4.3 Safety

In line with our commitment to supporting human autonomy, we define safety as the model’s ability to pro-
vide helpful responses that remain compliant with our policies (Microsoft, 2022).

Data. To keep training aligned with this target, we develop a taxonomy for our data curation. Safety data
targets two complementary failure modes: unsafe compliance, where the model fulfills a request it should
refuse, and over-refusal, where it unnecessarily declines a legitimate request. Each candidate example is
annotated against the policy taxonomy and assigned to one of two prompt categories:
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Category Pipeline Source

Vendor-written prompts

Human Red-Teamin .
8 Internal red-team exercises

Harmful Template-based attacks, e.g., PyRIT (Munoz et al., 2024)
Automated Attacks Non-interactive LLM-generated, e.g., PAP (Zeng et al., 20242)
Interactive LLM-based, e.g., TAP (Mehrotra et al., 2024)
. Do-Not-Refuse Slice ~ Curated data carried across data generations
Borderline

Capability Data Annotated via safety pipeline into do-not-refuse slice

Table 8. Sources of harmful and borderline prompts.

« Harmful prompts: requests where some or all assistance is disallowed by policy. The response strategy is
full refusal or partial refusal (decline the unsafe portion while offering safe alternatives).

« Borderline prompts: requests that touch sensitive domains but remain answerable within policy. The
response strategy is do-not-refuse: provide a bounded, helpful answer rather than hedging or refusing.

Data sources. Tab. 8 summarizes how prompts in each category are sourced. Harmful prompts are collected
through both human red-teaming and automated adversarial generation. Borderline prompts are drawn
from an existing do-not-refuse slice carried forward across data generations, as well as from capability data
that is routed through the safety annotation pipeline and selected into the do-not-refuse slice, exposing the
model to policy-adjacent requests that should remain answerable.

Reward design. Each model response is scored by safety judges along three dimensions:
+ Policy compliance measures whether the response violates our safety policies.

+ Response engagement compares a response’s engagement level to the expected target (refuse, partial-refuse,
or do-not-refuse), penalizing both over-refusals and compliance on severe requests.

+ Response style measures whether the response is following the expected tone and guiding principles, e.g.,
acknowledging difficulty without moralizing or recounting traumatic events back to the user for sensitive
self harm requests.

The judge scores are combined with the reward signal from our reward model and, depending on the data
source, additional Aljudge signal. A simple weighted average is insufficient: scalar rewards can remain posi-
tive on policy-non-compliant responses.” We therefore use a safety-gated aggregator: the policy-compliance
field gates the reward as described in Sec. 3.4.1. If the safety judge marks a response non-compliant, the
rollout receives the minimum reward regardless of other scores; otherwise the normal weighted mixture is
used.

3.4.4 Honesty

We define honesty as the model’s ability to produce correct responses when it knows the answer, and to
hedge appropriately when it does not. At the same time, the model should not over-hedge, since minimizing
factual errors alone can simply push the model to make fewer claims (Min et al., 2023). The objective must
therefore balance factual precision with informativeness.

9Tn a paired rollout audit, expected safety Likert had only moderate agreement with the policy-compliance field (Pearson 0.293,
Spearman 0.344), and 87.8% of policy-non-compliant responses received reward model scores > 3.

47



Focus Area Example Guidance

Emojis Minimal usage - only in clearly appropriate, casual contexts. Do not use emojis
for list headers or as a sign-off.

Tables & Markdown  Bullet-lists and tables are used for making multiple points, giving examples, or
presenting data. Headings break up answers that strictly need multiple distinct
parts to answer.

Tone & Formality Default to professional tone, adopting a playful or engaging tone only when
directly asked by the user.

Layout Minimal preamble or wrap-up phrases, no sycophantic introductions. Clear
information hierarchy. Answer is easy to quickly scan through and important
information is presented up front.

Density No wall-of-text sections. Bold text is used strategically. Spacing between para-
graphs. Sentences stay short enough to be readable.

Table 9. Examples of target behavior descriptions from our style guide.

Data. We compile a diverse set of manually curated data from vendors, PII-filtered consumer Copilot
logs'®, and synthetically generated data. Inspired by prior work (Zhang et al., 2024; Wei et al., 2024b,c),
our data spans a spectrum of difficulty: (a) established factual queries, both short-form and long-form, where
responses can be precisely verified against reference answers; (b) challenging factual queries, targeting long-
tail or obscure topics where model coverage is expected to be inconsistent and reference labels are generated
via search-augmented verification, and (c) false-premise queries, where the question contains an incorrect pre-
supposition and no correct affirmative answer exists. Covering these boundary cases pushes the model to
maintain factual integrity and hedge only when it lacks knowledge.

Reward design. For factuality grading, reference labels are generated offline for every RL example via
retrieval-augmented generation and verification. Each model response is then scored by an LLM judge along
two dimensions—factuality and confidence—producing one of five categories: CONFIDENT_CORRECT, UN-
CONFIDENT_CORRECT, NOT_ATTEMPTED, UNCONFIDENT_INCORRECT, and CONFIDENT_INCORRECT. These
are combined into a scalar reward via a weighted sum: confident-correct responses receive the highest
reward, confident hallucinations the steepest penalty, abstentions a neutral reward, and unconfident-but-
correct responses a reduced reward to discourage over-hedging.

3.4.5 Style

We define a style guide specifying what good outputs look like: warmth without sycophancy, scannable struc-
ture, and tone calibrated to context rather than simply mirroring the user. The style guide also covers when
and how to use emojis, formality level, notation for math and code, and general text density. Tab. 9 gives
high-level examples of the guidance we train our model to follow.

Data. Style is graded on a broad set of PII-filtered Microsoft consumer Copilot logs, vendor-written con-
texts (both static and interactive), and Arena conversations. This data covers low-to-medium difficulty
prompts, excluding complex instruction following, coding, math, and STEM. Prompts are classified by user
intent (e.g., creative writing, practical guidance, information-seeking, and chit-chat), with active collection
targeting areas where the model is weak.

10Consumer Copilot log data is only collected for users who have not opted out of having their data used for model training and
excludes certain users as set out in Privacy FAQ for Microsoft Copilot | Microsoft Support.
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Capability Sample weight Token weight

STEM and Coding 56% 89%
Agentic Capability 1% 9%
General Helpfulness and Safety 33% 2%

Table 10. Consolidation SFT data mixture composition by capability.

Reward design. In addition to the reward model introduced in Sec. 3.4.1, we use prompted LLM judges
to grade outputs along specific axes and penalize undesirable behaviors. These prompted judges grade re-
sponses on an integer scale of O, 1, or 2, for major, minor, or no style issues. We found that coarse graders
outperform more granular graders or prompt-specific rubrics because they give the LLM judge more flexi-
bility to interpret the rubric appropriately for the given prompt and response, making it harder for models
to hack the grader. Style graders are applied only after verifiable rewards and safety constraints are satisfied,
and are weighted alongside other graders depending on the domain.

3.5 Consolidating Capabilities into a Single Model

The preceding sections describe three teacher models, trained independently for STEM and competitive
coding (Sec. 3.2), agentic capabilities (Sec. 3.3), and helpfulness and safety (Sec. 3.4). We consolidate them
into a single model in two stages, shown in Fig. 12. The SFT stage reuses the self-distillation pipeline of
Sec. 3.1.4, applied to each of the specialist teachers, though the three teachers require different filtering
and rejection sampling strategies. For the STEM and agentic teachers, we sample rollouts across multiple
checkpoints of each climb, following the diversity finding of Sec. 3.1.4, prioritizing later checkpoints. We
keep multiple correct rollouts per context and apply only light filtering to remove degenerate CoTs. For the
helpfulness and safety teacher, we use LLM judges and heuristic filters to score traces on style, structure, and
known defects in addition to correctness.

Consolidation SFT. The SFT stage distills the three teachers into a single model. We iterated on the data
mixture and hyperparameters to balance reasoning, agentic, and general helpfulness abilities, evaluated on
public benchmarks, internal benchmarks, and human evaluation. Tab. 10 reports the resulting mixture by
sample and token weight. We find that balancing the mixture by sample weight is important; the token
distribution is correspondingly dominated by STEM and coding, owing to their longer traces, which in
practice does not harm helpfulness and safety capabilities. Deviating from our standard self-distillation
recipe, consolidation SFT is done for 4 epochs, decaying the learning rate by 2x from a maximum of 1-107°.

Consolidation RL. The final stage of lightweight RL further improves safety, over-refusals, and style. The
recipe is based on the Helpfulness and Safety Climb (Sec. 3.4), with a few changes to maintain reasoning
performance. We train at a maximum sequence length of 128k tokens and retain a small proportion of STEM
and coding data in the RL mixture; we found both to be important, as reasoning performance on complex
tasks otherwise degrades slowly over the climb.

3.6 Reinforcement Learning Infrastructure

Our RL climb relies on Rocket, an in-house framework for large-scale asynchronous distributed reinforce-
ment learning, using YOLO for the learner (Sec. 2.8) and SGLang (Zheng et al., 2024) for model inference.
We built Rocket because our requirements, namely the ability to support asynchronous RL across several
thousand GPUs at the scale MAI-Thinking-1 demanded, were not served by available open-source RL frame-
works (von Werra et al., 2020; Hu et al., 2024; Sheng et al., 2024). Rocket’s core RL data flow is organized
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Figure 19. An overview of Rocket, our large scale Reinforcement Learning framework.

around a single controller, a pool of problem and rollout workers, and the router and inference servers that
produce model generations. The controller, problem workers, and rollout workers are each implemented as
a single Python process / Ray actor, while routing and inference are provided by the SGLang-based serving
stack. An overview of the Rocket architecture is shown in Fig. 19.

3.6.1 Controller

The controller loads RL tasks and sends them to the problem workers for processing. For each task, the
controller receives a set of completed rollouts with associated grading metadata (pass/fail decisions, rewards,
normalized advantages, etc.). The completed rollouts are filtered by the controller and sent as batches to the
learner. The controller abstraction allows Rocket to switch between different controller implementations for
on-policy and off-policy RL. In practice, we primarily use off-policy RL for large runs and reserve on-policy
RL for smaller experiments and debugging.

3.6.2 Problem Worker

When a problem worker receives an RL task from the controller, it generates a set of rollouts, computes a
normalized advantage for each rollout, and sends the results back to the controller. The problem worker does
not handle rollout generation itself. Instead, it sends a set of requests to the rollout workers—one for each
rollout. The problem worker implements fault tolerance for large scale asynchronous RL such as retrying
rollouts for a task if a rollout worker fails.

The typical flow for a single request to the problem worker is:

1. Early-exit rollouts. Following the early-exit strategy described in Sec. 3.1.3, the problem worker re-
ceives an RL task from the controller and sends out 16 requests to the rollout workers, retrying failed
requests as needed. Each rollout is graded, and this information is aggregated into an overall pass rate
for task. If the overall pass rate is within a predetermined interval, the problem worker proceeds to
the full rollout stage. Otherwise, the RL task is aborted.
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2. Full rollouts. The problem worker sends out an additional 128 requests to the rollout workers, again
retrying failed requests as needed. Each rollout is graded, and this information is aggregated into an
overall pass rate for task. If the overall pass rate is within a predetermined interval, the problem worker
proceeds to postprocessing. Otherwise, the RL task is aborted.

3. Postprocessing. The problem worker computes a normalized advantage for each rollout to use in the
RL objective (Sec. 3.1.1). Depending on the problem in question, this step may include applying length
penalties for long rollouts, applying GRPO reward normalization, or other heuristics.

3.6.3 Rollout Worker

When the rollout worker receives a request from a problem worker, it generates a single rollout, optionally
grades it, and then sends the results back to the caller. In a typical flow, the rollout worker starts by generating
an initial model prompt and sending it to a model inference server. When the response comes back, the
rollout worker parses it, performs any tool calls, and incorporates the results into a follow-up request to the
inference server. This process continues until the model stops making tool calls and outputs a final answer,
or exceeds some pre-determined limit on the number of steps or the amount of time the rollout can take.

After a rollout finishes, the next step is to grade the model’s output. The grader’s output contains a nu-
meric reward and an optional pass/fail verdict. Depending on the problem, grading can either happen on
the rollout worker or on the problem worker. If individual rollouts can be evaluated in isolation, grading is
performed by the rollout worker. For example, on a math problem, the grader might output (1, pass) if the
model’s output is mathematically equivalent to the problem’s groundtruth answer and (0, fail) otherwise.
On the other hand, some graders need to look at the answers for multiple rollouts simultaneously, e.g., so that
they can ask an LLM to perform pairwise comparisons of different model answers. In that setting, grading
happens on the problem worker. A single problem can have multiple grades, in which case a user-defined
policy aggregates the individual grades into a single overall reward.

3.6.4 Router and Inference

Inference is one of the most important components of the system: depending on the scale and characteristics
of the job, the ratio of inference to learner GPUs can be as large as 5:1. In our largest RL job using 4864
GB300 chips, 4096 chips are dedicated to inference while the remaining 768 chips are dedicated to the
learner. Inference performance and system stability are therefore first-order concerns. The numerics gap
between the learner and the inference engine is critical to control for RL training stability.

Inference setup. Our RL inference stack is built on top of SGLang and the SGLang router (Zheng et al.,
2024). We chose SGLang because it met our needs of a rich set of RL serving features, fast experimentation
against open-source models, and strong ecosystem velocity. On top of the individual SGLang workers, we
use the SGLang router to handle load balancing, traffic control, and prefix caching.

Inference performance. Because most of a job’s GPU usage comes from inference, optimizing inference
throughput is critical for efficient RL. Minimizing request latency is also critical to control staleness. We spe-
cialize our optimizations depending on whether rollouts occur over single turns or multiple turns. For single-
turn workloads, prompts are typically short but generations (including thinking) can reach up to 128k tokens,
so the main bottleneck is KV cache memory. We reduce KV cache and weight footprints via expert paral-
lelism and data parallelism for attention. We also disable prefix caching so that sliding-window-attention
tokens can be fully evicted during long generations (our model architecture relies heavily on sliding window
attention). We further reduce communication overhead via data parallelism on MLP layers, DeepEP (Deep-
EveryParallel) (Zhao et al., 2025a), and EPLB (Expert Parallelism Load Balancer) (DeepSeck-Al, 2025). For
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multi-turn workloads, prompts can grow very long while generations are often short, making these work-
loads largely prefill-heavy. Here we lean heavily on prefix caching: our prefix cache hit rate reaches 97-98%
on production RL runs.

Inference system stability. At the scale of RL used to train MAI-Thinking-1 with thousands of inference
chips, individual replicas crash, hang, slow down, or fail due to node failure on a regular basis; the infer-
ence layer must degrade and restart gracefully rather than fail the entire job when this happens. We rely on
defense-in-depth at three layers. At the replica level, each SGLang server runs a self-watchdog that probes
its own generation endpoint and monitors scheduler memory; an unhealthy replica triggers its own graceful
restart so the orchestrator can bring up a clean replacement. At the router level, the SGLang router acts as
a circuit breaker: when backend replicas become unhealthy, it stops admitting new requests, runs a multi-
stage probe before reopening, and periodically rediscovers replicas that silently dropped out of its active set.
Per-replica flow control prevents a slow replica from accumulating a backlog that would degrade the whole
pool. At the job level, a liveness monitor tracks the number of live actors in each class (inference replicas,
routers, rollout workers, learner ranks) and fails the job for a clean restart if any class falls below its allowed
threshold. An orthogonal step-progress watchdog catches the harder case where everything appears alive
but training has stopped advancing. Finally, when a rollout worker’s request to an inference server fails mid-
flight, it is retried against another replica, so individual replica failures degrade pool throughput but do not
lose rollouts.

Numerics gap between inference and learner. A critical aspect of RL is the numerics gap between the
inference engine and the learner. YOLO (the learner) and SGLang (the inference engine) use different kernels,
scheduling, and parallelism strategies. Even small per-token logprob discrepancies compound across long
rollouts and can destabilize the importance-sampling correction in off-policy RL. To mitigate these issues,
we use bf16 for both the learner and the inference engine in our RL runs; this yields substantially smaller
numerics gaps and more stable training than the lower-precision alternatives we evaluated. On top of bf16,
we apply MoE routing replay (Ma et al., 2025) and top-p mask replay (Sec. 3.1.3).

3.6.5 Weight Transfer

Moving from synchronous to asynchronous RL turns weight transfer into a recurring distributed synchro-
nization problem: fresh learner weights must reach the inference fleet every & steps, and transfer time cre-
ates inference idleness and additional staleness. The core difficulty is that learner and inference allocations
shard the same tensors differently: Each side may use different combinations or degrees of FSDP, pipeline
parallelism, data-parallel attention, and tensor layouts, while parameters may also differ in precision, quan-
tization state, or matrix layout. Every transfer must therefore both reshard bytes and perform per-tensor
transformations.

Transfer plan. We compile resharding, data movement, and per-tensor transformation into a single ¢rans-
fer plan computed once at job start and reused thereafter. For each parameter, the planner intersects the
learner’s and inference server’s sharding layouts and emits one entry per non-empty sub-shard overlap,
recording source rank, destination rank, byte extent, and required operations such as dtype casts or lay-
out permutations. Resharding is implicit in this intersection; each learner rank sends only the slices that
its paired inference rank needs, eliminating separate materialization of full tensors. Transforms run on
whichever side minimizes their cost, and the runtime pipelines packing, transfer, and unpacking so succes-
sive sub-shards overlap in time. To decouple planning from fleet size, the plan targets an idealized topology
of one learner and one inference server; at runtime each source—destination pair expands into a fraznsfer
group covering all live replicas of the destination rank, so the plan remains valid as replicas join, leave, or
are replaced. Because data parallelism replicates rather than shards parameters, one DP group already holds
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Benchmark MAI-Thinking-1 Sonnet 4.6 Opus 4.6 GPT 5.4 Kimi K2.6 DeepSeck V3.2 DeepSeck V4 GLM-5.1

AIME 2025 970 95.6 99.8 — — 931 — —
AIME 2026 94.5 — — - 96.4 — - 95.3
HMMT Feb 2026 84.9 — — - 92.7 — 95.2 82.6
GPQA Diamond 84.2 89.9 91.3 92.8 90.5 82.4 90.1 86.2

LCBv6 877 — — — 89.6 83.3 93.5 —
Terminal-Bench 2.0 46.0 591 65.4 751 66.7 46.4 67.9 69.0

SWE-Bench Verified 73.5 79.6 80.8 — 80.2 731 80.6 —
SWE-Bench Pro 52.8 — 53.4 577 58.6 — 554 58.4

Table 11. Post-trained model evaluation results on STEM and agentic coding public benchmarks. Other model
numbers are taken from respective official model cards. Models listed with “—” scores do not report numbers for
the respective benchmark. For agentic coding evaluations, we use a total context length of 256k. For all other
evals above we use maximum output tokens of 256k.

every model parameter—the plan need not enlist all D learner ranks. We restrict it to a subset of DP groups,
each paired with a disjoint slice of inference replicas and running independently. A 36-server fleet split four
ways performs four 9-server transfers in parallel, improving throughput while containing the failure blast
radius.

4 Evaluations

4.1 Benchmark Evaluations

We compare the performance of MAI-Thinking-1 to a variety of open- and closed-weights frontier mod-
els on public benchmarks and with human side-by-side evaluations. These evaluations span a broad set of
areas, highlighting the model’s versatility across different domains: STEM, agentic coding, knowledge, in-
struction following, long context, safety, health, honesty, and tool calling. All benchmark evaluations for
MAI-Thinking-1 are reported as the average across 4 runs using uniform inference settings with temperature
T = 1 and top-p sampling with p = 0.97 unless otherwise stated.

Tab. 11 reports our results for STEM and agentic coding benchmarks. We draw other model’s numbers
from their official model cards and release announcements. Taken together, the results place MAI-Thinking-
1in the competitive range of other popular LLMs: it does not lead the field, but it delivers consistently strong
performance across a broad set of benchmark categories. Of note, MAI-Thinking-1 exceeds Claude Sonnet
4.6 on AIME 2025 and approaches Claude Opus 4.6 performance on SWE-Bench Pro.

Additionally, all of our SWE agentic training data uses only bash and string-replace as tools, and does
not include targeted terminal-interaction environments. The model’s current Terminal Bench performance
therefore reflects generalization from broader agentic training rather than direct training on Terminal Bench-
like environments.

Math, science, and competitive coding. For Math, we evaluate MAI-Thinking-1 on the 2025 and 2026
editions of AIME, as well as the February 2026 HMMT benchmark from MathArena (Dekoninck et al.,
2026). For Science, we evaluate on Graduate-Level Google-Proof Q&A benchmark (GPQA) (Rein etal., 2023)
which comprises knowledge-intensive, graduate- and research-level questions, primarily in STEM domains.
For competitive coding, we evaluate on LiveCodeBench v6 (LCB v6) (Jain et al., 2024) which contains up-
to-date competitive coding problems. More evaluation details can be found in Appendix G.
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Knowledge Instruction Following Long Context Tool Calling

Model MMLU Pro SimpleQA Verified IF Bench Adv. IF Multi-Challenge GraphWalks (<128k) BFCL v3
MAI-Thinking-1 85 31 69 85 53 90 72
Sonnet 4.6 87 29 50 86 57 96 76
Safety Honesty Health
Model AIR-Bench CyberSec Instruct CyberSec Auto Long Fact Truthful QA HealthBench Prof. MedXpert QA
MAI-Thinking-1 88 63 63 98 88 35 43
Sonnet 4.6 88 62 56 98 88 38 49

Table 12. Post-trained model evaluation results on various public benchmarks. All results for Sonnet 4.6 were
generated via our own evaluation suite. For AdvancedlF, we report rubric-level scores.

Agentic coding and tool calling. For agentic coding, we evaluate MAI-Thinking-1 on SWEBench Ver-
ified (Chowdhury et al., 2024), SWEBench Pro (Deng et al., 2025), and Terminal-Bench 2.0 (Merrill et al.,
2026). For tool calling we evaluate MAI-Thinking-1 on BFCL v3 (Patil et al., 2025). Unlike the STEM eval-
uations, these evaluations are multi-turn and require models to interact with environments. For all three
benchmarks, we evaluate our model with a very simple ReAct-style (Yao et al., 2023) loop, where we always
append to the agent loop depicted in Figure 18. For SWE-Bench Verified and SWE-Bench Pro, we enable
both bash and string replacement tools. For Terminal-Bench 2.0, we only enable bash tool to mimic the bare
minimal terminal interface. To eliminate the inference speed and infrastructure confounding factor (Segato,
2026), we ignore predefined timeouts for Terminal-Bench 2.0. More details about the evaluation setup are
in Appendix H.

General capabilities. In Tab. 12, we report our results on benchmarks covering knowledge, instruction
following, long context, safety, honesty, health, and tool calling. For benchmarks in these areas, we found
that not all labs report official results in model cards or model announcements. In order to provide a baseline
against which to compare MAI-Thinking-1, we evaluated Sonnet 4.6 using max reasoning effort and max
sequence length on these benchmarks and also report those results in Tab. 12. Across most benchmarks we
found that our model is comparable with Sonnet 4.6.

Specifically, we report on SimpleQA Verified (Haas et al., 2026) and MMLU-Pro (Wang et al., 2024b)
for knowledge and reasoning capabilities, IFBench (Pyatkin et al., 2026), AdvancedIF (He et al., 2025)
and MultiChallenge (Deshpande et al., 2025) for Instruction following, GraphWalks for long context ca-
pabilities, AIR-Bench (Zeng et al., 2024b) and CyberSecEval 4 (Wan et al., 2024; Meta, 2024) for safety,
Truthful QA (Lin ct al., 2022) and LongFact (Wei et al., 2024¢) for honesty, HealthBench (Arora et al., 2025)
and MedXpertQA (Zuo et al., 2025) for health knowledge tasks. For a description of each evaluation setup,
see Appendix J.

4.2 Human Side-by-Side Evaluations

To supplement the capability-focused public benchmarks described above, which focus on narrow and
objectively-defined quality criteria, we conducted human evaluations across a breadth of real-world tasks.
These evaluations compare two models side by side holistically with a focus on overall helpfulness. Side-by-
side evaluations help surface quality differences that aren’t apparent when reviewing responses in isolation.
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Task category Share of prompts

Open QA, brainstorming and advising, content authoring 13-14% each
Structured problem-solving, information extraction, academic help, insight generation, 6-7% each
content summarization

Task planning, context-based QA, other text analysis 5% each
Personal support, entertainment, chit-chat, role-play 3-4% each

Table 13. Task distribution for human side-by-side evaluation.

Evaluation task selection. Evaluation tasks are derived from complementary sources to ensure compre-
hensive coverage of genuine user needs and strong discriminative power for comparing models. The final
set contains 1276 tasks, all in English, 30% of which are multi-turn. See Table 13 for details on the task
distribution.

The first source of tasks is expert-authored prompts following a structured taxonomy spanning real-
world use cases of varying complexity, including both single- and multi-turn conversations. The second
source is logs from Microsoft’s consumer Copilot product, carefully filtered to exclude prompts containing
personally identifiable information (PII), prompts that are incomplete or lack necessary conversational con-
text, adversarial prompts, and prompts requiring custom configurations such as coding environments, image
generation capabilities, or access to external tools. We used stratified sampling to ensure use case coverage
and balance difficulty across dimensions such as specificity and constraint diversity.

Rater pool and evaluation process. To conduct these model evaluations, we worked with evaluators
managed by Surge Al, a reputable data labeling vendor. These evaluators are native English speakers from
a range of generalist and professional backgrounds. Evaluators are screened through a multi-stage qualifica-
tion process that assesses their ability to evaluate core LLM capabilities and failure modes, including fact-
checking, reading comprehension, and instruction following. Training materials include rating instructions
and examples of common failure modes.

For each prompt, a rater is first asked to carefully assess the MAI and other model responses individually
across several dimensions: instruction following (both explicit and implicit), factuality (using a search engine
to help with fact-checking), conciseness and relevance, completeness, and style and tone. For each dimension,
the rater determines whether the response had no, minor, or major issues. As a final step, the rater decides
on an overall preference rating between the two responses on a 7-point Likert scale, ranging from “much
worse than” (-1.5) to “much better than” (1.5). We observed strong inter-annotator agreement across the rater
pool, validating that ratings are consistent and reproducible within acceptable noise thresholds.

Results. Table 14 shows the human evaluation results on overall pairwise preference on a scale of
[—1.5,1.5] and the delta on individual quality dimensions on a scale of [—1, 1]. In aggregate we found that
raters preferred MAI-Thinking-1 to Sonnet 4.6, but preferred Opus 4.6 to MAI-Thinking-1. Versus Son-
net 4.6, MAI-Thinking-1 won 49% of comparisons, tied on 6%, and lost on 45%. Versus Opus 4.6, MAI-
Thinking-1 won on 43%, tied on 5%, and lost on 52%. On targeted dimensions, raters found MAI-Thinking-
1 superior to Sonnet 4.6 on conciseness and relevance and style and tone, and roughly equivalent (within noise)
on instruction following, factuality, and completeness.

4.3 Internal Safety Evaluation

Safety and over-refusal. We construct an internal benchmark to measure over-refusal on prompts iden-
tified as low-risk requests that the model should answer. A refusal judge then scores each response against
the prescribed strategy, flagging refusals, hedging, or unwarranted partial refusals. The over-refusal rate
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Model Performance vs Sonnet 4.6  vs Opus 4.6

Overall side-by-side preference 0.07+0.06  —0.07 +o0.06
Instruction following A —0.01 £0.02  —0.04 +0.02
Factuality A —0.02 +0.02  —0.03 +0.02
Conciseness and relevance A 0.11 +o0.02 0.07 +0.02
Completeness A —0.01 +£0.02  —0.02 +0.02
Style and tone A 0.08 +0.02 0.05 +0.02

Table 14. Human evaluation results for MAI-Thinking-1 versus Sonnet 4.6 and Opus 4.6. Positive values indicate
a preference for MAI-Thinking-1, while negative values indicate a preference for Sonnet or Opus.

is the fraction of prompts where the response fails to comply, and helpfulness is reported as one minus
this rate. Paired with the safety pass rate (judge safety score > 3 on a 1-5 Likert scale) on high-sensitivity
items, this surfaces the ideal model behavior that is safer on higher-risk, harmful requests and more helpful
on lower-risk, benign ones. See Appendix | for a detailed explanation of the evaluation methodology and
dataset construction.

Fig. 20 plots this safety-helpfulness balance for MAI-Thinking-1 against Sonnet 4.6. Across five of the
eight categories, MAI-Thinking-1 sits above and/or to the right of Sonnet 4.6 indicating positive perfor-
mance, with the largest gains on Chemical, Biological, Radiological, and Nuclear (CBRN), Self Harm, and
Elections & Politics.

Jailbreaks. We source 2.5K unique seed scenarios from vendors, internal red-teaming, and open-source
benchmarks including HarmBench (Mazeika et al., 2024) and StrongREJECT (Souly et al., 2024) to con-
struct an internal jailbreak evaluation suite. We augment the sourced prompts to produce a final evaluation
set of approximately 9.5K jailbreak prompts. We group these into three buckets by degree of transformation
and attacker adaptivity: Foundational, Compositional, and Adaptive Techniques (defined in Fig. 21). Founda-
tional Techniques are single-step transformations that preserve harmful intent through simple modifications
such as jailbreak wrappers or prompt templates. Compositional Techniques combine multiple transforma-
tions or structured rewrites, including template-based attacks such as PyRIT (Munoz et al., 2024), PAP-style
transformations (Zeng ct al., 20244a), and non-English or mixed-language variants. Adaptive Techniques in-
troduce interaction, search, or multi-turn structure, including TAP (Mehrotra et al., 2024) and multi-turn
attacks (Russinovich et al., 2024).

Fig. 21 reports attack success rate (ASR) across the three buckets; lower values indicate stronger safety.
Across these prompt transformation types, MAI-Thinking-1 achieves a low ASR comparable with Sonnet
4.6 and Opus 4.6.

5 Safety Red Teaming

To evaluate safety properties beyond automated benchmarks, we conducted red-teaming in parallel with the
model development cycle. The goal was to surface adversarial vulnerabilities, novel attack vectors, and harm
category gaps that automated evaluations do not reliably detect, and to feed findings back into training data
collection and policy refinements on a rolling basis.

5.1 Internal Red Teaming

Methodology. Internal red-teaming was conducted by MAI red teamers (safety researchers and recruited
external annotators), and was performed on different model versions throughout the development cycle.
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Figure 20. Safety—helpfulness tradeoff by harm category. Metrics are averaged over two generations per prompt.
For a given harm category, the model with better helpfulness-safety tradeoff lies to the top-right of the other
model. Both models are connected with a dotted line.

Across fifteen engagements spanning the early, mid, and late stages during MAI-Thinking-T’s development,
red teamers executed over 2,170 goal-based adversarial scenarios across 25 policy categories. Each scenario
ran over 5-10 conversational turns to allow escalation beyond first-turn refusals. We increased the scope and
difficulty of evaluations as successive model versions became more capable.

Annotators were screened for their adversarial-prompting ability and given access to internal model de-
ployments. They received a pre-populated tracker of goal-based scenarios, each with supporting context and
a target policy category, and were instructed to elicit policy violations over multiple conversational turns.
Violations were annotated with the outcome, the severity, the turn of the first violation, the text from the
worst violation, and other metadata. The program had several scope constraints: testing was primarily in En-
glish, with non-English inputs used in limited cases as a jailbreak vector rather than systematically evaluated;
and agentic tool-use and multimodal inputs were out of scope.

Findings and mitigations. A central output of the program is a taxonomy of attack patterns that recurred
independently across red teamers and model checkpoints, which we take as evidence that the patterns (not
the individual prompts) are the durable adversarial surface. Six patterns dominated: multi-turn escalation
under a benign pretext; fictional or novelistic framing; credentialed-persona pretexts; gradual recursion or
formatting drift (repeated requests to expand, reformat, or operationalize a previously hedged answer); in-
context age-indicator bypass; and authoritative-document fabrication. Across categories, the same patterns
drove the majority of red-team successes, and the taxonomy now functions as a coverage checklist for prompt
collection and judge-rubric development in subsequent cycles.

Findings fed back into training on a rolling cadence. A prominent recurring pattern was fiction-framing
bypasses that surface self-harm content, including multilingual variants. This pattern seeded a curated set
that was scaled into the safety evalulation and into seed-expansion for adversarial prompt collection in the
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Figure 21. Attack success rate on jailbreak evaluations grouped by transformation type. Foundational Techniques
are single-step transformations that preserve harmful intent through simple modifications such asjailbreak wrap-
pers or prompt templates. Compositional Techniques combine multiple transformations or structured rewrites,
including template-based attacks such as PyRIT (Munoz ct al., 2024), PAP-style transformations (Zeng et al.,
20244), and non-English or mixed-language variants. Adaptive Techniques introduce interaction, search, or
multi-turn structure, including TAP (Mchrotra et al., 2024) and multi-turn attacks (Russinovich et al., 2024).
Lower attack success rate indicates stronger safety. Error bars denote 95% confidence intervals. Third-party
model results include provider-side safety filtering.

SFT and RL safety mixes.

Across the top priority remediation categories identified during red teaming, aggregate attack success fell
by roughly 22% from pre-mitigation to the final candidate. We reduced jailbreak success by ~44%, hate &
fairness by ~43%, child safety issues by ~30% and mental health attacks by ~20%.

5.2 Independent Red Teaming

Additional red-teaming was conducted independently by Microsoft’s ATl Red Team (AIRT) and third-party
vendors. Engagements are scoped to risk areas where static evaluations are weakest — automated adversar-
ial attack methods, code and cyber-misuse safety, psychosocial and mental-health harms, and multilingual
coverage. Structured dangerous-capability / uplift evaluations (Phuong et al., 2024; Li et al., 2024b) are out
of scope for this release.

Adaptive Tree of Attacks with Pruning (TAP) attacks (Mehrotra et al., 2024) were surfaced as a ro-
bustness gap. In response, we built a targeted adversarial data pipeline that begins with broad generation
of realistic harmful scenarios, expands them through a diverse set of attack-transformation templates, and
then uses TAP-style adaptive refinement to optimize the resulting prompts against the current model until
they produce reliable model-specific failures. This closed-loop process turned an external red-team finding
into targeted remediation data, producing a large reduction in TAP jailbreak susceptibility and bringing the
model comparable to state-of-the-art models on the same attack vectors.

Low-resource language framing (Deng et al., 2024) was flagged as another vulnerability. Content re-
liably refused in English was elicited in Yoruba, Telugu, Amharic, Burmese, Khmer, and Malay. We re-
sponded by expanding the safety training data mixes with multilingual adversarial seeds, translating and
re-targeting high-yield English attack patterns into the affected languages. This closed a significant portion
of the English/non-English gap on the targeted languages, though multilingual robustness in the long tail of
lower-resource languages remains an area of continued investment.
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6 Cluster Environment

MAI-Thinking-1 required a cluster environment that is composable enough to support rapid iteration across
data, model, training, evaluation, and serving components; scalable enough to test improvements at frontier
size; and reliable enough that measured gains in model quality remain the focus rather than infrastructure
noise.

We therefore treat the cluster environment as an active part of model development. In training, the objec-
tive is to maximize useful FLOPs per wall-clock day while preserving numerical correctness, deterministic
recovery, high MFU, and high goodput. During inference, the objective is to maximize useful tokens per
second and per watt while preserving quality, long-context correctness, predictable latency, and deployment
efficiency. The same systems principles apply in both regimes: topology matters, memory movement mat-
ters, silent correctness failures are unacceptable, and aggregate throughput is only useful when it translates
into reliable model progress or reliable serving capacity.

This section describes three parts of that environment. Sec. 6.1 describes how the training cluster con-
verted raw accelerator capacity into a stable experimental substrate. Sec. 6.2 describes the stability, de-
terminism, and goodput metrics used to measure whether allocated GPUs were producing useful learning
progress. Sec. 6.3 briefly describes inference results from running MAI-Thinking-1 on Microsoft’s MAIA-
200 hardware (Microsoft, 2026).

6.1 Training Cluster

The cluster was designed as a system-level optimization problem. The required compute envelope was de-
rived from scaling-law estimates, data quality targets, token budget, and observed training efficiency. In-
frastructure planning then translated that envelope into usable FLOPs across datacenter power and cooling,
GPUs, CPUs, scale-up NVLink domains, scale-out InfiniBand fabric, storage, system software, diagnostics,
scheduling, checkpointing, and observability.

The planning target was not theoretical peak FLOPs alone. Long-running training jobs lose useful ca-
pacity to MFU loss, checkpoint overhead, recomputation, hardware attrition, maintenance, validation work-
loads, and recovery buffers. We therefore optimized for usable training capacity: the fraction of delivered
hardware that could be scheduled, kept healthy, driven at high MFU, and recovered quickly when failures
occurred.

MAI-Base-1 was trained on a single logical cluster at one site with 8K GB200 GPUs. This reduced ex-
perimental variance by keeping the run on a homogeneous accelerator generation, within known-good rack
health boundaries, under stable scheduler behavior, and close to predictable storage paths. The broader lab
environment included H100, GB200, and GB300 systems for development, validation, comparative profil-
ing, and next-generation bring-up, but the main run prioritized locality, topology stability, and operational
homogeneity.

More details about our cluster environment are in Appendix K.

6.2 Training Stability, Determinism and Goodput Metrics

Training stability was measured by the cluster’s ability to keep the job stepping productively, recover quickly
from failures, and preserve numerical correctness across restart paths. We tracked both visible failures
and silent efficiency losses. Visible failures included crashloops, node failures, InfiniBand and NVLink
link flaps and link downs, out-of-memory errors, pod terminations, checkpoint stalls, and manual requeues.
Silent efficiency losses included MFU degradation, recomputation, long startup paths, slow actor schedul-
ing, checkpoint-induced stalls, degraded memory behavior, and fabric conditions that did not immediately
crash the job but reduced useful throughput.

Determinism was treated as a first-class infrastructure property. At frontier scale, deterministic training
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is not only a model-code concern. It depends on the correctness and stability of the full execution substrate.
The cluster must eliminate silent data corruption (Hochschild et al., 2021; Dixit et al., 2021), keep commu-
nication topology stable, prevent unhealthy devices and links from entering the job, and preserve the order
of floating-point reductions and accumulations across checkpoint and restart boundaries.

Goodput was the primary production KPI. We define goodput as the ratio of ideal training duration to
actual wall-clock duration (Jiang et al., 2024; Grattafiori et al., 2024), with the gap decomposed into overhead
categories. This framing made the cost of failure explicit. A failure did not only cost the time until restart. It
could also force recomputation since the last durable checkpoint, trigger startup and actor-scheduling delays,
perturb placement, block checkpoint progress, or cause lower MFU after recovery. Similarly, an MFU drop
was treated as a production incident even when the job continued running, because the cluster was still
consuming allocated GPU-hours while producing less training progress than expected.

6.2.1 MFU and Goodput

The broader pattern was a transition from reliability to efficiency. The first layer of improvement came
from reducing interruptions like crashloops, node failures, link flaps, requeues, out-of-memory (OOM) er-
rors, and checkpoint stalls. The second and harder layer came from eliminating silent goodput loss like MFU
degradation, recomputation, long startup paths, slow process scheduling, checkpoint-induced stalls, and de-
graded network or memory behavior. At frontier scale, both layers mattered because every hour of overhead
compounded across thousands of GPUs. The operating goal was to treat goodput as the primary produc-
tion KPI: every failure mode, runtime slowdown, checkpoint event, and MFU regression had an owner, a
detection signal, a prevention path, and a quantified impact on usable FLOPs.

MAI-Base-1 pre-training run reached 90.0% goodput at 8K GPUs, despite being larger than earlier pre-
training runs. Total overhead dropped to 51 hours. Recomputation, the time spent reproducing previously-
computed steps after falling back to a checkpoint, fell to 6.5 hours, only 15% of overhead. Non-stepping
time dropped to 14 hours, or 27% indicating that the system became much better at staying alive, avoiding
repeated rework, and recovering without long manual intervention. However, the final run also showed the
next bottleneck clearly. MFU drop overhead became the largest single remaining category, at 18 hours and
35% of overhead. This was driven by checkpointing, network degradation, memory pressure, and hardware
health transitions. The failure trends also improved but did not disappear.

6.3 Inference Efficiency and Model Deployment

As reasoning models become increasingly important, inference cost, latency, and serving scalability emerged
as key constraints on deployment. We therefore treated inference efficiency as a first-class objective through-
out the development of the model, pursuing opportunities across the stack: model architecture, serving
engine, and even choice of hardware for deployment.

To improve our performance per watt, we implemented MAI-Thinking-1 on Microsoft’s MAIA-200
hardware. Compared to a GB200-based deployment, MAIA-200 delivers over 40% higher token genera-
tion throughput under the same rack power budget. This improvement in performance per watt enables
more efficient utilization of datacenter power and supports serving larger inference workloads at scale.

6.4 Sustainability and Community-First Al Infrastructure Initiatives

It is important to us that the development of Al is sustainable socially, environmentally, and within the
communities that our infrastructure is built and operated. Microsoft is committed to being carbon negative,
water positive, zero waste, and to protecting ecosystems. In 2025, the company met a milestone on this
journey by matching 100% of our annual global electricity consumption with renewable energy.
MAI-Thinking-1 was primarily trained on Microsoft-owned infrastructure in Phoenix, AZ, which has
been built to meet LEED Gold Certification standards, recognizing excellence in environmental sustainabil-
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ity and energy efficiency. As one example, our backup generators here use a renewable diesel that reduces
net carbon emissions compared to a traditional petroleum-based diesel.

Microsoft’s Community-First Al Infrastructure initiative commits to minimizing environmental impact
and investing in the communities where it builds and operates. This approach is grounded in close part-
nership with Phoenix-area utilities, water authorities, and conservation organizations to strengthen shared
infrastructure while reducing overall system demand.

Microsoft has committed more than $50M to growing public water assets, including a municipal water
storage facility with the City of Goodyear, alongside funding for water and wastewater pipeline extensions
and broader system upgrades that benefit the community. These investments are paired with conservation
efforts in collaboration with partners such as the Gila River Water Storage system and The Nature Conser-
vancy, helping recharge groundwater and improve basin-level efficiency.

At the same time, Microsoft is investing in long-term workforce development through its Datacenter
Academy hosted at Estrella Mountain Community College and Glendale Community College, ensuring that
infrastructure growth in Phoenix translates into durable economic opportunity for the community.

7 Conclusion and Future Directions

We introduced our hill-climbing machine, our approach to model development that optimizes every com-
ponent of the pipeline, from data and infrastructure to RL recipes and evaluation. MAI-Thinking-1 is the
first model produced by this machine: a 35B active / 1T total parameter MoE trained without distillation
from third-party models. MAI-Thinking-1 stands among the strongest models in its weight class on STEM
reasoning and software engineering tasks.

MAI-Thinking-1 is a starting point, not a destination. Looking forward, we plan to extend our hill-
climbing to more modalities, larger scales, and refined capabilities. Progress in Al is not the product of any
single model; it is the product of pipelines that can be reliably improved. We will continue refining ours,
and we look forward to sharing our future climbing progress.
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A Pre-training Data Pipeline Details

This appendix provides further details for the processing of our major pre-training data sources described
in Sec. 2.4.

A.1 Web HTML

The majority of our web HTML corpus comes from a proprietary crawl. After initial page discovery and
selection, approximately 1.2 trillion pages are crawled and parsed. HTML is converted to text using Trafi-
latura (Barbaresi, 2021), producing extracted text together with language ID and a corresponding confidence
score. During extraction, we infer document encodings rather than assuming UTF -8 prior to processing.
This approach improves robustness when handling multilingual web data with legacy, missing, or incor-
rectly declared encodings.

After parsing, all pages go through filters for policy compliance, adult content, overlap with the web
PDF corpus, and blocklisted domains. In addition to Microsoft standard policy Sec. 2.4, we apply UT1
block list (Prigent, 2026) to remove adult content and piracy-related domains. In all, this filtering reduces
the corpus from 1.2 trillion pages to 794 billion pages. Given the prevalence of Al-generated content on
the web, we also score pages with a proprietary Al-content detection model and use manual inspection to
identify domains with extensive Al-generated content; those domains are filtered out of the training corpus.

The filtered web corpus then undergoes exact and fuzzy deduplication. We normalize documents by
lowercasing and trimming whitespace, then remove exact duplicates using MD5 hashes. This reduces the
corpus from 794 billion to 423 billion documents. Our fuzzy duplication follows the LSH method and
parameters described in Sec. 2.4.3. After fuzzy deduplication, the proprietary crawl contains 73.4 billion
English documents and 116.5 billion non-English documents.

We process Common Crawl with the same pipeline. Starting from roughly 300 billion pages, we keep
the latest retrieved content for each URL, reducing the corpus to about 100 billion pages. After filtering,
deduplication, merging with the proprietary web corpus, and a final round of exact-URL and content-level
fuzzy deduplication, the Common Crawl portion contains 24.2 billion pages.

For downstream processing, we compute text embeddings for all web pages using Qwen3-Embedding-
0.6B (Yang et al.,, 2025). The resulting corpus is then processed through pipelines tailored to general web
pages, STEM pages, code pages, and key domains.

General web pages. For general web pages, we use a combination of filtering and quality binning to en-
able finer-grained data mixing of this large corpus. First, we apply attribute models to the text embedding of
each document. These attribute models score pre-training-relevant properties such as educational value, fac-
tual accuracy and reliability, writing quality, information density, reasoning content, and general-knowledge
value. On top of these attributes, we train a quality model and filter out the bottom 70% of English docu-
ments. We then apply Gopher-style (Rae et al., 2022) heuristic filters based on word statistics, punctuation
patterns, common n-grams, and related document-quality features. This retains roughly 4.6 billion English
documents from our proprietary crawl and 2.8 billion English Common Crawl documents. For the purpose
of data mixing, these documents are binned using a combination of metadata and embedding-based quality
scoring. Multilingual web data is prepared similarly to English general web data, but with language-aware
filtering and quality scoring.

In addition to the broad general-web pipeline, we construct a high-quality subset of human-curated
web content to better capture engaging, well-written long-form prose. We source candidate domains from
human-curated surfaces, such as magazine and long-form reading aggregators, as well as external reference
links from social platforms, and retrieve the corresponding pages from our web corpus.
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STEM pages. Broad coverage of high-quality STEM content during pre-training is important for down-
stream mathematical and scientific reasoning capabilities. However, such content is relatively sparse on the
web and often contains structured elements such as equations, code snippets, and technical markup that
are not well handled by generic web processing pipelines. We therefore construct a dedicated pipeline to
identify and extract STEM content from the web.

We identify candidate STEM pages using embedding-based classifiers along three dimensions: topic, edu-
cational value, and educational level. Topic is modeled using seven binary classifiers corresponding to Math-
ematics, Physics, Statistics, Chemistry, Biology, Engineering, and Computer Science. A shared educational-
value classifier is used to separate educational content, such as research papers, Q&A forums, tutorials, lec-
ture notes, and blogs, from low-value pages such as product listings, citation indices, commercial content,
and boilerplate. Finally, an educational-level classifier assigns each document to high school, undergradu-
ate, or graduate level for data mixing. To improve corpus quality, we additionally apply a set of heuristics
tailored for STEM content, as generic web filters often over-penalize documents containing equations and
numerical expressions. These heuristics remove PDF URLs, calculator domains, patent domains, known
Al-generated-content domains, and domains identified as low quality, and filter documents based on word
count, digit ratio, alphabetic character ratio, duplicate-line fraction, stop-word density, and the fraction of
lines ending with ellipses.

Because Trafilatura does not always preserve mathematical equations and code well, we build a cus-
tom extraction pipeline for STEM documents. Starting from the raw HTML, we normalize MathML and
IETEX content and convert the document to Markdown. We then split the document into sections, preserv-
ing each math and code block as separate units, and use a language model to classify each section as keep
or remove. The model is restricted to binary inclusion decisions and cannot generate synthetic content. Fi-
nally, we clean and normalize the extracted content using OpenWebMath-style post-processing (Gokaslan
and Cohen, 2019), so that equations are consistently delimited.

This pipeline yields an English STEM corpus of 680B tokens, of which 76B are mathematics-related.
For multilingual data, we obtain an additional 760B STEM tokens, including 58B high-quality mathematics-
related tokens.

Code pages. For code-specific web pages, we reuse the STEM pages pipeline, including topic classifica-
tion, educational-value classification, and LLM-based extraction, filtering on the Computer Science topic.
To further improve quality, we score each candidate document using Qwen3-30B (Yang et al., 2025). The
judge prompt is optimized with GEPA / DSPy (Agrawal et al., 2026) with approximately 2,000 human labels.
After filtering out low-quality documents with additional heuristics, we obtain a dataset of approximately
233B tokens.

Key domains. For selected high-value domains, we use modified extraction pipelines to better preserve
domain-specific structure and content. For example, for Wikipedia, we err on the side of inclusion to avoid
dropping useful information when standard extraction would otherwise discard important page elements.

A.2 Web PDFs

We collect a web-crawled PDF corpus of approximately 10B documents spanning educational, lifestyle, tech-
nical, and professional documents. Using heuristics and classifiers on text extracted from PDF bytes, we filter
this down to 620M documents for further processing. To convert the documents into trainable text, we use
Azure Document Intelligence (Azure DI).

We apply several post-processing steps to the OCR outputs:

* ecquation and table normalization

+ removal of boilerplate such as headers, footers, and text detected in figures
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» removal of OCR artifacts such as glyph errors
+ line unwrapping by removing line breaks and hyphenation
+ removal of reference sections from academic documents

We remove SEO and spam content using text-level classifiers and PDF metadata heuristics. In particular,
the PDF metadata fields “creator” and “producer” are useful high-precision signals for filtering. We further
filter documents using heuristics such as text length, gzip compressibility, alphanumeric ratio, and table ratio,
as well as quality classifiers.

After fuzzy deduplication, the PDF dataset consists of 1.8T English tokens and 1.85T multilingual tokens.
To support data mixing, we classify documents as educational or non-educational. Educational documents
are further categorized into mathematics, computer science, STEM, and non-STEM, and assigned an edu-
cational level among high school, undergraduate, and graduate.

A.3 Books and Journals

We acquire books and journals from various providers, including through direct agreements with publishers.

For each provider, we build a dedicated ingestion pipeline suited to the underlying data format and con-
sistent with the usage limitations attached to the content. Each pipeline transforms the raw content into
a canonical text format. The standardized text is then processed through OCR artifact cleaning, heuristic
filtering, and content selection. The cleaned text goes through exact deduplication, title deduplication, and
fuzzy deduplication to reduce unwanted repetition. Finally, using an LLM for annotation, each document in
the corpus is given topic and quality labels to assess each work’s usefulness for LLM pre-training and enable
better control over data mixing.

A.4 Public GitHub

We source most of our 74 T-token code pre-training corpus from public GitHub repositories and organize
it into three datasets: files, commits, and pull requests (PRs). All three datasets undergo shared filtering,
deduplication, decontamination, and quality scoring pipelines.

Shared processing. We first apply heuristic file-level filters to remove non-code and low-quality data.
These filters include:
« Removal of files in junk folders such as node_modules, build, __pycache__, and .vscode.

+ Detection of generated code via path patterns such as protobuf outputs like _pb2.py and TypeScript
declaration files such as .d. ts.

+ Exclusion of non-code file types such as binaries, images, archives, documents, and fonts.
* Rejection of files exceeding 30K characters or containing excessively long lines.
+ Character-composition checks to filter out data dumps.

We then perform exact deduplication via SHA-512 hashing, followed by MinHashLSH-based fuzzy
deduplication and semantic deduplication using cosine similarity over 1024-dimensional embeddings from
Qwen3-Embedding-0.6B (Yang et al., 2025). We also decontaminate against coding problems used in rea-
soning training and evaluations. Finally, each example is assigned a quality score and placed into discrete
quality bins for quality-aware sampling.

After dataset-specific processing, examples in each dataset are greedily packed into fixed-length se-
quences, yielding approximately 1.26T, 4.5T, and 1.19T tokens for files, commits, and PRs, respectively.
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Files. The raw files dataset consists of the latest version of each file across all repositories. We apply ad-
ditional heuristic filtering using filters similar to those described in StarCoder2 (Lozhkov et al., 2024), and
specifically discard non-programming files from repositories with large token counts. Files are grouped by
repository, sorted in depth-first traversal order of the repository structure, and concatenated into repository-
level sequences.

Commits. The raw commits dataset consists of the most recent 10K commits extracted from each repos-
itory. Each row contains the pre-commit state of all modified files together with the patch applied by the
commit. Commits that appear as constituents of a PR are removed to avoid redundancy across datasets. The
pre-commit state of modified files serves as a loss-masked prefix, while the trainable text consists solely of
the commit patches, rendered in either git-diff or search-and-replace format.

Pull requests. The raw PR dataset is constructed by extracting all constituent commits from cloned repos-
itories and joining relevant metadata to each PR. Each row contains the PR title, body, linked issues, issue
comments, reviews, threads, review comments, pre-commit file states, and the ordered list of constituent
commits. The PR dataset is additionally decontaminated against SWE-Bench Verified by removing all PRs
used in the benchmark. The pre-commit state of modified files serve as a loss-masked prefix; the trainable
text comprises the remaining fields, including the PR title, body, linked issues, reviews, comments, and the
patches from the constituent commits. When metadata can be mapped to a specific commit (e.g., review
comments and threads), it is placed immediately after the corresponding commit patch rather than at the
PR level. We also apply prefix compression for excessively long prefixes by stochastically selecting lines sur-
rounding each git patch location to fit within a fixed token budget. Sequences that still exceed 256K tokens
after compression are discarded.

B Long Context Extension

Our pre-training target is a 256K token context window. Rather than training at the full 256K context length
throughout pre-training or mid-training—which would be impractical due to the low MFU at long sequence
lengths—we adopt a staged approach: the model is pre-trained at 16K, mid-trained at 64K (Stage 1), and then
extended to 256K in a short dedicated phase (Stage 2). This section presents the ablations and evaluations
that informed this recipe. Unless otherwise mentioned, all ablations are done on small scale models

B.1 Data

We experimented with a number of data mixture variants for the context extension phase, including up-
weighting long-context documents and adjusting mixture ratios across domains. Ultimately, none of these
modifications yielded meaningful improvements. The simplest approach—using the same data mixture as
the preceding mid-training stage, re-packed at the target 256K sequence length—works well and is what we
adopt for the final model.

B.2 Evaluation Setup

We evaluate long-context quality on a variety of evaluation benchmarks, some of which we document below.

Code NLL. We serialize an internal code repository into a linear token stream and extract 256K-token
chunks. For each chunk, the final 16K tokens serve as the suffix on which we compute NLL, and we progres-
sively increase the prefix from the immediately preceding tokens such that the total context (prefix + suffix)
is 16K, 32K, 64K, 128K, or 256K. An ideal long-context model should leverage the additional prefix—which
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contains related code from the same repository—to further reduce the suffix loss. As shown in Fig. 22(b),
the context-extended checkpoint exhibits exactly this behavior: its NLL decreases monotonically from 16K
to 256K, demonstrating effective use of the full context window. In contrast, models mid-trained at shorter
context lengths without extension see their NLL increase once the contexts reach > 2x of the training distri-
bution.

Retrieval NLL. To test whether the model can retrieve and utilize relevant information regardless of where
in the context it is located, we design a controlled experiment: we select a 32K-token document (daily
standup notes from post-training) and split it into two 16K-token blocks, A (suffix) and B (prefix), where
the prefix B provides useful context for predicting the suffix A (i.e., NLL(A | B) <« NLL(A)). We then pro-
gressively insert irrelevant chunks (pre-training related design documents) between A and B, increasing the
total context length up to 256K tokens. Without dedicated long-context training, the model’s NLL on the suf-
fix degrades substantially as the related prefix moves further away indicating that the model is increasingly
distracted by the intervening irrelevant content (22(a)). In contrast, the long-context checkpoint maintains
a nearly flat NLL regardless of the distance between the related blocks, demonstrating robust information
retrieval across the full 256K context window.

Generative QA. We construct a simple question-answering benchmark over internal repository docu-
ments, placing questions at varying positions within the context and measuring answer accuracy as a func-
tion of total context length and evidence position. On this benchmark, the model exhibits up to 4x length
extrapolation capability: a model trained at 32K context can answer questions correctly in contexts up to
128K tokens (Fig. 22(d)). We observe that as the total context length increases beyond the training distribu-
tion, the model has disproportionate difficulty retrieving information from receznt (end-of-context) positions
rather than distant ones (Fig. 22(e)). This could be explained by the distributional shift—when evaluating a
model trained at 32K on a 64K input, the first 32K tokens fall within the training distribution, while the final
tokens occupy positions the model has not been trained on. Long-context training resolves this asymmetry.

B.3 Progressive Context Length Scaling

A natural question is how much quality we sacrifice by not mid-training at our maximum desired context
length. Fig. 22(b) addresses this by comparing five configurations on code NLL : four mid-training runs of
1T tokens at context lengths 16K, 32K, 64K, and 128K (all following 16K pre-training), and a progressive
approach that mid-trains at 32K for 1T tokens then extends to 256K with approximately 100B additional
tokens.

At 128K context, the progressive checkpoint matches the NLL of the full 1T-token 128K mid-training
run, despite using far fewer tokens at long context lengths. Furthermore, all five configurations converge
to roughly the same NLL at short context lengths (16K and 32K), confirming that training at longer context
lengths during mid-training does not meaningfully impact short-context quality. This means there is no
reason to pay for expensive long-context mid-training if a short extension phase at the end can achieve the
same result. The figure supports a general recipe: mid-train at a short, MFU-friendly context length and
extend at the end.

B.4 Speed of Adaptation

Fig. 22(c) shows the 256K code NLL trajectory during the context extension phase of an ablation. The adap-
tation is remarkably fast: the vast majority of the NLL improvement occurs within the first 1-10% of train-
ing iterations, after which the curve plateaus. This rapid convergence suggests the model is not acquiring
fundamentally new capabilities during context extension, but rather calibrating its positional and attention
mechanisms for sequence lengths not seen during earlier training. The representations needed to leverage
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long context are already present from pre-training and mid-training; the extension phase simply adjusts
them for out-of-distribution positions.

B.5 Final Recipe

For the final model, we opted for 64K mid-training followed by 140B tokens of 256K extension. While the
ablation analysis (conducted primarily on NLL metrics) suggested that shorter mid-training context lengths
and shorter token horizon for length extension would suffice, the interaction between context length and
post-training was less well characterized, and we chose the more conservative option. The overall context
extension phase remains fast and cheap relative to the rest of training. Looking ahead, the same staged
approach naturally extends to even longer context windows—the short final extension phase could target
1M tokens or beyond in place of 256K, at modest compute cost.
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Figure 22. Long-context extension evaluation. (a) Retrieval NLL: suffix NLL as related 16K prefix is pushed
further away by irrelevant context. The long-context checkpoint maintains flat NLL regardless of distance; with-
out long-context training, NLL degrades substantially. (b) Code NLL vs. context length for five configurations:
mid-training at 16K, 32K, 64K, and 128K (IT tokens each), plus a progressive approach (32K mid-training +
short 256K extension). The progressive checkpoint matches or exceeds mid-training at 128K. (c) 256K code
NLL during the context extension phase. Most of the improvement occurs within the first 1-10% of training
iterations. (d) Answer accuracy vs. context length on the generative QA benchmark. The pre-trained base and
mid-trained (32K) models degrade sharply beyond their training context lengths, while the long-context check-
point maintains near-perfect accuracy up to 256K. (¢) Answer accuracy by evidence position (averaged across
context lengths). Without long-context training, accuracy drops as evidence moves toward the end of context—
the out-of-distribution region. Long-context training resolves this asymmetry.
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C Evolution of Reasoning Traces

Our models climb from scratch, without distilling on any third-party chain-of-thoughts (CoTs). This gives
us a clean vantage point for studying how CoTs evolve as the model strengthens. In this section, we study
some of the behaviors that emerge in our model’s CoTs during RL training. We analyze both our STEM climb
Sec. 3.2 and our agentic climb Sec. 3.3’ rollouts for change of behavior archetypes, refleced in CoTs. (Guan

et al., 2025; Baker et al., 2025)

C.1 STEM CoTs

Weak models guess, strong models work hard. Consider the following problem from AIME 2024
(answer: 240).

There are exactly three positive real numbers $k$ such that the function $f(x)=\frac{(x-18)(x
-72)(x-98) (x-k)3{x3$, defined over the positive real numbers, achieves its minimum value at
exactly two positive real numbers $x$. Find the sum of these three values of $k$.

The key distinction is not in the initial algebraic setup, but in the final verification step. The strong
model derives the four algebraic candidates k& € {8, 32,200,512} and filters them by the domain condition
x > 0, excluding 512. The weak model instead guesses candidate minimizers from the visible roots 18, 72, 98,
producing spurious values such as 40 and 152.

Weak model excerpt: guesses the minimizers, fabricating roots

Or maybe the other two k's are when x1, x2 are related to 18, 72, 98 in another way, maybe when
k is such that x1 = 18, x2 = 72, or similar. If x1, x2 are 18, 72, then from (1) x1+x2 =
90 = 94 + k/2 -> k/2 =90 - 94 = -4 -> k = -8, which is not positive. So not. Or if x1, x2
are 18, 98: 116 = 94 + k/2 -> k/2 = 20 -> k = 40. Or if x1, x2 are 72, 98: 170 = 94 + k/2
-> k/2 = 76 -> k = 152. So possible k's are 40, 152, 512. Let's verify k = 40: if k = 40,
then x1+x2 = 94 + 40/2 = 114. x1x2 = sqrt(18*72*98*40).

[...] Are 18, 98, 72, 40 related? [...] Not sure, but maybe this is possible. So these may be
the three k's. So the three k's are 40, 152, 512. Then the sum is 4@ + 152 + 549 = 7047
Wait, 40 + 152 = 192, 192 + 512 = 704.

So the sum is 704.

Strong model excerpt: derives each candidate and checks the domain

[...] Now check each:

$k=8%: quadratic $x"2 - 98 x + 1008$% has roots $x1\approx11.68>0, x2\approx86.33>0$%. Yes.
Therefore, for $k=8%, $f(x;8)= m + \frac{(x-x1)"2 (x-x2)"2%{x}$ with $m= -10368%, and the
global minimum over $x>0% is $m$ attained exactly at $x1,x2$. Yes, matches (these are in
the two negative intervals $(8,18)% and $(72,98)%).

$k=32%: quadratic $x72 - 110 x + 2016$ has roots $x1\approx23.24>0, x2\approx86.76>0%. Yes.
Global minimum $m= -7200% attained exactly at these two points (intervals $(18,32)$ and $
(72,98)%) .

$k=200%: quadratic $x72 - 194 x + 5040% has roots $x1\approx30.90>0, x2\approx163.10>0$. Yes.
Global minimum $m= -194688% attained exactly at these two points (intervals $(18,72)% and $
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(98,200)$) .

$k=512%: quadratic $x72 - 350 x - 8064$% has roots $x1\approx371.70>0, x2\approx -21.70 < 0$.
Therefore, for $k=512$%, $f(x;512)= m + \frac{(x-x1)"2 (x-x2)"2}{x3$ with $x2<0 =>$ $f(x)>=
m$ for all $x>0% but equality only at $x1>0$%. So global minimum attained at exactly one
positive real number $x$ (and not two). Also we saw there i1s another local minimum but its
value 1s higher than $m$.

Thus $k=512% is excluded.
Now we have three values: $k=8, 32, 200%.

Also 'lets quickly ensure that for these $k$ there are no other points where $f(x)=m$ (the
problem states “achieves its minimum value at exactly two positive real numbers "$x$).
Since $f(x)-m = \frac{(x-x1)"2 (x-x2)"2}{x}$ and $x1!=x2%, equality only when $x=x1$ or $x=
x2$. Yes, and both > 0.

Also check the domain is $x>0%.

Now we have three values: $k=8, 32, 200$%, so the sum is 240. [...]

Weak models brute force, strong models find invariants. Consider the following AIME25 problem.

Let N denote the number of ordered triples of positive integers (a, b, c) such that a, b, c <=
376 and a3 + b3 + ¢”3 1s a multiple of 377. Find the remainder when N is divided by 1000.

The weak model attempts to simplify the congruence by assuming that cubing is a bijection on units
modulo 37. This would turn the cubic condition into a linear one, but the assumption is false: ged(3, ¢(37)) =
3, not 1. By contrast, the strong model identifies the relevant invariant: for powers of 3, unit cubes are not
arbitrary units. They form an index-3 subgroup, characterized by congruence to +1 (mod 9).

Weak model excerpt: incorrect linearization

Alternatively, observe the condition mod 3: if 3 'doesnt divide some of them.
### Case 1: 3 does not divide a, 3 does not divide b, 3 does not divide ¢ (all units mod3)

Then a,b,c are in $(\mathbb{Z}/377\mathbb{Z3})**$. And since x->x"3 is bijection, 'lets set $x \
equiv u”3 \pmod{3771$, $y \equiv v~3 \pmod{3771$, $z \equiv w”3 \pmod{37"71$ with u,v,w in $
(\mathbb{Z¥/3727\mathbb{Z})"*$.

[--]

Actually, more carefully, since cubing is bijection on units, the map (a,b,c) mod3*7 -> (a”3,b
A3,c”3) mod377 1s bijection on $(\mathbb{Z}/377\mathbb{Z})"* \times (\mathbb{Z}/377\mathbb{
Z¥)~* \times (\mathbb{Z3}/327\mathbb{Z})"*$. Therefore, the number of solutions with 3 \nmid

a,b,c and a”3 + b"3 + c”3 \equiv 0 \pmod{377% is equal to the number of solutions with 3 \
nmid a,b,c and a + b + ¢ \equiv @ \pmod{377%.

Strong model excerpt: identifying the invariant

Also recall the lifting the exponent / structure of cubes of units mod powers of 3: for $x \not
\equiv @ \pmod{31$, 'lets see $x \pmod{3°si$.

[...]

Note that for $x \not\equiv @ \pmod{331$, by 'Eulers theorem $x"{\phi(37e)} = x"{2\cdot 3"{e-111}
\equiv 1 \pmod{3”et$, and the multiplicative group mod $3"e$, $e\ge2$, is cyclic of order
$2\cdot 37{e-11$. The map $x \mapsto x”*3$ has image the unique subgroup of index 3.

[...]
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Also, for $3 \nmid y$, 'lets see $y”3 \pmod{3”m}$.

[...]

Note that for $e\ge2$, $(\mathbbiZ}/3%e\mathbb{Z})"* = \langle -1 \rangle \times \langle 4 \
rangle \cong C_2 \times C_{3"{e-1}1$. The element 4 has order $37{e-11$ mod $3%e$ (a
generator of the l-units).

[...]

Then $y \equiv (-1)7s 47t \pmod{3”el$, $s\in\{0,1\}, t\in\{0,\ldots,3"{e-13-1\3$, and $y"3 \
equiv (-1)7§{3s? 47{3t} \equiv (-1)"s (473)"t \pmod{3~el$.

[...]

Also, the image $\{y”3 \pmod{37e? : 3\nmid y\}$ is a subgroup of index 3 in $(\mathbb{Z}/3%e\
mathbb{Z})7~*$: 1t consists of elements $z$ with $z \equiv \pm 1 \pmod{9}$.

Strong models are skeptics. Another problem from AIME25. Here the strong model pauses to re-
examine its own solution when in doubt (“Wait, let’s re-examine”), catching the corner case that lets it answer
correctly.

Weak model excerpt: labels the empty grid “maximal” and never rechecks

Can a placement with zero chips be maximal?

[...] So for an empty grid, can you add a chip? Yes, you can add a white chip in any cell. But
in our case, if all rows are W and all columns are B, can you add a white chip? Let's see:
to add a white chip in cell (i,j), the cell becomes white. So row i1 must be white, which 1is

ok (row i1 is W). Column j must be white, but column j is B, so you can't add a white chip.
Can you add a black chip? row i1 must be black, but row i1 is W, so no. So actually, if all
rows are W and all columns are B, the empty grid is maximal (you can't add any chip). So
placing zero chips is allowed.

[...] So total placements would be Case 1 + Case 2 + Case 3 = 960 + 32 + 32 = 1024.

Strong model excerpt: distrusts its own converse and tests it on a small case

Take the example: $s_1=W$ for all i, $t_j=B$ for all j => $S=\emptyset$, $c$ is empty function.
Now take this $(S,c)=(\emptyset, \emptyset)$ (the empty placement). Can we place an
additional chip in cell (1,1)? [...] choose $x=W$. Then row 1 has a white chip: ok. Column
1 has a white chip: ok. Conditions 1,2 satisfied. Therefore, the placement $(\emptyset,\
emptyset)$ does NOT satisfy condition 3.

But according to our general argument above we wrote: "Conversely, if we take any $s_i,t_j \in
\{W,B\1$, define $S=\{s_i==t_j\}, c(i,j)=s_1$, then $(S,c)$ satisfies 3."
That's wrong in logic? Wait, let's re-examine that argument for the example.

[...1]
### Small test case

Let's try a smaller case to check the logic, say $1\times 1% grid, 1 white chip, 1 black chip.
Find the number.

[...]
Now using our formula logic: grid $1\times 1 =>$ 1 row, 1 column.
Find $|Y| = $ number of $(s_1, t_1) \in \{W,B\3"2$ with $\{s_1\} = \{t_1\31$.

[...]
So pairs (W,W) and (B,B): 2 pairs.

Yes, that matches exactly

C.2 Agentic CoTs

Strong models write and run unit tests while weak models only do basic sanity checks. One be-
havior that emerges over the course of agentic RL training on SWE tasks is regularly running unit tests to
verify work.
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Weak model excerpt: does basic sanity checks to confirm the proposed solution addresses the requirements in
the problem statement, but does not actually run unit tests.

Looking at the changes I've made, I've successfully implemented all the requirements from the
problem statement. Let me review what I've accomplished:

For model.py:

- Added a SeedDict TypedDict class with a "key" field of type str

- Added proper type imports and type definitions (SeedSubjectString, SeedSubjectType, Seed)

- Created a _normalize_seed() helper method to consistently handle all seed formats

- Added explicit return types and input argument types to all public methods in List and Seed
classes

- Refactored add_seed(), remove_seed(), and _index_of_seed() to support all seed formats and
use normalized string keys for duplicate detection

- Fixed get_export_list() to return a dictionary with three keys ("authors", "works", "editions
") each containing fully loaded Thing instances

- Updated get_seeds() ..

- Added type annotations to all Seed class methods ..

- Enhanced the Seed class to handle "author" and "redirect" type strings

For lists.py:

- Added subject_key_to_seed() function ..

- Added is_seed_subject_string() function ..

The implementation improves type safety, code readability, and maintains backward compatibility.
The seed handling logic is now more robust with consistent normalization, and the type
annotations provide better static analysis support. All the requirements from the problem
statement have been addressed.

Strong model excerpt: reviews problems requirements azd runs unit tests to check work.

The tests still pass. So I have all the core functionality working. Let me look at the full
picture. I need to consider if I've addressed all the requirements from the problem.

For the requirements:

All public methods in List and Seed have type annotations — I've added them to the key

methods

- SeedDict TypedDict defined in model.py

- is_seed_subject_string function — I created it

- subject_key_to_seed function handles normalization correctly .. — let me verify

- get_export_list returns correctly structured dict with lists of dicts

- add_seed and remove_seed handle all formats and have better duplicate detection ..
Overall, I think I've addressed the core requirements. All existing tests continue to pass,
confirming backward compatibility.

Strong models do evidence archaeology vs weak models fixate edit-mechanics. Strongcheckpoints
during the climb usually have CoTs seeking repository evidence (reverted commit, payloads, tests) before
patching. Weak CoT identifies the right target but spends later turns on exact edit mechanics and corruption
recovery, with small scope and certain degrees of fixation.

Weak model excerpt: focus on a lot of targeted edits and editing ergonomic, taking small steps only.

- I need to start by exploring the codebase structure to understand how Leaflet is organized.
Since the task involves adding “toGeoJSON()  methods to various layer types, I should first
1. Understand the overall project structure 2. Locate the source files for these layer
types (Marker, Polyline, Polygon, LayerGroup, etc.) 3. Understand the existing code
patterns and conventions used in Leaflet Let me get a bird's-...
- Now I have a good understanding of the codebase. Let me plan the implementation: **
Understanding the coordinate conversion:** - Leaflet uses "[lat, lng]  internally - GeoJSON
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requires "[lng, lat] order - For Marker: “{type: 'Point', coordinates: [lng, lat]} - For
Polyline: “{type: 'LineString', coordinates: [[lng, lat], ...]} - For Polygon: " {type:
Polygon', coordinates: [[[lng, lat], ...repeat first...], [[ho...

- I need to make sure my old_str exactly matches the content in the file. Let me view more of

the end of the Marker.js file to see the exact structure and line endings.

- Now I see the exact structure. The file has mixed indentation (tabs are used in some places,
spaces in others - I need to preserve the style). Let me add the "toGeoJSON()  method to
Marker, following the same formatting style.

Looking at the file again, I see it uses tabs for indentation rather than spaces. I need to
match the exact tab indentation used in the file.

- Let me view the exact range from line 265 to the end to see the precise formatting.

- Now I can see the exact formatting with tabs (shown as spaces but they're likely tabs). Let

me add the toGeoJSON method.

Strong model excerpt: fully explores the repository and collect extensive evidence without taking actions pre-
maturely.

- Let me start by exploring the codebase. I need to understand how the check enforcer currently
works - how it handles CI checks, webhooks, and processes GitHub events. This will help me
understand what needs to be modified to support GitHub Actions as a first-class citizen

alongside Azure Pipelines.

- Let me read the main code files - main.go, types.go, and other key files. I need to
understand the architecture. The problem mentions Azure Pipelines check-suite handling,
webhooks, and CI evaluation logic. Let me see how it's currently implemented.

- I see the structure. The code currently handles: 1. Issue comments that contain */check-
enforcer” commands 2. Check suite events from Azure Pipelines (app named "Azure Pipelines")

But the problem says we need to handle: 1. GitHub Actions as a first-class signal (not
just Azure Pipelines) 2. Multiple relevant suites may exist - currently GetCheckSuiteStatus
in github_client.go I need to see 3. Workflow-run events -...

- I see in GetCheckSuiteStatus (line 105-138 in github_client.go) - it gets all check suites,
then finds the first one that matches AppTarget (which is "Azure Pipelines" in the current
code). But it returns just the first matching suite's status/conclusion. But the problem
says "evaluate the overall commit status from the relevant suites rather than assuming
"theres only one app or one event shape involved" and "mul...

Looking at the codebase, I see the current implementation. Let me read more of the test files

and understand what's expected. I see in main_test.go there are tests. Also I need to
understand what the requirements are more precisely. Let me look at all the tests to
understand what behavior is expected. I see in main_test.go, github_client_test.go,
types_test.go. Let me also look at the README and docs for context.

- Let me continue reading the tests to understand the full expected behavior.

- I see the tests. Now let me look at the other test files to get a fuller picture. Also let me
search for terms like "workflow_run", "GitHub Actions", to understand what the

requirements are in the full problem context. Looking at the problem more carefully - I
need to understand what "workflow-run events" are. And I need to understand how GitHub
Actions integrates. Let me look at the full problem. Actually let me

Strong models seek source of truth, weak models speculate adjacent paths. Strong CoT locates the
source data as source of truth. Weak CoT understands visibility and code paths on surface but reasons around
adjacent generated-code paths and leaves an edge case.

Weak model excerpt: tracing step by step around the adjacent paths but mostly by trial and error.

- I see TypeExtendsReader collects all superclasses and interfaces. But I notice it's not
checking visibility (public/package-private). Let me look more closely at the issue. The
key 1s in understanding what "package protected class and interface" means. In Java, if a
class 1s not public, it's package-private (accessible only within the package). Similarly

- Hmm, let me search more specifically for isAddBeanFor in test files.
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- No direct references in tests. Let me look at how isAddBeanFor is defined in the API. Let me
examine DBuilder and Builder interfaces.

- I see isAddBeanFor in the API. But I need to understand the full picture. Let me look at
Builder interface.

- Now I understand the API side. But what about the generator side? Let me look at more
examples of generated code to see the actual output pattern for isAddBeanFor. I need to see

what TypeAppender produces. Let me look at test data or look at actual generated DI
classes from test cases.

- Those are generator classes. Let me look for actual generated DI files in test targets.

- So the issue might be clearer if I understand when package-private types cause problems. Let
me look at the issue more carefully. Let me search for any issues or more context about "
package protected". Wait - let me look at the full TypeExtendsReader and understand better.

Because when we collect types to register (for isAddBeanFor), we collect: 1. The ba...

Strong model excerpt: ties behavior to the data source that feeds generation and trace from there.

- I see the references. Let me look at how isAddBeanFor is generated. I need to understand the
full picture.
- I see they're checking Modifiers. So there is a pattern. Let me look at how it's done. Let me
search more comprehensively.
- I see isAddBeanFor is defined in Builder interface and implemented in DBuilder. Let me look
at how it's used. Let me read DBuilder and understand the semantics. The isAddBeanFor

determines if a bean should be added - I think it's used for "types" - as in, when
registering, what types is this bean a candidate for? So only public types are relevant
from con...

- I see how isAddBeanFor works in the runtime - it decides whether to add/register a bean based
on if parent scope already has it. But that doesn't help me understand the issue. The
issue 1s about generated code. Let me look at how the generated code actually looks. Let me
find examples of generated D classes with isAddBeanFor. Let me search for actual gene...

- Those are runtime classes. Let me look at generated test code. Let me find generated code in
test resources or build outputs. But this is source code - let me look at blackbox tests or

inject-test. Let me search for generated code that has isAddBeanFor.

- So no generated code in target (no build yet). Let me look in test resources or at existing
test cases. Let me search for 'isAddBeanFor' in test sources - perhaps I can understand
from tests what the expected behavior is.

- I see MethodReader's buildAddFor also uses typeReader.getTypesRegister() when dealing with
factory methods that return types. So the logic for determining what types go into

isAddBeanFor comes from TypeReader. But back to the main issue - "Bug isAddBeanFor()
generated code includes package protected class and interface. The fix is that only public
classes. ..

D SWE Agent Tool Schema

We describe the tools used for our SWE agent RL in OpenAl-compatible function calling schema format
in Figure 23 and Figure 24.
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"type": "function",
"function": §
"name": "bash",
"description": "Execute bash commands in the context of the repository.\nDirectory or environment variable
changes are not persistent. Every action is executed in a new subshell.\nHowever, you can prefix any
action with "MY_ENV_VAR=MY_VALUE cd /path/to/working/dir
&& ...  or write/load environment variables from files.\nYou have a full Linux shell environment.\nAlways use
non-interactive flags (-y, -f) for commands.\nAvoid interactive tools like vi, nano, or any that require
user input.\nYou can use bash commands or invoke any
tool that is available in the environment.\nYou can also create new tools or scripts to help you with the task
A\nIf a tool isn't available, you can also install it.\n",
"parameters": §
"type": "object",
"additionalProperties": false,
"required": ["command"],
"properties”: {
"command": §
"type": "string",
"description": "The bash command to execute. Can include pipes, redirects, and other shell features.
Commands are executed in the repository working directory."
}
}
}
}
}

Figure 23. Bash Tool Schema.
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"type": "function",
"function": §
"name": "str_replace_editor",
"description": "Custom editing tool for viewing, creating and editing files.\n* State is persistent across
command calls and discussions with the user\n* If “path™ is a file, “view  displays the result of applying
‘cat -n’. If “path’ is a directory, ‘view Tlists
non-hidden files and directories up to 2 levels deep\n* The ‘create’ command cannot be used if the specified
path® already exists as a file\n* If a “command®™ generates a long output, it will be truncated and marked
with “<response clipped> \n* The “undo_edit" command
will revert the last edit made to the file at “path \n\nNotes for using the “str_replace’ command:\n* The °
old_str  parameter should match EXACTLY one or more consecutive lines from the original file. Be mindful
of whitespaces!\n* If the “old_str  parameter is not
unique in the file, the replacement will not be performed. Make sure to include enough context in “old_str to
make it unique\n* The “new_str  parameter should contain the edited lines that should replace the “old_str
"parameters”: {
"type": "object",
"additionalProperties": false,
"required": ["command", "path"],
"properties": {
"command": §
"type": "string",

"description": "The commands to run. Allowed options are: ‘view , ‘create’, 'str_replace’, “insert’,
“undo_edit’.",
"enum": ["view", "create", "str_replace", "insert", "undo_edit"]
5o
"path": §

"type": "string",
"description”: "Absolute path to file or directory, e.g. ' /testbed/file.py or "/testbed ."

5o
"file_text": §

"type": ["string", "null"],

"default": null,

"description": "Required parameter of ‘“create’ command, with the content of the file to be created."
:

iew_range": §{

"type": ["array", "null"],

"default": null,

"items": §{ "type": "integer" %,

"minItems": 2

"maxItems": 2,

"description”: "Optional parameter of “view  command when “path’ points to a file. If none is given,
the full file is shown. If provided, the file will be shown in the indicated line number range, e.g. [11,
12] will show lines 11 and 12. Indexing at 1 to

start. Setting [start_line, -1] shows all lines from start_line to the end of the file."

5o

"old_str": §
"type": ["string", "null"],
"default": null,

"description": "Required parameter of “str_replace’ command containing the string in “path’ to
replace."
Bo
"new_str": §
"type": ["string", "null"],
"default": null,
"description": "Optional parameter of “str_replace’ command containing the new string (if not given,
no string will be added). Required parameter of “insert’ command containing the string to insert."
5o
"insert_line": {
"type": ["integer", "null"],
"default": null,
"description": "Required parameter of “insert’ command. The “new_str’ will be inserted AFTER the line
“insert_line’ of “path™."
3

}
3
3
}

Figure 24. String Replace Editor Tool Schema.
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E Constraint Taxonomy for Instruction Following Data

We build a constraint taxonomy to organize the instructions a model may be asked to follow. It serves two
purposes: guiding data collection toward broad coverage, including rare constraint combinations, and al-
lowing to analyze model performance at a fine-grained level. We split constraints by how they are checked,
matching the reward types from Sec. 3.4.1.

Objective (hard) constraints. These are rule-based constraints that trigger Python functions from a cata-
log of custom and open-source checkers (Pyatkin et al., 2026; Zhou et al., 2023). Examples include numerical
constraints (e.g., “respond in exactly 3 sentences”), format constraints (e.g., “output as a JSON object with
keys name and age”), and linguistic constraints (e.g., “respond in French”).

Subjective (soft) constraints. These need judgment to evaluate and are scored by the reward model or
Al judges. Examples include tone (e.g., “be encouraging but not patronizing”), persona (e.g., “respond as
a history scholar”), and interaction behavior (e.g., “if unclear, ask clarifying questions before answering”).
Tab. 15 shows example subcategories.

Multi-turn scenario taxonomy. Inspired by Deshpande et al. (2025), we break down dialogue use cases
to various scenarios that test model’s IF ability in complex conversations involving multiple turns as shown
in Tab. 16.

F Infrastructure for Building SWE Environments

The infrastructure is designed primarily to address the scale, stability, and safety challenges. The build in-
frastructure is organized as a two-pool Ray cluster running on approximately 30,000 CPU cores. The main
pool handles work dispatching, Lance 1/O, and pipeline state tracking. The builder pool runs the actual
container builds; all builder nodes are tagged with a Ray custom resource flag, and the build step uses Ray’s
logical resource scheduling to ensure its actors land exclusively on builder-capable nodes.

The two pools are separated because container builds are resource-intensive and failure-prone (disk ex-
haustion, OOM, build hangs), while coordination is lightweight and stateless; isolating them ensures that
builder pod failures do not disrupt orchestration and state management. The separation also enforces cre-
dential isolation: builder pods execute untrusted Dockerfiles from open-source repositories and do not hold
credentials for the pipeline’s data storage or internal services. Pod failures—whether from disk pressure,
hardware faults, or node evictions—are handled by Kubernetes restart; the restarted pod reconnects to the
Ray cluster and is automatically picked up when the next main pool worker schedules a new task.

Each builder pod contains two containers sharing NVMe-backed local storage, co-located for build and
grading efficiency. The main container runs the Ray worker with rootless podman for loading built images
and running grading containers. The sidecar container runs a rootless BuildKit daemon for OCI image builds
via buildctl. The two containers communicate through the shared NVMe volume—BuildKit writes OCI
tar archives that podman loads—and via localhost for the BuildKit control channel. This co-location avoids
network transfer of large container images between build and grading; the entire build-load-run cycle hap-
pens on local NVMe. Init containers handle one-time setup including authentication for container registries
via federated identity.

The pipeline also exploits BuildKit layer caching to reduce redundant work across same-repo problems.
Problems are grouped by repository and dispatched to the same persistent Ray actor on a builder node. Since
the actor persists across same-repo problems, shared base layers—apt-get install, pip install, de-
pendency compilation—are built once and reused, as dependency installation often dominates Docker build
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Constraint Type

Subcategories & Examples

Objective (Hard) Constraints

Numerical
Format
Content
Linguistic

Temporal & sequential

Negative constraints

Explicit length limits, sentence/paragraph counts, item counts, range con-
straints, and ratios.

Document structure, lists, tables, code formatting, data serialization
(JSON/YAML), markup/styling, templates, and citation formats.

Required/prohibited terms and symbols, required elements or concepts,
source/citation requirements, and temporal/geographic scope.

Language selection, dialect, register, sentence structure, parts of speech, mor-
phological constraints, and grammar rules.

Chronological ordering, procedural steps, and alphabetical order.

instructions to exclude certain behaviors or formatting pattern

Subjective (Soft) Constraints

Stylistic

Persona & self-presentation

Interaction & response policy
Structure & reasoning

Instruction handling

Tone, voice, vocabulary level, audience adaptation, emotional valence, and
brand voice.

Role adoption, personality traits, values, and emotional state.

Conversation navigation, certainty/hedging, clarification strategies, solicita-
tion behaviors, and prosocial behaviors.

Reasoning process requirements, argumentation structure, conditional branch-
ing, and scope constraints.

Conditionality, multi-step instruction chains, conflict handling.

Table 15. Examples of high-level constraints from our taxonomy, divided into objective (hard) and subjective
(soft) categories with corresponding subcategories and examples.

time for large repositories.
The primary throughput bottleneck is LLM token consumption rather than CPU or disk. The pipeline
runs on 10,000 CPU cores with 12 million tokens per minute of LLM capacity, achieving an 83% prompt
cache hit rate. Under this configuration, the pipeline produces approximately 20 grading-passed environ-
ments per minute.

G STEM Evaluations Setup

G.1 Math

The American Invitational Mathematics Examination (AIME) and the Harvard—-MIT Mathematics Tourna-
ment (HMMT) are prestigious high school mathematics competitions. These competition-math evaluations
serve as useful proxies for a model’s reasoning ability. We evaluate MAI-Thinking-1 on the 2025 and 2026
editions of AIME, as well as the February 2026 HMMT benchmark from MathArena (Dekoninck et al.,

For all STEM benchmarks, we report pass@]1 performance using a maximum output token budget of 256K
tokens. We show how our model performs at 128k maximum output tokens in Tab. 17 in addition to the
already presented numbers at 256k.
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Capability Description

Context switching Model’s ability to track when the user switches topics or returns to a previous
topic.

Instruction retention  Ability to track, update and retrieve instructions and facts across long dia-
logues.

Instruction layering ~ Ability to maintain and retain a set of active constraints with instructions in-
troduced over multiple previous turns.

Memory & recall Proper retrieval and use of facts and statements from previous turns.
Self coherence Avoid unintended contradiction of previous statements.
Version editing Ability to revert to an earlier version, selectively undo edits, or reproduce exact

text from a prior turn.

Table 16. Example of IF capabilities specific to multi-turn.

Benchmark Wl Sonnet 4.6 Opus 4.6 GPT 5.4 Kimi K2.6 DeepSeek V3.2 DeepSeek V4 GLM-5.1
128k 256k
AIME 2025 95.0 97.0 95.6 99.8 — — 93.1 — —
AIME 2026 93.6 94.5 — — — 96.4 — — 95.3
HMMT Feb 2026 84.3  84.9 — — — 92.7 — 95.2 82.6
GPQA Diamond 84.2  84.2 89.9 9.3 92.8 90.5 82.4 901 86.2
LCBv6 873 877 — — — 89.6 83.3 93.5 —

Table 17. Post-trained model evaluation results on STEM benchmarks, comparing MAI-Thinking-1 evaluated
at 128k vs. 256k maximum output tokens. Other model numbers are taken from respective official model cards.
Models listed with “—” scores do not report numbers for the respective benchmark.

2026). The expected answers for these competitions are simple numbers or expressions. We require the
model to output its final answer in boxed format, which enables regex-based extraction followed by SymPy
verification, with an Al judge used as a fallback.

G.2 Science

Graduate-Level Google-Proof Q&A benchmark (GPQA) (Rein ct al., 2023) comprise knowledge-intensive,
graduate- and research-level questions, primarily in STEM domains. For GPQA, we evaluate on the Dia-
mond subset, which contains 198 multiple-choice questions. We adopt the instruction prompt from Ope-
nAT’s simple-evals package (OpenAl, 2025) to specify the required answer format, and use a custom regex-
based extraction procedure to compare model outputs against the ground-truth answers. We report pass@1
performance averaged over 16 rollouts. We use GPT-5-mini as the default judge for Al grading with the
prompt described in Fig. 25 to grade model responses on STEM benchmarks. GPT-5mini is used as the
default judge.

G.3 Competitive Coding

LiveCodeBench (LCB) (Jain et al., 2024) contains up-to-date competitive coding problems. We evaluated
on the v6 split, which contains 1055 problems released between May 2023 and Apr 2025. Unlike the agentic
coding evaluations below which are multi-turn, LCB is a one-shot test setting. The solution is generated in
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SYSTEM_PROMPT = """Compare two responses, [RESPONSE] and [CORRECT_ANSWER] to a question. Follow the rubric
below in [NOTES]. Then output [FINAL JUDGMENT].

Some general guidelines to follow in determining alignment:

- Units: If the question does NOT explicitly require units/formatting, then if one response provides units (
like km/s) and the other does not, but both have the correct numerical value, you can consider both
responses equally correct. If the question explicitly requires units, missing/incorrect units is NOT
acceptable.

- Formatting: If the question does NOT explicitly require a specific format, then Latex vs plain text or
markdown does not matter as long as the answer is equivalent. If the question explicitly requires a
specific format/structure, deviations are NOT acceptable.

- Rounding: If the question does NOT explicitly require an exact value or specific rounding/precision, small
rounding differences are acceptable when clearly equivalent (e.g., 9.42 vs 9.43 with the same intended
precision). If the question explicitly requires exactness or a specified precision, you must enforce 1it.

Judgment guidance:

- If [RESPONSE] is exactly identical to [CORRECT_ANSWER] or differs only by harmless formatting, you should
indicate that (alignment) is met in the [NOTES].

- If [RESPONSE] is not exactly identical to but is equivalent to, or can be straightforwardly reduced/
simplified to, [CORRECT_ANSWER] (without adding new assumptions or changing meaning), you should still
indicate that (alignment) is met in the [NOTES].

- If [RESPONSE] clearly does not align with the [CORRECT_ANSWER], you should indicate that (alignment) is NOT
met in the [NOTES] and output [FINAL JUDGMENT] = no.

Examples:

1) [RESPONSE]

Answer: 10

[CORRECT_ANSWER]

10

-> in [NOTES], (alignment) is met, and [FINAL JUDGMENT]
2) [RESPONSE]

X=\frac{f\pi"2{3¢

[CORRECT_ANSWER]

\frac{\pi"2§{3¢

-> in [NOTES], (alignment) is met, and [FINAL JUDGMENT] = yes.

yes.

[NOTES]

(alignment) How well do the CONTENTS of [RESPONSE] align with the CONTENTS of [CORRECT_ANSWER]? Note any true
mathematical/numerical differences.

(final) Briefly summarize whether [RESPONSE] should be treated as correct overall, based on alignment.

[FINAL JUDGMENT]
Should [RESPONSE] be considered as correct as [CORRECT_ANSWER] (alignment satisfied)? Answer in yes/no."""

USER_PROMPT = """[QUESTION]
fquestion}?

[RESPONSE ]
{response}

[CORRECT_ANSWER]
fcorrect_answer}

Figure 25. Al judge prompt for STEM problems. We include additional few-shot examples in the conversation
history as prior user and assistant turns to improve grading reliability and reduce susceptibility to judge hacking.
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code fences for parsing and executed against the test harness for grading. Grading has pre-defined memory
and runtime limits, similar to the constraints of real coding competitions.

H Agentic Coding Evaluations

Agentic coding benchmark results for SWEBench Verified (Chowdhury et al., 2024), SWEBench Pro (Deng
et al., 2025), and Terminal-Bench 2.0 (Merrill et al., 2026) are shown in the second section of Tab. 11. Un-
like the STEM evaluations from the previous section, agentic coding evaluations are multi-turn and require
models to interact with environments. For all three benchmarks, we evaluate our model with a very simple,
ReAct-style (Yao et al., 2023), always append agent loop described in Figure 18. At each turn, the model
can generate tool calls where we execute in the environment and append the output to the trajectory before
the model makes the next tool call. We evaluate with a total context length of 256K tokens, a maximum
output length of 8K tokens for SWE-Bench Verified and SWE-Bench Pro, 32k tokens for Terminal Bench,
and a maximum of 1,000 steps. The agent loop terminates when the model outputs no tool calls, reaches
the context length limit, or reaches the step limit. After the loop terminates, the respective graders are run
inside the SEE used by the agent. For SWE-Bench Verified and SWE-Bench Pro, we evaluate with the same
two tools used during climbing, bash and string replace editor, as described in Sec. 3.3.1.

SWE-Bench Verified. SWE-Bench Verified is a 500-task human-curated subset of SWE-Bench (Jimenez
et al., 2024) selected to increase reliability. Each task is a real public GitHub issue from a popular Python
repository, and the model must generate a patch that resolves the issue and passes the repository’s hidden test
suite. Tasks have been reviewed to ensure problem statements are solvable and tests fairly assess correctness.

SWE-Bench Pro. SWE-Bench Pro is a more challenging, 731-task successor to SWE-Bench Verified, with
same unit-test based grading mechanisms, designed to evaluate LLMs on professional-grade software engi-
neering tasks drawn from real-world open-source repositories. It emphasizes harder, multi-file edits, longer-
horizon reasoning, and complex bug fixes or feature implementations that better reflect the work of prac-
ticing engineers. More importantly, SWE-Bench Pro contains repositories in languages other than Python
unlike SWE-Bench Verified.

Terminal-Bench 2.0 Terminal-Bench 2.0 is a human-verified, substantially harder successor to Terminal-
Bench (Merrill et al., 2026), comprising 89 realistic tasks across software engineering, debugging, data sci-
ence, machine learning, security, and system administration. Each task runs in a sandboxed terminal en-
vironment, and is graded programatically based on output or environment final state. Tasks are designed
to require long-horizon planning, error recovery, and genuine command-line fluency rather than pattern-
matching.

I Safety Evaluations

.1 Internal Evaluation Details
1.1.1 Methodology

Evaluation proceeds in two stages: a structured characterization of the user request, followed by the deriva-
tion of a response specification against which the model’s behavior is graded. This decomposition allows us
to distinguish genuine safety defects from over-cautious behavior on benign-but-sensitive topics and exposes
per-policy and per-modality measurements rather than a single aggregate score.
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Dimension Description

Harm category & Identifies which policy area the request engages and whether it violates a
policy violation specific rule, grounding the judgment in a concrete policy clause.
Sensitivity level Records topical sensitivity on an ordinal scale based on scope (individual vs.

broad) and severity (worst-case misuse outcome), independent of whether the
request is disallowed.

User intent Binary signal: good intent possible vs. malicious intent. Dangerous topics alone
are not evidence of malice.

User scenario Captures the user’s pragmatic goal (e.g., information-seeking, guidance, creative
generation, scenario play).

Jailbreak detection  Dual role: screens for adversarial wrapping and provides a signal for whether
the request was adversarially framed.

Table 18. User request classification dimensions.

Both evaluation stages are carried out by LLM judges, with classification steps executed multiple times
and aggregated by majority vote to control judge variance. Each user request also goes through jailbreak
detection which screens for adversarial wrapping using a hierarchical taxonomy of attack families and tech-
nique variants. When a wrapper is detected, an extraction step recovers the underlying request, and subse-
quent classification operates on that recovered request. This ensures evaluation reflects model behavior on
the actual underlying intent rather than on the surface attack template, preventing wrapper-specific overfit-
ting from inflating safety scores.

Stage 1: user request classification. Each user request is characterized along five complementary di-
mensions as described in Tab. 18. They jointly capture both the policy-relevant content of the request and
the context in which the request is made. For multi-turn dialogues, the entire dialogue history is treated as
contextual input.

Stage 2: response strategy generation. The classification from Stage 1 is consumed by a rubric judge
that emits a per-request response specification covering the relevant policy constraints, the appropriate re-
fusal posture (which may be compliance, partial refusal, or refusal depending on intent and severity), and
the prescribed tone and approach for the response. For requests classified as harmless or unclear, this LLM-
generated rubric is replaced by a deterministic default that explicitly penalizes hedging and unwarranted
refusal.

1.1.2 Data Collection & Sampling

Desiderata: Evaluation results are only as informative as the prompts they are computed on: a narrow,
mis-weighted, or saturated evaluation set yields tight confidence intervals around the wrong quantity, and
any model-selection decision made on top of it inherits that error. We treat construction of the evaluation
set as a methodological problem and the set must satisfy three properties (Atkinson et al., 2007).

« Coverage across the policy areas, sensitivity levels, user scenarios, and adversarial framings introduced
above, so that no behaviorally distinct slice of inputs is silently underrepresented.

« Statistical efficiency under a fixed evaluation budget, since judging is expensive and confidence intervals
on per-category metrics tighten slowly with sample size.
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« Discriminative power when comparing against other frontier models, so that aggregate scores actually
move when a model improves rather than saturating against trivially-easy or trivially-hard prompts.

Source pool and annotation: The candidate prompt pool is assembled from three complementary
sources: public safety benchmarks, consumer Copilot logs with PII filtered, and prompts collected by exter-
nal vendors against our policy taxonomy. Every candidate prompt is passed through the annotation frame-
work described above, attaching labels for the 5 strata that will be used for sampling: harm category, policy
violation, sensitivity, user scenario, and jailbreaks.

Informativeness-weighted experiment design. From this pool of candidate prompts, we seek to select
the most informative prompts to evaluate on. We approach this in the framing of an automated test assembly
problem. This aligns with recent efforts to drastically compress LLM evaluation costs via psychometric
modeling, such as tinyBenchmarks (Polo et al., 2024), which utilizes Item Response Theory to identify static,
universally representative evaluation subsets. As an extension to this framework, we upweight prompts
where the model is not always failing or always passing. This helps us to proactively identify areas where
we’re most likely to be able to make improvements to the model.

Threshold setting. The evaluation set described above is the primary mechanism by which safety con-
siderations enter MAI-Thinking-1s hill-climbing process. Every internal release candidate must pass an
acceptance threshold on a fixed bundle of safety evaluations and must do so without regressing against the
previous accepted release. The bundle covers both targeted policy-area performance and aggregate behavior
on an unbiased leaderboard set, so that a regression localized to a single harm category cannot be averaged
away by improvements elsewhere. Thresholds enter the process at two points: as gates at release-candidate
sign-off, where a candidate falling below threshold on any bundle metric is not eligible for promotion into
release recipe, and also to trigger advance warning alerts if experimental models fall below a lower threshold.

The thresholds themselves are derived from a Pareto analysis over the achievable trade-off surface be-
tween safety, over-refusal, and downstream model quality: for each release cycle we plot the frontier of
recipes evaluated during that cycle and identify the elbow at which marginal safety gains begin to extract
a disproportionate cost in over-refusal or quality. The threshold is then placed at a fixed percentile along
this frontier rather than at a static absolute number, so the bar tracks what is currently achievable on the
architecture and data mix rather than a stale historical floor. This makes the gating signal stable in meaning
across release cycles — passing the bar provides the same evidence of safety quality, relative to the current
frontier, regardless of how that frontier has shifted — while leaving room for the absolute numbers to rise
as the underlying recipes improve.

J General Capabilities Evaluations

Below we discuss benchmarks covering knowledge, instruction following, long context, safety, honesty,
health, and tool calling are shown in Tab. 12.

J.1 Knowledge

We evaluate MAI-Thinking-1 on Simple QA Verified (Haas et al., 2026) and MMLU-Pro (Wang et al., 2024b)
to assess its knowledge and reasoning capabilities. The results are reported in Tab. 12, alongside comparisons
with other models.
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MMLU-Pro. MMLU-Pro extends MMLU (Hendrycks et al., 2021) by incorporating more challenging,
reasoning-focused questions and increasing the number of answer choices from 4 to 10. It evaluates mod-
els across a broad set of difficult knowledge and reasoning tasks. We adopt the instruction prompt from
OpenAl’s simple-evals package (OpenAl, 2025) to specify the required answer format, and use a custom
regex-based extraction procedure to compare model outputs against the ground-truth answers.

SimpleQA Verified. SimpleQA (Wei et al., 2024b) evaluates short-form factual knowledge on challeng-
ing questions with short, unambiguous answers covering a variety of topics. We report model accuracy on
SimpleQA Verified (Haas et al., 2026), a curated subset that addresses label noise and redundancy.

J.2 Instruction Following

A key aspect of model usability is how well it responds to user instructions. We have a suite of internal
benchmarks, though we report numbers for three common public benchmarks below.

« IFBench (Pyatkin et al., 2026) evaluates the ability to follow precise instructions and covers 58 diverse
and verifiable constraints.

+ AdvancedIF (He et al., 2025) measures complex, multi-turn, and system-prompted instruction following
abilities using rubrics and a calibrated LLM judge.

+ MultiChallenge (Deshpande et al., 2025) targets multi-turn conversations and requires accurate instruc-
tion following, context allocation, and in-context reasoning.'’ We verified that for public models, we match
the scores reported on the official leaderboard with our implementation.

J.3 Long Context

Long context performance for MAI-Thinking-1 is evaluated across four benchmarks shown in Table 12 and
Table 19. We omitted MRCR (Vodrahalli et al., 2024) for reasons discussed below.

GraphWalks. GraphWalks is a synthetic multi-hop reasoning benchmark where the model is given an edge
list representation of a graph and is asked to traverse the graph to find either neighboring nodes (via Breadth-
First-Search) or parent nodes for a given starting node. The overall score report in Table 12 is the F1 score
of model-predicted answer versus the ground truth. We report GraphWalks results on the <128k subset as
measured by 0200k _base tokeniser.

LongBenchV2. LongBenchV2 (Baietal., 2024) consists of 4-way multiple-choice questions for long con-
text understanding tasks. We use the same eval setup as the official implementation, with a caveat that the
input context length is limited to 256k tokens, resulting in 408 unique questions.

CorpusQA. CorpusQA (Lu ctal., 2025) is a multi-document freeform QA data where a model response is
scored by an Al judge. Instead of using the default deepseek-v3 (DeepSeck-Al et al., 2025a) as judge, we
use GPT-5.4 (high) which offers higher precision.

'We followed the official benchmark’s judge model, Gemini 2.5 Pro as the judge. https://labs.scale.com/leaderboard/
multichallenge
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Model LongBenchV2 CorpusQA

MAI-Thinking-1 61 82
Sonnet 4.6 66 79

Table 19. Additional Long Context Benchmarks. Sonnet 4.6 results were generated via our own independent
evaluation. All models were evaluated using maximum 128k output tokens with maximum reasoning effort
(when applicable). Results were averaged from 4 independent evaluations.

MRCR. OpenAl's MRCR (Vodrahalli et al., 2024) is an artificially constructed benchmark which tests a
model’s capability to perform counting and copying over long contexts. While an ideal model should score
well, the nature of the tasks differs substantially from natural user queries. We found that, without targeted
training, MAI-Thinking-1 performs poorly on this task compared to existing models, achieving 60% on
avg_similarity@256K, compared with a state-of-the-art result of 95%. In contrast, a small set of 1,000
synthetically generated in-distribution training examples boosts MRCR performance to 90%+ on a much
smaller model in the MAI-Base-1 family, suggesting the benchmark’s susceptibility to overfitting. As we
do not have evidence that training with such targeted data leads to more general model improvements, we
decided to drop MRCR from the set of long-context benchmarks we prioritized.

J.4 Safety

AIR-Bench. AIR-Bench (Zeng et al., 2024b) gives an aggregate read on policy-grounded refusal across
regulatory and policy-derived harm taxonomies. Evaluation uses category-specific LLM judge prompts cus-
tomized to each risk category and the scoring is designed to reward safe engagement rather than only penal-
izing unsafe responses. MAI-Thinking-1 achieves the same performance as Sonnet 4.6 on the benchmark.

CyberSecEval. CyberSecEval 4 (Wan et al., 2024; Meta, 2024) is an evaluation suite covering a variety
of cybersecurity-related capabilities. Here, we focus on insecure code generation. The Instruct benchmark
presents coding requests designed to elicit known insecure patterns, while the Autocomplete benchmark
prompts the model with code context leading up to a known insecure pattern for the model to complete.
Both measure whether the model produces vulnerable code in response using static analysis rules. MAI-
Thinking-1 outperforms Sonnet 4.6 on the Autocomplete benchmark, and achieves similar performance on
Instruct.

J.5 Honesty

To measure the honesty of MAI-Thinking-1, we selected benchmarks covering two distinct failure modes:
repeating plausible-sounding falsehoods in short-form questions, and introducing unsupported claims over
extended generations. MAI-Thinking-1 performs on par with Sonnet 4.6 in both benchmarks.

TruthfulQA. TruthfulQA (Lin et al., 2022) evaluates resistance to popular misconceptions, where each
question is designed to elicit plausible yet false answers. For reproducible results, we report model accuracy
over the dataset in the recommended multiple-choice setting.

LongFact. LongFact(Weietal.,,2024c) evaluates factual precision over longer generations containing mul-
tiple claims; we adopt the simplified claim extraction and LLM judge protocol from OpenAl (Singh et al.,
20252) in place of the original SAFE pipeline, retaining the LongFact prompt set and reporting claim-level
precision.
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J.6 Health

HealthBench Professional. HealthBench (Arora et al., 2025) is a suite of benchmarks developed to as-
sess LLMs’ capabilities in continuing realistic health conversations with individuals and health professionals.
Language models are prompted with a multi-turn conversation, and asked to generate a response as a con-
tinuation of the existing conversation thread. The response is assessed with a calibrated model-based judge
against a conversation-specific rubric created by a panel of physicians, covering clinical correctness, guide-
line adherence, and safety. We report performance on the most recent HealthBench variant, HealthBench
Professional, which focuses on 525 conversations between medical experts and language models (Hicks
et al., 2026). HealthBench Professional introduces a length penalty for the primary metric, to correct for a
well-observed correlation between lengthy responses and artificially increased LLM-grader scores. For all
reported scores, we use the standard GPT-5.4 grader and rubrics provided by OpenAl.

MedXpertQA. MedXpertQA Zuo et al. (2025) is a challenging, unsaturated multiple-choice benchmark
which evaluates specialist-level medical knowledge via 2,450 expert-curated multiple-choice questions.
These questions are designed to evaluate advanced clinical knowledge and multi-step reasoning. Each multi-
ple choice question has 10 answer choices (A-J). We follow the evaluation methodology introduced in Muse
Spark Team (2026), which uses a secondary LLM (GPT-5.4) to parse the predicted answer letter from free-
form text.

J.7 Tool Calling

BFCL v3 (Patil et al., 2025) benchmarks LLMs’ tool-use and function-calling abilities across single-turn,
parallel, and multi-function scenarios, as well as multi-turn and multi-step agent interactions. It evaluates
function selection and argument generation using abstract syntax tree and execution result matching, while
stressing long-horizon reasoning, cross-turn state tracking, and robustness to noisy or missing functions. For
better determinism, we use T' = 0.001 and p = 0.97 for inference as recommended by the official leaderboard.

K Cluster Environment Details

This appendix describes the infrastructure mechanisms that made the training environment usable at fron-
tier scale. The central design choice was to expose physical topology and hardware health as first-class
scheduling state. Nodes and NVLink rack domains were represented through topology labels, reservation
objects, rack-level services, and certification gates. A node was not considered useful simply because it had
been provisioned; it became useful only when it was healthy, topologically valid, observable, and recover-
able.

K.1 Hardware and Compute Clusters

MAI-Thinking-1 was developed on a heterogeneous accelerator fleet spanning NVIDIA H100, GB200, and
GB300 systems. The main pre-training run, however, was placed on a single GB200 cluster at one site. The
GB200 and GB300 clusters are hosted in Microsoft first-party datacenters and exposed to MAI through
custom images co-developed with Azure teams. These systems are provisioned as rack-scale NVL72 units,
with each rack providing a 72-GPU NVLink domain for high-bandwidth scale-up communication, while
inter-rack RDMA used InfiniBand. H100 systems also remained part of the lab environment, using 8-GPU
nodes with node-local NVLink/NVSwitch and InfiniBand for scale-out communication.
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Logical cluster provisioning and management. Each site is partitioned into Kubernetes clusters, typi-
cally one per datacenter building. Logical clusters include GPU nodes for training and CPU nodes for sup-
portservices. Custom controllers reconcile desired logical-cluster state with the underlying Azure resources,
maintain node topology labels, and integrate external health databases into scheduling state.

Topology labels are assigned when a node starts, using the physical host identity. These labels represent
rack, host, and locality information and are consumed by scheduling, reservation, and rack-level services.
This makes physical placement visible to the control plane, allowing jobs to be placed on capacity that is not
only available, but also topologically appropriate.

Large jobs are designed to span beyond the boundary of a single Kubernetes cluster when required. Nodes
are universally routable across the compute environment, and workload pods use host networking to avoid
unnecessary overlay overhead.

K.2 Cluster Readiness and Certification

At thousands of GPUs, failures are expected. Certification therefore serves as the first reliability bound-
ary. Its purpose is to prevent bad nodes, degraded links, marginal storage, and silent-corruption risks from
entering the production training pool. The certification framework is automated, Kubernetes-native, and
hierarchical. Hardware must pass progressively broader tests before becoming schedulable: single-node di-
agnostics, rack-level multi-node collectives, and selected cross-rack InfiniBand validation. New nodes and
remediated nodes follow the same path. Nodes returning from repair must pass certification again before
re-entering production, preventing repeat offenders from cycling back into large training jobs.

Certification. Our diagnostics suite validates each node in isolation. Unlike generic health checks, these
tests stress individual components for extended periods: GPUs, CPU cores, HCAs, NVLink links, and main
memory which isolate high ECC rates, irregular throttle behavior, GPU clock violations, link flaps, and other
marginal conditions before the node is admitted to production.

The suite also uses NCCL collectives to stress both intra-node and inter-node communication paths per
rack and identify faulty NVLink behavior. These automated tests were instrumental in stabilizing the GB200
and GB300 racks where we identified multiple racks with fewer than 16 healthy nodes; those racks were
excluded from large training runs.

The final stage of certification included cross-rack InfiniBand tests exercising fabric paths that single-
node and rack-level tests cannot cover. These tests group nodes across racks, rails and leaf groups to validate
spine-layer behavior, path diversity, and cross-rack RDMA performance. Because they consume a larger blast
radius, they are run on demand during bring-up, incident investigation, and fabric validation.

Node lifecycle. Certification is one stage in a closed-loop node lifecycle as illustrated in Fig. 26. A new or
remediated node enters Init, where it is tainted, initialized, labeled, and configured. The certification con-
troller then runs the tiered test suite. Passing nodes become Available, while failing nodes become Impaired.
Runtime monitoring can also move an Available node to Impaired when NPD conditions, XID errors, ECC
thresholds, NVLink degradation, InfiniBand link flaps, or storage faults are detected. Transient issues enter
Auto Remediation, such as reboot or soft drain. Persistent or hardware-attributed issues are routed through
Guest Health Reporting to vendor or datacenter maintenance. Repaired nodes return to Init and repeated
certification. Unrecoverable nodes are decommissioned.

K.3 Scheduling, Orchestration, and Control Plane

The scheduling problem is the placement of heterogeneous workloads across heterogeneous capacity without
sacrificing locality, quota isolation, or recovery. Workloads include long pre-training jobs, post-training and
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reinforcement learning runs, inference and evaluation jobs, and CPU-heavy data pipelines. The stack is
therefore layered: Kubernetes maintains cluster state, Kueue makes admission and quota decisions, MAI
controllers maintain reservations and topology readiness, Ray executes distributed jobs, and a fleet-wide
control plane unifies visibility across clusters and scheduler backends.

Cluster-local control plane. The cluster-local MAI control plane manages reservations, rack topology,
quota coherence, and scheduling-readiness gates. It does not replace the scheduler; instead, it maintains the
state that the scheduler needs. Kueue handles priority, quota, admission, preemption, and topology-aware
placement. When a workload is admitted, Kueue attempts to preserve locality over high-bandwidth domains
so that large jobs land in compact topology regions rather than scattered capacity. Rack fragmentation is a
recurring scheduling risk. Small jobs from many queues can fill racks in a way that prevents later large jobs
from acquiring contiguous capacity. The cluster-local control plane addresses this with soft rack reservations.
Queues are assigned preferred racks, and workloads landed on those racks first. Borrowing remains possible
when capacity was idle, but reclaimWithinCohort allows a queue to reclaim its reserved racks when
needed. This improves bin packing under load while preserving utilization during low demand.

Ray runtime. Ray provides the distributed runtime inside admitted jobs. MAI drivers translate the admit-
ted topology into actor placement, communication groups, and NCCL clique configuration. Pre-training
jobs require strict learner availability, while RL jobs manage multiple actor types, including learners, in-
ference servers, rollout workers, and routers, each with distinct placement and fault-tolerance needs. The
drivers monitor actor liveness, coordinated training loops, and maintain checkpoint consistency across asyn-
chronous components.

K.4 Observability, Telemetry, and Fleet Monitoring

We combined low-level hardware telemetry, scheduler state, job metadata, and fleet-efficiency signals into
a single operating view. GPU health was tracked through XIDs, ECC, thermals, power, clock throttling,
NVLink state, NVLink bit-error rate, chip-to-chip links, InfiniBand device state, local NVMe health, PCle
errors, and driver state. These signals were converted into Kubernetes node conditions and then into schedul-
ing and remediation actions through custom triage and drain controllers. This made health observable not
only to operators, but also to the scheduler.
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Job observability was assembled across Kueue, Kubernetes, Ray, training logs, and experiment metadata.
Operators could inspect queue, priority, admission state, node placement, worker readiness, restart count,
training configuration, step progress, and scoped logs by namespace, pod, job, and restart index. This made it
possible to distinguish scheduling delay, runtime failure, node failure, storage degradation, and application-
level stalls without manually reconstructing state across systems.

Telemetry was stored and queried across systems optimized for different time horizons. Datadog pro-
vided near-real-time metrics and log search. Azure Managed Prometheus provided in-cluster and cross-
cluster time-series collection. Azure Data Explorer provided long-retention analytical storage for logs, met-
rics, storage telemetry, and cluster state. Alerting used the same layered model: local Prometheus rules for
low-latency component failures, Datadog monitors for service and log-derived signals, KQL-based checks for
long-retention analysis, and Azure Monitor for resource and Prometheus alerts. Critical alerts were routed
to incident management, while lower-severity signals fed dashboards and operational reviews.

The unique design point was that observability was part of the control loop. Hardware telemetry, fabric
health, storage behavior, scheduling state, and job progress were not passive dashboards; they determined
whether capacity was admitted, drained, remediated, or returned to service. This allowed the fleet to be
managed in terms of usable training capacity and goodput rather than provisioned GPUs alone.
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