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Overview

We introduce K2-V2, a 360-open LLM built from scratch as a superior base for reasoning adaptation,
in addition to functions such as conversation and knowledge retrieval from general LLMs. It stands as
the strongest fully open model, rivals open-weight leaders in its size class, outperforms Qwen2.5-72B
and approaches the performance of Qwen3-235B. We actively infuse domain knowledge, reasoning,
long-context, and tool use throughout the training process. This explicitly prepares the model
for complex reasoning tasks. We demonstrate this potential using simple supervised fine-tuning,
establishing a strong baseline that indicates significant headroom for advanced alignment. By
releasing the full training history and data composition, we maximize the effectiveness of continuous
training, a key open source production scenario. We release the model weights and signature
LLM360 artifacts, such as complete training data, to empower the community with a capable,
reasoning-centric foundation.

Model Weights collections/LLM360/k2-v2 Vibe-Eval Gallery spaces/LLM360/k2v2-vibe
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Figure 1: K2 outperforms similar scale models on
GPQA-Diamond. Even with base models.

32B 72B 123B 230B 671B
Model size (parameters)

20

40

60

80

Ac
cu

ra
cy

AIME 2025

Figure 2: Simple SFT on K2 makes it rival large models
on AIME 2025.
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1 Introduction
We introduce K2, the best fully open-source pretrained large language model (LLM) to date, and ranks
competitively against the best open-weight models of its class. As the latest base model in the LLM360
family (Liu et al., 2023; Tao et al., 2024; Liu et al., 2025c; Cheng et al., 2025a), K2 features a dense
architecture with 70 billion parameters. Beyond standard competencies like knowledge and conversation,
K2 provides advanced capabilities, including long context consistency, deep mathematical knowledge, and
reasoning behaviors. These serve as foundational building blocks that enable sophisticated downstream
use cases, such as solving complex math problems and executing agentic workflows. Our supervised
fine-tuning experiments illustrate this potential, confirming that K2 is a robust base primed for further
post training. Continuing the 360-open-source tradition of LLM360, we release K2 along with its complete
development transparency – a documentation of the entire development-cycle, and a full suite of artifacts
along the way, providing the community with an end-to-end blueprint and toolkit for building and evolving
a state-of-the-art AI model.

The urgency of providing a strong open base LLM stems from a growing divergence in the industry:
while model capabilities have surged, the transparency required to scientifically understand and continous
adaptation has significantly diminished. Specifically, as frontier models become more powerful, their
development details, specifically data compositions, infrastructure configurations, and training dynamics,
have increasingly become “black boxes”. Crucially, we acknowledge that in this landscape, merely being
“open” is not enough; models that lack sufficient power offer limited utility for both research and production.
For example, reasoning tuning on weak base models yields little scientific insight (Wang et al., 2025; Cheng
et al., 2025b).

This reality underpins the design philosophy of K2, we ensure the model is not only transparent but also
practically usable and competitive with state-of-the-art models of similar scales. Our supervised fine-tuning
experiments confirm its potential, illustrating that K2 is a robust base primed for further post-training.
Consequently, we position the K2 project to contribute to the field from two distinct and critical angles:
model utility and acceleration of open science.

K2 provides unique model utilities. K2 provides practitioners with a uniquely adaptable base. K2
establishes itself as the best-in-class performer for its size (Fig. 1 and 2), validating the effectiveness of our
open recipe. Crucially, the model delivers the advanced capabilities introduced above, such as long context
consistency and reasoning. Further, its utility extends beyond raw performance, and lies in its adaptability.
For open models, continuous training and domain adaptation are essential. By documenting our mid
training stages and data compositions, we remove the guesswork often associated with continuous training.
This full transparency allows practitioners to implement targeted strategies, such as data replay (Ibrahim
et al., 2024), to maintain the model’s base capability. For production environments, this ensures the model
can be adapted easily without the trial-and-error required by closed models.

K2 accelerates open science for AI. K2 offers a highly capable testbed for academic research. Unlike
weaker baselines, K2 meets the performance threshold required to investigate complex cognitive behaviors,
such as mathematical reasoning and agentic workflows. By serving as a transparent alternative to the
limited set of capable open models currently available, we enable researchers to rigorously dissect how
these high-level abilities emerge.

Furthermore, we bridge the significant information gap between model builders and evaluators. Without
access to training corpora, it is difficult to trace model strengths and weaknesses back to their origins or to
isolate the variables that drive performance. This transparency is particularly critical for post-training
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Figure 3: The training phases of K2 are designed to progressively enable specific capabilities. Each phase introduce
different types of challenges that we have to address.

research; the efficacy of techniques such as Reinforcement Learning often varies significantly in the literature,
which is likely due to unobserved distributions in the base model’s pre-training data. By fully releasing
the training data, K2 allows the community to gain a deeper understanding of these dependencies, linking
post-training outcomes directly to pre-training signals.

Finally, the K2 project continues a track record of promoting scientific progress through high-impact
contributions. Building on our development of TxT360 (Tang et al., 2024), a widely adopted dataset
featuring innovative upsampling methodologies, we significantly reduce the engineering burden of repetition
in the field. In this release, we expand this ecosystem with new foundational assets: TxT360-Midas,
an open mid-training dataset designed to shape reasoning behaviors and extend context lengths; and
TxT360-3efforts, a supervised fine-tuning dataset curated with mixed reasoning efforts. By democratizing
these resources, we empower researchers to bypass the costly work of reproduction and focus their resources
directly on innovation.

2 Overview
The training strategy of K2 is driven by a capability first approach. While modern Large Language
Models are widely used as general purpose assistants, the landscape has shifted. OpenAI o1 (Jaech et al.,
2024) demonstrated the potential of LLMs to solve complex tasks via long horizon reasoning. Subsequent
frontier models have further pushed these boundaries by coupling reasoning capabilities with external tool
use (OpenAI, 2025; Kimi, 2025; xAI, 2025). Inspired by these developments, we designed the K2 base to
not only serve as a strong general purpose model but also provide a robust foundation for a specialized
reasoning engine. To achieve this, we prioritized five foundational pillars:

1. Broad Knowledge Coverage: This capability establishes a robust linguistic foundation. It ensures
fluency and generalization, acting as the critical substrate upon which advanced reasoning capabilities
are built.

2. Deep Domain Knowledge: To support expert level problem solving, we target technical depth
beyond general breadth. This involves integrating concentrated data from specialized fields, including
mathematics, programming, and scientific literature.

3. Consistent Long Context Capabilities: We design the model to maintain coherence over extended
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sequence lengths. While essential for document analysis, this capability plays a central role in
maintaining logical consistency across long horizon reasoning chains.

4. Exposure to Reasoning Behaviors: Unlike traditional pipelines that reserve reasoning for fine tuning,
we introduce reasoning behaviors early in the training phase. This strategy aims to establish reasoning
behaviors such as planning, logical deduction, backtracking as core primitives.

5. Robust and Native Tool Calling Capabilities: Tool calling serves a dual purpose: it empowers general
assistant scenarios, such as web search, and supports complex reasoning by delegating precise tasks,
like calculation or code execution, to external environments.

To effectively synthesize these capabilities, we structure the training pipeline into three major phases, as
illustrated in Fig. 3.

The pretraining phase establishes a robust knowledge base through the massive ingestion of diverse natural
data. The primary objective here is effective scaling, which encompasses not only raw compute regarding
token count and model size but also the maintenance of optimal training dynamics. We address these
complexities through a tripartite strategy: rigorous training dynamic design and monitoring, robust
infrastructure capable of supporting large scale execution, and the curation of massive token counts to
drive data scaling.

In the mid training phase, the curriculum shifts toward specialization, long context extension, and exposure
to reasoning behaviors. This introduces a distinct set of challenges, including computational bottlenecks,
the risks of distribution drift, and the scarcity of high quality long context data. We navigate these by
implementing efficient Context Parallel strategies to resolve computational constraints, engineering precise
token mixtures to manage domain shift, and augmenting natural sources with synthetic generation to
address data availability. Furthermore, we adopt specific learning dynamic adjustments, such as a low and
constant learning rate, to ensure stability during this specialization process.

Finally, we conduct a simple supervised fine-tuning to demonstrate the potential of the model. Here, we
inject tool use capabilities and finalize model behaviors by curating a focused, high value corpus. The
results of this stage confirm the effectiveness of the previous phases, demonstrating the model’s potential
as a robust base for further post training.

Crucially, addressing the unique challenges of each phase requires synchronized design across three domains:
data composition, training infrastructure, and machine learning dynamics. Consequently, the organization
of this paper mirrors this lifecycle, dissecting the challenges of each phase through these lenses.

• Section 3 details the Pre-training phase. We first describe the model architecture choice in §3.1. We
discuss how we achieved effective scaling by optimizing training dynamics (§3.2), curating a data mix
with most natural data (§3.3). §3.4 presents the parallelism strategies for high token throughput.

• Section 4 describes the mid-training phase. Here, we break down our solutions regarding the challenges
faced during long context and advanced model capabilities. We describe our in-house implementation
for context parallelism for efficient long context scaling (§4.3), synthesizing data to solve scarcity, and
designing data curriculum to alleviate the effect of domain shift (§4.2). §4.4 presents our observation
during the run.

• Section 5 presents the evaluation of the base checkpoints, presents the evaluation methodologies and
challenges. With the LLM360 trademark metric curves, we show how a model develops its capability
from each stage.

• Section 6 presents a simple supervised fine-tuning recipe that demonstrate the potential of the base
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models.

ˆ Section 7 concludes the benchmark results, analyzes the model performance across challenging tasks
spanning general knowledge, STEM, logic, coding and tool-calling.

ˆ Section 8 provides a qualitative study of the development of the model capabilities over time.

3 Pre-training

3.1 Model Architecture

Our model follows a decoder-only dense transformer architecture consisting of 80 layers. It has a hidden
dimensionality of 8,192 and an intermediate size of 28,672 in the feed-forward network. The attention
module includes 64 heads, corresponding to a per-head dimension of 128. To improve memory and compute
e�ciency during attention computation, we adopt grouped-query attention (GQA), using 8 key-value
heads shared across all query heads. Rotary position embeddings (RoPE) are applied with� = 500; 000.
RMSNorm is used with an epsilon of 10�5 .

3.2 Pre-training Recipe

� Key Takeaways

ˆ Prioritize Sample E�ciency over Step E�ciency. For data-limited runs (�xed token budget)
optimizing model quality, do not target the Critical Batch Size (which balances step and token
e�ciency). Instead, operate in the sample-e�cient regime (often B << B crit ).

ˆ Scale hyperparameters to preserve optimizer dynamics. Avoid tuning learning rate (� ) and
weight decay (� ) in isolation. We recommend characterizing optimizer behavior via the averaging
timescale � epoch and scaling this target proportionally to 1=

p
TPP (Tokens Per Parameter) to

ensure consistent training dynamics across model scales.
ˆ Hyperparameter choices are co-designed by learning dynamics, numerical implementations,

hardware constraints and curriculum design. There are challenges to match scaling law predicted
optimal hyperparameters: batch size choice is constrained by the number of accelerators, while
small learning rates may interact negatively with numerical precision and additional training
curriculum considerations.

We aim to minimize validation loss under a �xed token budget. To achieve this, we focus on jointly
optimizing batch size (B), learning rate (�), and weight decay (�).

Hyperparameter Selection. Following Wang and Aitchison (2025), we characterize optimizer dynamics
via the e�ective averaging timescale� epoch = B

��D , which approximates the e�ective number of epochs over
which AdamW exponentially averages parameter updates. We derive our target� epoch by tuning � , � , and
B at a smaller scale (20 tokens per parameter or TPP) and scaling the optimal timescale proportionally to
1=

p
TPP based on Bergsma et al. (2025a).

We determine the batch size using a scaling law similar to Bergsma et al. (2025a). Unlike the critical batch
size of McCandlish et al. (2018), which balances sample and step e�ciency, we target the optimal batch
size that minimizes �nal validation loss given a �xed token budget. This theoretical value is then adjusted
to align with MLSys constraints (accelerator counts). For the learning rate, we sweep� at small scale and
extrapolate using the 1=dmodel scaling convention (standard practice from (Yang et al., 2021)).
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Scheduler Ablation. We �rst evaluate several decay schedules using a 257M parameter pilot model
trained on 41:48� 109 tokens. These utilize a peak learning rate of 1:88� 10�3 , a batch size of 0:9 � 106

tokens, and a weight decay of 0:137. Consistent with Bergsma et al. (2025b), we �nd negligible di�erences
between d2z schedules on the SlimPajama validation set (Soboleva et al., 2023): 2.815 for cosine decay-to-
zero (d2z), 2.845 for cosine decay-to-10%, and 2.817 for linear d2z. These pilot results suggests that the
speci�c shape of the decay is less critical than the peak and �nal values.

Final Hyperparameter choices. Based on the methodologies above, we reach theK2run's �nal hyperpa-
rameters. The learning rate is set to� = 1 :5 � 10�4 , selected by referring to similar scale runs such as
Llama3-70B (Meta AI, 2024) and validating against our small-scale extrapolations.

While the scaling law suggested a batch size of 1136 sequences (sequence length 8192), we adjust this to
1200 sequences to satisfy hardware constraints, resulting in a global token batch size ofB = 9 :8 � 106. As
we collectedD = 12:25 � 1012 total tokens, we train for T = 1 :25 � 106 steps. We set weight decay to
� = 0:05 to achieve our target � epoch = 0:1066.

Finally, we determine the schedule. While our pilot ablations supported a simple cosine decay-to-zero,
during the main run we observed that the training loss and parameter norm became stale when the learning
rate dropped below 1% of the peak. We therefore modi�ed the schedule to decay to a lower bound of
1:5 � 10�6 and held it constant for the remainder of pre-training. This �oor prevented the stagnation
observed in the "long tail" of the standard cosine schedule while simplifying the transition into mid-training
phases.

3.3 Pre-training Data: TxT360

We highlight our curation strategy for the pretraining mix. Unlike later mid-training stages where we
introduce more synthetic data, we remain conservative during pretraining. We prioritize natural text to
ensure the model is grounded in real-world distributions. Beyond this foundation, we focus on improving
domain diversity and maintaining the structure of formats like tables. A key design element is our precise
control over the duplication rate (Tang et al., 2024). We apply several measures, such as URL �ltering and
deduplication, to ensure every data entry is unique. This guarantees that any repetition in the training
process is intentional.

� Key Takeaways

ˆ Ground synthetic data in natural text. We focus on natural data distributions to establish a
strong foundation in pre-training. Synthetic data is e�ective when it is derived from existing
documents. Around 12 trillion tokens are used in K2's pre-training run.

ˆ Deduplication enables precise upsampling based on quality. Global deduplication is the necessary
foundation for controlling data mix: it ensures repetition is a design choice, not an accident.
Data points should be upsampled based on quality signals, the number of years a document
persists is a simple but e�ective quality signal.

We construct our pre-training corpus from a diverse set of data sources to comprehensively cover multiple
domains, including web text, academic papers, multilingual corpora, code, mathematics, and more. Most
datasets are extracted from out prior curation in TxT360(Tang et al., 2024). A detailed breakdown of the
data composition is provided below:

ˆ English Web (Ÿ3.3.1): Large-scale web corpus fromTxT360(Tang et al., 2024) web portion, comprising
approximately 3.5 trillion unique words deduplicated from 99 CommonCrawl dumps. Inspired
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by DCLM (Li et al., 2024a) and Fineweb-Edu (Lozhkov et al., 2024a), A high-quality subset:
TxT360-BestOfWeb, �ltered by the ProX (Zhou et al., 2024) document �ltering model, is also selected.

ˆ Synthetic QA (Ÿ3.3.2): Synthetic question�answer pairs generated fromTxT360documents using
Mistral-7B-Instruct-v0.3 (Jiang et al., 2023), totaling roughly 950 billion words.

ˆ Papers (Ÿ3.3.3): Academic articles from ArXiv, PubMed, S2ORC, and PhilPapers, each processed
with dedicated dataset-speci�c preprocessing and �ltering pipelines, comprising approximately 107
billion words in total.

ˆ Math (Ÿ3.3.4): A collection of large-scale, math-focused corpora curated base on theMegaMathproject
(Zhou et al., 2025), DM Math(Gao et al., 2020; Saxton et al., 2019),InfiMM-WebMath-40B(Han
et al., 2024), OpenWebMath(Paster et al., 2023), andMathPile (Wang et al., 2024c), consisting of
approximately 344 billion tokens in total.

ˆ Code (Ÿ3.3.5): Programming code primarily sourced fromRefineCode (Huang et al., 2025a). The
dataset is further augmented with two additional variants: one organized by repository and topology
sorted (Guo et al., 2024); one with Fill-in-the-Middle (FIM) (Bavarian et al., 2022) applied.

ˆ Multilingual (Ÿ3.3.6): Our multilingual data is focused on Arabic collected mainly from Common-
Crawl and web sources. In addition, we incorporate other languages from high-quality sources like
Wikipedia and EuroParl.

ˆ Other High-Quality Data Sources (Ÿ3.3.7): The remaining high-quality subset ofTxT360 that
does not fall into the categories above. This includes a diverse collection of well-curated domains such
as Wikipedia, EuroParl, FreeLaw court opinions, StackExchange forums, USPTO patents, PG-19,
HackerNews, and Ubuntu IRC logs, each processed with dedicated dataset-speci�c preprocessing,
�ltering, and deduplication pipelines.

An overview of the complete pre-training data is presented in Table 1. Note that we use word count instead
of token count to eliminate the e�ect of tokenizer. Further details are discussed in the subsequent sections.

Tokenizer. To translate this diverse data composition into an e�cient input representation, we trained a
Byte-Level Byte-Pair Encoding (BPE) (Sennrich et al., 2016) tokenizer on a weighted mixture of multilingual
data, speci�cally sampled to optimize fertility scores for English and Arabic (Fig. 4). To ensure robust
character coverage and prevent fragmentation, we initialized the vocabulary with comprehensive Unicode
ranges spanning Arabic, Latin, Cyrillic, Devanagari, and CJK scripts. The pre-tokenization pipeline
employs a custom regex pattern designed to handle code syntax, whitespace consolidation, and punctuation
isolation e�ciently. Finally, the vocabulary was augmented with special tokens to support �ll-in-the-middle
(FIM) objectives and repository-level coding contexts. In the SFT stage we introduce additional special
tokens for reasoning and tool-use (see Ÿ6.1).

3.3.1 English Web

The largest component of our pre-training corpus is mainly composed of natural English text from the
TxT360 (Tang et al., 2024) dataset, including its CommonCrawl subset (TxT360-CC) and the �ltered
high-quality variant, TxT360-BestOfWeb.

TxT360-CC Starting from 99 raw WARC (Web ARChive) snapshots, we apply a comprehensive data-
curation pipeline consisting of text extraction, language identi�cation, URL �ltering, line-level cleaning,
document-level quality �ltering, personally identi�able information (PII) removal, and global deduplication.
An overview of this pipeline, along with �ltering percentages at each stage, is shown in Figure 5. The
resulting TxT360-CCsubset contains approximately 6.4 billion documents and more than 3.5 trillion words.
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Figure 4: A comparison between the K2 tokenizer vs. a few multilingual LLM tokenizers. Our tokenizer is tailored
towards English and Arabic (MSA), as shown by the lower fertility scores.

Documents average 544 words in length (range: 40 to 100,000 words), for a total corpus size of roughly
9.4 TB. The document-length distribution has a median of 330 words, with the 25th and 75th percentiles
at 156 and 645 words, respectively. Further details about this curation process are available in theTxT360
blog (Tang et al., 2024).

Figure 5: Overview of our CommonCrawl data-curation pipeline, showing �ltering percentages (by document count)
at each stage. Grey bars indicate �ltered documents. Line-level cleaning and PII removal eliminate almost no
documents and are omitted from the visualization. The document-level quality-�ltering stage includes Repetition
Removal, Document Filtering, and Line Correction. A Local Exact Deduplication step is applied prior to global fuzzy
deduplication to reduce computational overhead.

TxT360-BestOfWeb. Recent �learned� curation methods use LLM-driven scoring and re�nement to
improve pretraining corpora. ProX (�Programming Every Example�) (Zhou et al., 2024) frames data
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Category Data Source Word Count Avg. Words/Document
Information
Cut-O� Date

English Web
CommonCrawl 3.5 T 544 July 2024
TxT360-BestOfWeb 695 B 1.2 K Q3 2024

Synthetic QA TxT360-QA 950 B 1.6 K Q3 2024

Papers

Arxiv 11.1 B 6.3 K Q4 2023
Pubmed Central 24 B 5.2 K Q4 2023
Pubmed Abstract 4.7 B 205 Q4 2023
S2ORC Abtract 11.3 B 166 Q4 2023
S2ORC Full text 55.4 B 7.6 K Q4 2023
Phil Papers 544 M 11.8 K Q4 2023

Math

MegaMath Web 137 B 1.2 K Nov 2024
MegaMath Code 5.7 B 432 Nov 2024
DM Math 2 B 18 �
Other Math (In�MM-WebMath-
40B, OpenWebMath, Textbooks-
MathPile)

24.4 B 1.2 K Q4 2023

Code
Re�neCode 265 B 340 -
Re�neCode FIM 238 B 355 -
Re�neCode Topo-Sorted 22 B 2.8 K -

Multilingual
Jais Arabic Data 203 B 407 Q1 2024
Europarl-Aligned 666 M 63 K 2012

Other
High-Quality
Data
Sources

Wikipedia 15 B 302 Q4 2023
Wikipedia-Extended 46 B 1.4 K Q4 2023
Europarl 670 M 9.7 K 2012
FreeLaw 12 B 2.5 K Q1 2024
StackExchange 10.7 B 464 Q4 2023
USPTO 3.8 B 742 Q3 2024
PG-19 1.95 B 69 K 1919
HackerNews 658 M 821 Q4 2023
Ubuntu IRC 862 M 28 K Q3 2024

Table 1: Comprehensive overview of pre-training data sources across major categories and subcategories. Word
counts are computed using whitespace as the delimiter.

re�nement as a program executed on each document, implemented by a small language model.

TxT360 Best of Web is curated by applying a document level �lter on the full TxT360-CCset. This �lter is
a combination of the ProX document �lter model, combined with a separate format score that captures
document presentation features like headings, lists, tables, code blocks, link density, and boilerplate. This
process selects high-quality, clean and well-structured pages. About 22% of the documents are retained.

Since TxT360-BestOfWebis a high-quality subset of TxT360-CC, distinguishing it allows us to �exibly
upsample this data during pre-training. We discuss these mixing details in Section 3.3.9.

3.3.2 Synthetic QA

In the pre-training phase, we introduce synthetic data conservatively. We rely on text synthesized
from existing documents rather than pure generation. Document-grounded Question-Answering has a
proven history. For example, Alberti et al. (2019) created a system to extract answers and generate
corresponding questions. By �ltering for consistency, they achieved signi�cant gains on benchmarks like
SQuAD 2.0 (Rajpurkar et al., 2018) and NQ (Kwiatkowski et al., 2019).
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Puri et al. (2020) demonstrated that large generative models can synthesize high-quality (context, question,
answer) triples at scale, sometimes training competitive Question Answering systems entirely from synthetic
data. More recently, WRaP (Maini et al., 2024) reframes arbitrary web text directly into multiple styles,
including explicit question�answer format, and utilizes it in pre-training.

Figure 6: Normalized document-length distributions
for TxT360-BestOfWeband TxT360. TxT360-BoW
has a higher proportion of longer documents as a
bias introduced by the quality classi�er.

For our synthetic QA data ( TxT360-QA), we augment
each document fromTxT360-BestOfWebwith multi-
ple, synthetic document-grounded Q-A pairs gener-
ated by Mistral-7B-Instruct-v0.3 1. The pairs are
appended to the end of the document text to enable
simple, single-sequence training where a model reads
the passage and immediately observes diverse Q�A su-
pervision anchored in that same passage. The number
of Q�A pairs per document varies, which naturally
yields a mixture of easy and hard supervision signals.

{
"text": "{ORIGINAL_DOCUMENT_TEXT}\n\n

Q: {QUESTION_1}\nA: {ANSWER_1}\n\n
Q: {QUESTION_2}\nA: {ANSWER_2}
......{ANSWER_N}\n",

"meta": { original TxT360 meta }
}

To validate the generated Q�A pairs, we used an LLM-as-a-judge protocol (Zheng et al., 2023b): for each
document we asked a judge LLM to award 1 point per pair if both question and answer were fully supported
by the passage, and we reported a document-level percentage score. We apply this method on 8000 random
selected documents, obtaining an average score over 95%, con�rming the quality of the Q-A pairs.

We further conducted a manual qualitative check. The low quality questions tend to be generic or template-
like (e.g., �what is this used for�), weakly anchored to the page, and hallucinate answers beyond local facts;
The high quality questions are attribute-centric and tightly grounded, referencing concrete �elds or entities
(e.g., dimensions, price, warranty) so that answers can be resolved from a single sentence or short span.

3.3.3 Papers

We incorporate a collection of academic paper in our pre-training data, including ArXiv, PubMed, S2ORC,
and PhilPapers. As part of our TxT360data project, data-speci�c processing and �ltering were applied to
each data source.

ArXiv. ArXiv contains LaTeX-formatted preprint papers in mathematics, physics, computer science, and
related areas. We download raw.tex �les from the o�cial S3 bucket and converted them to Markdown
using Pandoc2. We experiment with di�erent Pandoc parsing options to preserve the structure of tables,
math blocks, and section headers. Figures and reference lists were removed.

S2ORC Full Text / Abstract. S2ORC provides scienti�c papers in JSON format. We extract the title,
abstract, section text, and metadata. Papers are kept only if they had a title and abstract, were mostly
English, and have enough text after �ltering. For the abstracts, we require a valid English abstract and
remove documents with fewer than 20 words. We also apply a unigram-probability-based �lter.

1Due to a bug in the generation code, we failed to generate Q-A pairs for some of the longer documents.
2https://github.com/jgm/pandoc
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PubMed Central / PubMed Abstract. PubMed Central provides full-text biomedical papers in JATS
XML format; PubMed Abstract contains abstracts in a simpler XML structure. We convert PMC using
Pandoc and extracted PMA �elds using BeautifulSoup3.

PhilPapers. The PhilPapers dataset consists of philosophy papers in PDF format. We convert the �les to
text and apply a cleaning pipeline to remove hyphenation, strip headers and footers, normalize whitespace,
and �x encoding issues. Finally, we �lter the documents based on line length, letter content, and encoding
artifacts to ensure document quality.

3.3.4 Math

To enhance mathematical and numerical reasoning during pre-training, we incorporate several large-scale
math-focused corpora includingMegaMath(Zhou et al., 2025),DM-Math, InfiMM-WebMath-40B (Han et al.,
2024), OpenWebMath(Paster et al., 2023) andMathPile (Wang et al., 2024c), consisting of approximated
344 Billion tokens.

MegaMath MegaMath(Zhou et al., 2025) is a TxT360 project to extract a large-scale high-quality math
data from the web, released as an open-source collection speci�cally designed to preserve mathematical
structure across both natural language and code, as our main math corpus. We use the two subsets
MegaMath-Web and MegaMath-Code for our pre-training.

MegaMath-Webis constructed through a math-aware curation pipeline that begins with 99 CommonCrawl
WARC snapshots (2014-15 to 2024-46) and applies a coarse-to-�ne extraction and �ltering process,
including URL �ltering, fastText-based language identi�cation, math-speci�c HTML preprocessing, a two-
stage text extraction pipeline, document-level quality �ltering, and large-scale MinHash-based deduplication.
This pipeline yields approximately 279 B tokens of high-recall mathematical webpages with faithfully
preserved equations and symbols.

MegaMath-Codeis produced by selecting code data from eleven programming languages within Stack V2,
a large public code corpus, and then applying a small language model trained to identify and retain
high-quality code relevant to mathematical reasoning, logic puzzles, and scienti�c computation. The
resulting MegaMath-Code split contains approximately 28.1 B tokens.

Together, these deduplicated and quality-�ltered corpora are decontaminated to remove the overlap between
MegaMathand 12 downstream benchmarks, removing 0.01% of the documents from the dataset. The
resulting corpus provides a substantial volume of mathematically rich content. It includes natural language
mathematical documents with preserved equations and math-related source code. More details are available
in Zhou et al. (2025).

Additional Math Corpora. In addition to MegaMath, we incorporate several widely used open math
datasets to increase coverage, diversity, and domain robustness:

ˆ DM Mathcontains generated math question�answer pairs. We converted the dataset to JSONL and
�xed a few formatting issues (e.g., byte-string artifacts and converting each row to have only one
question and answer). No �ltering was applied.

ˆ InfiMM-WebMath-40B(Han et al., 2024): A collection of math webpages sourced from CommonCrawl
(2019�2023), �ltered to focus on high-quality mathematical and scienti�c content in both English and
Chinese. After deduplication, the corpus is reduced to 15,877k documents and 27B tokens.

3https://pypi.org/project/beautifulsoup4/
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ˆ OpenWebMath(Paster et al., 2023): A math-focused dataset �ltered and extracted from over 200B
HTML �les on Common Crawl down to a set of 6.3 million documents containing a total of 14.7B
tokens. We obtain 4,316k documents and 10B tokens after deduplication.

ˆ MathPile (Wang et al., 2024c): MathPile is a diverse and high-quality math-centric corpus sourced
from high-quality data sources including Textbooks (including lecture notes), arXiv, Wikipedia,
ProofWiki, StackExchange, and Web Pages, comprising about 9.5 billion tokens in total. Several
sources ofMathPile are similar to MegaMath, to avoid the overlap, we only select the Textbooks subset
of MathPile, which includes approximately 4,000 documents totaling 0.042B tokens.

Finally, we conducted exact deduplication across the math datasets.

3.3.5 Code

We used Re�neCode (Huang et al., 2025a) as the base code dataset and produced two additional variants
from it: a Fill-in-the-Middle (FIM) version and a topologically sorted version. All three splits originate
from the same underlying collection of GitHub repositories.

Re�neCode. This is the original cleaned code corpus. Each entry corresponds to a single source �le
extracted from a GitHub repository. No structural modi�cations were made to the code itself. For details
about the data collection methodology, see Huang et al. (2025a).

Re�neCode FIM. This split is created from Re�neCode by converting each �le into a Fill-in-the-Middle
(FIM) format (Bavarian et al., 2022). A span from the �le is selected as the �middle� section, and the
remaining text is split into a pre�x and a su�x. These parts are then rearranged using special tokens such
as <|fim_prefix|> , <|fim_middle|> , and <|fim_suffix|> to mark their positions. The token order is
chosen randomly among standard FIM patterns, so the same �le may appear in di�erent arrangements
compared to Re�neCode. Only the layout changes; the underlying code content remains the same.

A shortened example of an entry is:

<|fim_prefix|>{% extends 'base.html.twig' %}

{% block title %}Modifier un utilisateur{% endblock %}
{% block body %}

<div class="container">
{{ include('user/_form.html.twig') }}

</<|fim_suffix|> "{{ path('user_index') }}">

<|fim_middle|>div>
<a href=

Re�neCode Topo-Sorted. This variant groups �les by GitHub repository and sorts them based on the
topological structure induced by code imports. Our goal is to ensure that dependencies appear earlier in
the sequence so that variables and classes are de�ned before they are used. We followed the procedure
described by Guo et al., 2024. First, we identi�ed import statements using regular expressions and built
a dependency graph for each multi-�le repository. We then applied topological sorting to determine the
�le order. For isolated �les or cases where the graph did not fully determine an order, we preserved the
repository's original �le listing. Finally, we concatenated the ordered �les into a single document, inserting
a comment with the �lename before each code block.
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These three splits represent the same underlying code data in di�erent forms: the unmodi�ed �le-level
version, an FIM-transformed version, and a topological-sorted version.

3.3.6 Multilingual

We include a substantial amount of Arabic text in our pretraining corpus, primarily sourced from Common
Crawl web scrapes extending the data used to train Jais model (Sengupta et al., 2023). In addition to
web sources, we incorporate high-quality multilingual resources such as Wikipedia and Europarl, ensuring
broader linguistic and domain coverage.

Arabic Our Arabic dataset comprises approximately 498 million documents, totaling over 203 billion
words. On average, each document contains about 407 words, with document lengths ranging from 2 to 27
million words. The document length distribution shows a median of 94 words, with the 25th and 75th
percentiles at 38 and 445 words, respectively.

Europarl-Aligned. This dataset is a multilingual corpus derived from the Europarl v7 proceedings (Koehn,
2005), consisting of parallel texts from European Parliament debates. This version extends the original
Europarl collection by aligning English source sentences with their corresponding parallel translations
across multiple European languages (e.g., Finnish, German, Dutch, Greek, Italian, French, Portuguese,
Swedish, Danish, Spanish). The alignment process preserves semantic equivalence across languages.

The original Europarl data4 is converted into JSONLformat for e�cient �ltering and multilingual concate-
nation. Each record combines the same parliamentary segment across languages into a uni�ed structure,
and the order of the language is randomized (recorded by a metadata �eld). For example:

{
"text": "# Finnish

[Finnish content]

# German
[German content]

# Dutch
[Dutch content]
...",

"meta": {
"language": "fi-de-nl-el-it-fr-en-pt-sv-da-es",
"src_file": "ep-00-01-17"

}
}

3.3.7 Other High-Quality Data Sources

Besides the data set mentioned above, we adopt all the remaining high-quality data sources fromTxT360,
including FreeLaw, StackExchange, USPTO, PG-19, HackerNews, and Ubuntu IRC. These datasets are
di�erent from general web text because they are published in structured formats such as XML, LaTeX,
PDF, or CSV. These sources contain cleaner writing, clearer structure, and more consistent formatting
than typical web pages, so they require di�erent processing steps.

Across all curated datasets, we apply a small number of shared �ltering rules: (1) removing non-English
documents when the dataset is expected to be English; (2) dropping very short documents or too high

4http://www.statmt.org/europarl/v7/europarl.tgz
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non alphanumeric characters; (3) removing documents with very low unigram log probability. For some
datasets, only a subset of these �lters was needed. Many �lters and their thresholds have been set after
detailed review by our team. Additional dataset-speci�c cleanup is added only when required by the source
format. Details can be found in our TxT360 blog (Tang et al., 2024).

Wikipedia. We use the o�cial Wikimedia snapshot from HuggingFace and convert the parquet �les to
JSONL. This includes all 323 subsets representing di�erent languages.

Wikipedia Extended The Wikipedia Extended dataset is built from standard Wikipedia articles, with
each article expanded by adding information from the pages it links to. For every source article, the
abstract of each outgoing linked article is appended after the original text. Links and abstracts are
obtained via DBpedia (Auer et al., 2007). Each record contains the concatenated text, for example:

{ORIGINAL ARTICLE}

{First Link Title}
"{First Link Abstract}"

{Second Link Title}
"{Second Link Abstract}"
...

This produces a longer document that includes the main article followed by short summaries of
related pages, providing additional data for training long-context capabilities.

EuroParl. EuroParl contains parliamentary debate transcripts with XML-like tags. We remove HTML
tags, �ltered out very short lines, and keep only lines associated with speaker tags. Other structural
tags such as paragraph and chapter markers are discarded.

HackerNews. HackerNews includes threaded discussions. We retrieve posts using the o�cial API, construct
threads from story IDs, remove system messages, and simplify comment hierarchies.

USPTO. USPTO patent documents appear in di�erent formats depending on the publication year. We
use format-speci�c extraction scripts and remove documents with fewer than 50 words.

FreeLaw. FreeLaw provides legal case text across multiple HTML and XML representations. We extract
text from all relevant �elds, normalize whitespace and line breaks, and remove artifacts such as
form-feed characters. Local deduplication remove a large number of repeated entries across dumps.

StackExchange.We reconstruct full conversation threads from the StackExchange XML dataset. Using
post IDs, we group questions with corresponding answers, comments, all code blocks.

Ubuntu IRC. Ubuntu IRC logs capture chat-style conversations. We remove system messages, anonymize
usernames with generic placeholders, and clean message pre�xes.

PG-19. PG-19 consists of public-domain books. We reduce long runs of whitespace, normalize line breaks,
remove hyphenation across line breaks, and remove delimiter markers.

3.3.8 Pre-training Data Analysis

Topic analysis. To obtain a high-level view of the content distribution in our corpus, we perform a topic
analysis on the Common Crawl portion of TxT360. We apply BERTopic (Grootendorst, 2022) to cluster
the documents into 17 broad topic groups. The clusters are produced by �rst generating 128 initial groups
from a seed subset and then manually merging them into semantically coherent categories. For each topic,
we aggregate several metadata-based metrics and inspect their averages to understand how di�erent types
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Figure 7: Topic distribution of documents from the Common Crawl portion of TxT360.

of documents vary across simple structural and lexical attributes. A summary of the topic distribution is
shown in Figure 7. Additional details about the clustering procedure and metric comparisons can be found
in our blog post (Tang et al., 2024).

Global Near-Deduplication. Near-deduplication provides several bene�ts for language model (LM)
pretraining, the most important being controllable upsampling. With unique data, we gain �ne-grained
control over the training distribution. Other advantages include preventing train�test overlap, which
mitigates benchmark and development set contamination, and reducing the impact of the double descent
phenomenon, where repeated data can cause test loss to increase midway through training (Hernandez
et al., 2022). Deduplication also lowers the risk of memorization (Lee et al., 2022). By implementing
deduplication and selective upsampling, we can directly control the pretraining data distribution rather
than relying on the inherent distribution of the source datasets.

We start with 61.8 TB of �ltered and compressed documents, totaling approximately 48.83 billion entries.
First, we perform exact deduplication using a Bloom �lter with a capacity of 1 billion and a false-positive
rate of 0.001. This process reduce the corpus to 40.21 billion documents, eliminating about 17% as exact
duplicates. The Bloom �lter's constant memory usage makes this stage e�cient and reduces the workload
for subsequent near-deduplication.

For global near-deduplication, we adopt a methodology similar to prior work such as SlimPajama (Soboleva
et al., 2023), but scale it to encompass the entire dataset, including 99 Common Crawl snapshots and
curated data. The process involves generatingMinHashsignatures for each document using thedatasketch
library with 128 permutations.

Before signature generation, the text of each document is cleaned:
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Figure 8: Overview of the domain distribution of the pre-training data mix. Majority comes from English Web.

ˆ Stripping leading and trailing whitespace
ˆ Converting all text to lowercase
ˆ Removing punctuation, consecutive spaces, newlines, and tabs

From the cleaned text, we generate 13-grams as features to construct document signatures, each represented
as aMinHashobject. These signatures are then compared to identify near-duplicate documents, which are
clustered to retain a single representative document while marking the others for deletion. When selecting
representatives, we prefer curated documents over Common Crawl documents, and more recent documents
over older ones.

Throughout all stages of deduplication, we use theDask distributed processing library extensively for
scalability and e�ciency. In addition, we maintain detailed statistics for each matching cluster during the
�nal deduplication stage.

Analysis of Near-Duplicate Clusters. Analysis of the near-duplicate clusters reveals distinct patterns
between the component sizes. Smaller clusters tend to exhibit greater overlap in theirMinHashbands. The
smallest components are typically near-exact duplicates�documents that di�er only slightly due to minor
formatting or textual variations�and were therefore not captured during the earlier stage of local exact
deduplication.

We observe distinct patterns based on cluster size. Smaller clusters typically re�ect the maintenance of a
living document where content, such as a sta� list, is modi�ed incrementally over the years. However, the
pattern shifts toward mass replication for clusters with 1,000 or more documents. These large clusters
usually contain generic templated text, including disclaimers or terms and conditions, which commercial
entities use to standardize legal and operational messaging across platforms.

3.3.9 Data mix

Following Tang et al. (2024), we upsample documents based on their natural distribution of duplicates
counts. However, since duplication is only an indirect indicator of quality, we upsample documents to a
few prede�ned levels rather than using their exact count. Speci�cally, we set the upsampling weight to 3
for documents with 2 to 5 duplicates, 5 for those with 5 to 100 duplicates, 8 for 101 to 1000 duplicates,
and 10 for documents with over 1000 duplicates. These values are selected heuristically and informed by
preliminary small-scale experiments. For non-CommonCrawl data sources, we assign a weight of 2 if the
document appears more than once. A high level domain distribution is depicted in Figure 8. The detailed
data distribution is shown in Table 2.
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Category Data Source Duplication Bucket Proportion (%)

English Web

TxT360-CC
(TxT360-BestOfWeb excluded)

1-1 14.291033
2-5 9.289018
6-10 2.994187

11�100 3.449416
101�1000 0.099270
> 1000 0.003080

TxT360-BestOfWeb

1�1 5.722252
2�5 3.934343
6�10 5.072045

11�100 6.801969
101�1000 0.216884
> 1000 0.004300

Synthetic QA TxT360-QA

1�1 3.777652
2�5 6.426003
6�10 2.361838

11�100 3.156823
101�1000 0.098637
> 1000 0.001932

Papers ArXiv, PubMed, S2ORC, and PhilPapers 1�1 3.835154
others 0.575500

Math

MegaMath Code all 0.174502
MegaMath Web all 1.734297

DM Math all 0.105578

Other math (In�MM-WebMath-40B,
OpenWebMath, Textbooks-MathPile)

all 0.977156

Code
Re�neCode all 7.102195
Re�neCode FIM all 0.528593
Re�neCode Topo-Sorted all 0.583103

Multilingual JAIS Arabic Data all 2.137777

Europarl-Aligned all 0.010014

Other

Wikipedia 1-1 0.893301
others 0.005294

Wikipedia-Extended all 0.876997

Europarl 1�1 0.030053
others 0.000439

FreeLaw 1�1 0.297616
others 0.168791

Hackernnews 1�1 0.023127
others 0.000079

PG-19 1�1 0.033099
others 0.045906

StackExchange 1�1 0.475941
others 0.010132

Ubuntu IRC 1-1 0.049009

USPTO 1-1 0.111890
others 0.000680

Table 2: Pre-training data mix details. Documents are organized in �Duplication Bucket� based on number of
duplicates they have. The bucket is used as one of the features to determine the mixing weights.
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3.4 Pre-training Infrastructure

� Key Takeaways

ˆ Parallelism Trado�. With su�cient GPU memory and a small global batch size, one should
consider disabling pipeline parallelism to achieve higher training throughput.

ˆ Fault Tolerance System. Our fault tolerance and auto-mitigation systems allow our model to
quickly recover from training incidents.

To scale training for our largest models, we use hybrid parallelism, which combines four parallelism methods
to shard the model. This approach e�ciently distributes computation across many GPUs and ensures that
each GPU can hold the model parameters, optimizer states, gradients, and activations in its HBM. InK2,
we use a combination of tensor parallelism (TP), sequence parallelism (SP), and data parallelism (DP).
Our pretraining framework is based on Megatron Core (Shoeybi et al., 2019) and uses Transformer Engine
as its backend (NVIDIA Corporation, 2025).

3.4.1 Hardware and Cluster Setup

The K2 model is trained on an H200 GPU cluster, with each server equipped with eight NVIDIA H200
GPUs operating at 700 W TDP and 141 GB of memory. Each GPU node provides eight In�niBand HCAs
running at 400 Gb/s in a fully non-blocking fabric. To improve fault-tolerance and reliability of the training
job, we develop an in-house tool,submitter , which continuously detects hardware and system faults and
enables automatic fault-tolerant job submission, termination, and recovery over Slurm.

3.4.2 Parallelism and Training Infrastructure

Trade O�s Among Parallelism Strategies. Similar to what we discussed in (Liu et al., 2025c), DP
partitions the input data batch evenly among workers. At each iteration, each worker computes gradients
over its assigned batch, and these gradients are synchronized among workers before the next iteration. DP
requires each worker to hold a complete model replica, so it cannot be used to train models with very large
parameter counts. Fully Sharded Data Parallelism (FSDP) can replace the DP dimension to further save
GPU memory footprint at the cost of marginal communication overhead, but when we set up the training
system, Megatron Core did not have full support for FSDP (Zhao et al., 2023). In TP, the weights of
two consecutive layers are partitioned �rst along the row dimension (input dimension) and then along the
column dimension (output dimension) (Shoeybi et al., 2019). TP removes the need for synchronizing the
intermediate output of the �rst layer but introduces heavy cross device communication afterward. SP can
be applied along the TP dimension to further reduce GPU memory consumption, although it increases
communication (Korthikanti et al., 2023). In PP, layers are placed across GPUs, and the mini batch is split
into microbatches. These microbatches are then pipelined in the forward and backward passes. PP requires
less communication than DP and TP but su�ers from idle GPU time, for example pipeline bubbles (Huang
et al., 2019; Narayanan et al., 2019).

Heuristics for Tuning Hybrid Parallelism Strategy. Similar to what we discussed in Liu et al. (2025c),
a good parallelism strategy follows the pattern in which TP is mapped to intra-node GPUs, PP and its
associated microbatch sizes are then tuned to satisfy GPU memory constraints, and all remaining GPU
degrees are assigned to DP (or FSDP). InK2, we start from the K2-V1 parallelism strategy. Compared
with prior work, we now use H200 which has larger GPU memory (141GB). Given larger GPU memory
capacity, which parallelism dimension should be removed �rst? Intuitively, TP should be reduced before
PP, since its communication cost is much higher compared to PP. However, in practice, because TP can be
used together with SP, its memory savings are much more signi�cant than those from PP. This is especially
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true for K2, where we pre-trained using an 8K context length, making SP essential. Another reason to
disable PP rather than TP is that we use a relatively small global batch size, which results in a per-GPU
batch size of 3. Such a small per-GPU batch size almost always causes a large fraction of pipeline bubbles,
which hurts utilization. Thus, for K2 pretraining, we disable PP and use only TP, SP, and DP. To mitigate
GPU memory spikes, we also enable activation recomputation (Korthikanti et al., 2023).

The Optimized Hybrid Parallelism Strategy. We use a carefully tuned strategy that combines DP, TP,
and SP for K2 pretraining. More speci�cally, we use 8-way TP (with SP enabled along the TP dimension).
The tuning procedure follows the heuristics aforementioned, as discussed above. In stage 1, the global batch
size is 1200, and we use a mini batch size of 3 per DP group (i.e., no microbatching is used). We apply
activation recomputation to reduce memory consumption, using full-layer activation checkpointing uniformly
across layers and treating each transformer layer as the recompute unit (using �recompute-granularity
full , �recompute-method uniform , and �recompute-num-layers 1 in Megatron-LM). BF16 precision
and FlashAttention 2 are enabled to increase training speed (Dao, 2023).

3.5 The Pre-training Run

� Key Takeaways

ˆ Intervene based on spike width, not just height. Restart-based interventions incur computational
costs. We therefore distinguish between narrow spikes (transient instabilities that often self-
correct) and wide, malignant spikes (which indicate diverging dynamics). We implement
automated rollbacks only for the latter to avoid unnecessary restart overhead.

ˆ Expect and tune for early-phase instability. Instability is structurally concentrated in the �rst
30% of training. Tuning the optimizer timescale (� epoch) speci�cally for this phase can be helpful.

ˆ Extremely low learning rates stall progress. While Decay2Zero is e�ective in some settings, we
�nd that learning rates below 1:5 � 10�6 may have hit numerical precision limits. We observe
the parameter norm ceases changing and may have stopped learning.

3.5.1 The E�ect of Decay2Zero

Decay2Zero learning rate schedules are strong both for the full schedule (Bergsma et al., 2025b) and in
a short additional annealing phase at the end (Groeneveld et al., 2024). However, few results have been
published at K2's scale (70B and 10x Chinchilla over-trained regime). In our actual run, we observe that
when the learning rate drops below 1:5 � 10�6 , the parameter norm ceases to change�a symptom we
hypothesize to indicate training stagnation. Figure 9 shows this in detail. From steps 1.23e6 to 1.25e6,
the parameter norm change of the D2Z approach slows down signi�cantly, while that where it is �xed at
1% continues to decrease. Since we plan to conduct subsequent mid-training stages, we decide to use a
non-zero learning rate to conclude pre-training.

3.5.2 Training monitoring

We develop an automated monitoring system to ensure stability and reliability during training. The system
continuously tracks key metrics and:

ˆ Detects abnormal events, such as signi�cant spikes in the training loss curve.

ˆ Automatically rolls back to the most recent stable checkpoint, relaunches the job using thesubmitter
tool discussed previously, and backs up relevant checkpoints.

ˆ Sends noti�cations for both detected anomalies and recovery actions taken.
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Figure 9: Params norm comparison: D2Z vs constant 1% for the tail. We see that the params norm for D2Z �attens,
while that �xed at 1% in the tail continues to drift downward.

Abnormal events detection. To ensure stable long-horizon training, we implement an abnormal events
detection system designed to identify and react to severe loss spikes as early as possible. We adopt
a deterministic, dual-threshold, sliding-window algorithm that distinguishes persistent divergence from
transient noise.

ˆ w: width of the historical window (persistence width).

ˆ v min : minimum value of the monitored metric within the window.

ˆ v max : maximum value of the monitored metric within the window.

At every training iteration t, the system examines the most recentw iterations and evaluates the loss
trajectory against two scalar thresholds: a sustained �oorTmin and a severity peakTmax . An abnormal
event, as known as a loss spike, is triggered if and only if the following conditions hold simultaneously:

ˆ Persistence condition: vmin (t) > T min . This ensures the loss has not re-entered a safe range for the
entire duration of the window, �ltering out single-step �uctuations.

ˆ Severity condition: vmax (t) > T max . This ensures the loss has reached a critical magnitude, preventing
false positives caused by high-but-stable plateaus.

We operate the detector in two sensitivity tiers. The alert tier uses a narrower window and lower thresholds
to identify early warning signs and triggers a level-one Slack noti�cation. The restart tier uses a wider
window and stricter thresholds to con�rm sustained divergence; exceeding these thresholds triggers a
level-two Slack noti�cation with automatic restart of the training job.

When a restart-tier event is detected at iteration tspike, the system rolls back to the most recent fully
committed checkpoint based on a �xed checkpoint interval I. The rollback iteration is computed as:

t rollback =
�

tspike

I

�
� I;

ensuring recovery always begins from a known-good checkpoint on disk. Figure 10 shows an example of the
noti�cation mechanism in action.

3.5.3 Training Dynamics & Stability

In this section, we present training dynamics observations. We focus on three key signals: loss spikes,
gradient norms, and parameter norms. Monitoring these metrics allows us to detect potential instabilities
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Figure 10: a) A severe loss spike appeared at around 464,000 step. b) The spike was immediately detected. The job
was auto-restarted and a noti�cation was sent through Slack

or irregularities during the run. The following analysis details how these values evolved from the start of
pre-training to the �nal steps.

Loss Spikes. Loss spikes (Molybog et al., 2023; Takase et al., 2025) are sharp jumps in training loss
that interrupt an otherwise stable loss curve. In Large Language Models, they often stem from a mix of
aggressive learning-rate schedules and �rst or second-moment estimator lag in Adam-style optimizers.

To help visualize the dynamics, we quantify spikes using a robust local z-score that measures how abnormal
the current loss is relative to its recent history. For loss valuesyt over training steps t, we compute a
rolling median mt over a trailing window W(t) (set to approximately 1% of the full training duration).
To robustly estimate local variability while accounting for the non-stationary trend of the loss curve, we
compute the median of the absolute deviations from the rolling median within the window:

MAD t = medians2W (t)
�
� ys � m s

�
� ; (1)

where ms is the rolling median at step s. We then de�ne the local z-score zt as:

zt =
yt � m t

1:4826 MADt
: (2)

Points with zt > 5 are �agged as loss spikes. Intuitively, this score measures how many typical �uctuations
above the local baseline a speci�c step represents, capturing abrupt deviations while adapting to the
non-stationarity of the loss curve. This formulation is the loss-domain, locally adaptive analogue of the
Gradient Spike Score (GSS) introduced in Huang et al. (2025b), which applies a similar standardized score
to gradient norms.

To comprehensively evaluate training stability, we analyze both the �nal successful model trajectory (the
�clean� run) and the divergent branches that were abandoned during training. We reconstruct the clean
run by stitching together the chain of checkpoints that led to the �nal model. The discarded segments
are then treated as candidate failure events. We �lter these abandoned runs, retaining only those that
exhibit a signi�cant deviation from the clean run's baseline prior to termination. In our analysis, both
transient spikes within the clean run and fatal spikes in the abandoned runs are evaluated against the
robust statistics (mt and MAD t ) derived from the successful trajectory, ensuring a consistent de�nition of
anomaly across all data.

Figure 11 illustrates that the vast majority of loss spikes occur during the �rst 40% of training, with a
particularly high frequency in the �rst 20%. We address these instabilities via two mechanisms. First, we
observe that poorly tuned � epoch values (Wang and Aitchison, 2025) exacerbate spike frequency at small
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Figure 11: a) Histogram of Loss Spikes (including those erased via restart) across pre-training. We see that the spikes
are highly concentrated in the �rst 40% of training. See Section 3.5.3 for our de�nition of loss spikes. b) Pre-training
loss curve (excluding regions erased via restart). Again, we see that transient spikes are highly concentrated in the
�rst 40% of training.

Figure 12: a) Grad norm throughout pre-training (y-axis on log scale). We see that initially the norms are low, then
they drift up, peak during the middle of training and then drift back down. b) Params norm throughout pre-training.
They rise initially before settling. This matches the behavior of AdamW in Wen et al. (2025) Figure 6 (middle left).

scale; we therefore explicitly tuned this hyperparameter to 0.1066 (see Section 3.2). Second, as described
in Section 3.5.2, we intervene by rolling back the model state only when observing wide, malignant spikes
(Liu et al., 2025d). Figure 13a illustrates a narrow spike where training was allowed to continue, whereas
Figure 13b shows a cluster of wide spikes that triggered a rollback.

Gradient and Parameter Norms. As shown in Figure 12a, gradient norm spikes follow a similar temporal
distribution to loss spikes, appearing more frequently in the �rst half of pre-training. Ignoring transient
spikes, the gradient norm tends to drift upward, peaking halfway through training before decaying, though
it remains elevated compared to initialization. Interestingly, the decay we observe is not standard behavior,
which involves gradient norms increasing towards the end of training. This is discussed in detail including
theoretical analysis in Defazio (2025), and Figure 6 of Wen et al. (2025) show a similar phenomena. Future
investigation of our grad norm behavior is thus warranted. Figure 12b illustrates the parameter norm
throughout training. After peaking near step 200k, the norm drifts downward. This decline slows in the
�nal stages, aligning with the learning rate decay. This pattern matches the behavior of over-trained (as
per Chichilla scaling law (Ho�mann et al., 2022)) AdamW observed by Wen et al. (2025).
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Figure 13: a) A narrow spike. We do not roll back if it does not meet the pre-de�ned threshold. b) Wide spikes that
meet the threshold are rolled back, as we have observed that they sometimes hurt downstream task performance.

4 Mid-training

� Key Takeaways

ˆ Training framework e�ciency. We implement features like on-the-�y tokenization and best-�t
packing in our in-house training system to improve �exibility and throughput.

ˆ Selecting appropriate RoPE con�guration is critical. The choice of base frequency for Rotary
Positional Embeddings (RoPE) is the determining factor for successful long-context extension.

ˆ Balancing reasoning with general capabilities. Mid-training on synthetic thinking traces dras-
tically alters model behavior. We �nd that a careful ratio of natural web data to reasoning
data is required to trigger these new capabilities without degrading performance on classical
pre-training benchmarks.

ˆ Mid-training enables test-time scaling. Incorporating reasoning data allows the base model
to demonstrate strong test-time scaling even before post-training. With a simple reasoning-
inducing prompt, we achieve nearly 50% accuracy on AIME 2025 and over 90% on MATH-500,
signi�cantly outperforming similar open-source base models.

4.1 Mid-training Recipe

K2 uses a progressive context-length expansion strategy to extend the training context up to 512K tokens.
Speci�cally, we employ a four-stage training procedure to systematically up-sample long-context data
across diverse length ranges, while preserving performance on short contexts. The precision of BFloat16 is
used throughout the mid-training process. The details of training length, training data size and RoPE
base frequency and learning rate are shown in Table 3.

ˆ mid-1 : In the �rst stage, we aim to shift from pre-training toward higher-quality data while beginning
to introduce reasoning behaviors and thinking traces. We maintain the same context length of 8192
tokens and a RoPE base frequency of 0.5M as in the pre-training stage. During this stage, given
the relatively large-scale training corpus of 1.7T tokens, we adopt a cosine learning rate schedule,
peaking at 1:5 � 10�5 and gradually decaying to 6� 10�6 . The model is trained on NVIDIA H200
GPUs, with a global batch size 13;107;200 tokens.

ˆ mid-2, mid-3, mid-4 : In the subsequent three stages, the context lengths are expanded to 64K,
128K, and 512K tokens. To ensure stable optimization when extending to long context, we keep
a constant learning rate of 6� 10�6 , with the RoPE base frequencies set to 1M, 10M, and 10M,
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Stage Context # Tokens RoPE Max LR Min LR LR Decay CP

mid-1 8;192 1769B 0.5M 1:5 � 10�5 6 � 10 �6 Cosine 1
mid-2 65;536 590B 1M 6 � 10�6 6 � 10 �6 Constant 1
mid-3 131;072 229B 10M 6 � 10�6 6 � 10 �6 Constant 2
mid-4 524;288 131B 10M 6 � 10�6 6 � 10 �6 Constant 8

Table 3: Hyper-parameters in di�erent mid-training stages. CP is the size of context parallelism.

respectively. Changing the RoPE frequency base to a larger value signi�cantly improves long-context
performance (Gao et al., 2025; Xiong et al., 2023). We also observe that scaling up the RoPE base
to 10M is particularly useful when context lengths exceeds 128K tokens. To avoid short-context
performance degradation, we consistently mix at least 30% short-context data at each stage. Detailed
context mix is presented in Figure 15. We use the same global batch size (13; 107; 200 tokens) as the
�rst stage while halving the node set. In mid-3, mid-4 , we apply context parallelism technique to
compute full attention upon long sequences.

4.2 Mid-training Data: TxT360-Midas

In the mid-training phase, we increase our reliance on synthetic data to address speci�c limitations in
natural text. While natural data provides a strong foundation, it lacks both the density required for
complex reasoning and the length needed for long-context training. Synthetic generation allows us to
construct these missing pieces, producing extended, consistent and logical rich documents that are rarely
found in the wild. We curate the TxT360-Midas dataset for this purpose, with the following design goals:

ˆ Extend model's context length to 512k. We perform four stages of training with progressively
increasing context length on high-quality mixes of synthetic and natural text data organized according
to their token length.

ˆ Prepare model for post-training by introducing synthetic reasoning data to facilitate improved
performance via increased test-time computation. In addition to collecting LLM thinking traces
across domains, we develop new synthetic data pipelines transforming natural user queries into over
100 reasoning behavior demonstrations such as System 1 and System 2 thinking, Red Team vs Blue
Team thought experiment, detective-style abductive reasoning, and many others.

ˆ Compensate web data limitations by introducing higher amount of synthetic data, especially data
targeting mathematical ability. We collect over 250 million mathematical problems and generate
solutions with thinking from open-source models.

4.2.1 LLM Thinking Traces

Enabling LLMs to utilize test-time computation by means of generating �thinking� tokens before providing
the �nal answer has become a key factor in rapid performance improvement of recent open- and closed-
source models (Jaech et al., 2024; Guo et al., 2025; Yang et al., 2025). Wang et al. (2025) demonstrated
importance of including such thinking traces in mid-training to incentivize reinforcement learning.

To create su�ciently large corpora of thinking traces we collect over 250 million unique (based on exact
deduplication) mathematical problems from various sources. These sources are drawn from the mathematical
datasets with permissive licenses studied in the OpenThoughts project (Guha et al., 2025)5. To avoid
contamination we only use train subsets where relevant. Problems include templated arithmetic and
numeric tasks (for example, checking if a large number is prime), veri�cation of mathematical statements,
and other math problems of varying di�culty. For each problem we generate solutions using Qwen3-32B

5https://www.open-thoughts.ai/blog/thinkagain
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with thinking (Yang et al., 2025) and GPT-OSS-120B with high reasoning e�ort (Agarwal et al., 2025). We
augment the data with Nemotron-Postraining-Dataset-v1 (Bercovich et al., 2025; Nathawani et al., 2025)
which, in addition to math, covers coding and STEM problem-solving and utilizes DeepSeek-R1 (Guo et al.,
2025) to generate solutions with thinking traces. We refer to this data source as thinking_traces.

4.2.2 Synthetic Reasoning Behaviors

Our pipeline for generating synthetic data that demonstrates diversereasoning_behaviors consists of
two key components: natural user queries (Zheng et al., 2023a; Zhao et al., 2024; Don-Yehiya et al., 2025)
and prompt templates for over 100 reasoning behaviors.

Our goal in exposing the model to a large number of reasoning behaviors across many contexts (including
ones that may seem only loosely related to reasoning) is to encourage behavioral diversity and to elicit
reasoning in domains where it is di�cult to obtain veri�able problems for reinforcement learning. Our
approach is motivated by Gandhi et al. (2025), who demonstrated the importance of four reasoning types in
mid-training in the context of RL training on logic puzzles such as Countdown. By mid-training on many
reasoning behaviors across domains, we better prepare the model for subsequent reasoning improvements,
such as RLVR style training.

We generate additional data with this pipeline using behaviors outside of reasoning. For example data-
science related discussion, various forms of planning, and other categories like user manuals. As with
reasoning behaviors, we utilize natural user queries as �inspiration� to achieve diversity at scale and vary
the behavior prompt. We refer to this data asother_behaviors . Both reasoning and other behaviors were
generated with Qwen2.5 32B Instruct (Team et al., 2025b) and Qwen3 32B with non-thinking mode (Yang
et al., 2025).

An example of the dual_process_reasoning_system behavior is shown below:

dual_process_reasoning_system

Prompt:

Generate reasoning about the following problem:

{query}

Begin by restating the problem. First provide an intuitive (System 1) assessment, then transition
to a deliberate (System 2) analysis. Show how these two reasoning modes lead to different
conclusions and how they can be reconciled.

Corresponding synthetic snippet for �How do I have an epic water �ght?� query:
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How do I have an epic water �ght?

Response:

The problem at hand is about how to have an epic water fight. Let's break this down by first using
intuitive reasoning, and then transitioning to a more deliberate analysis.

Intuitively (System 1), an epic water fight might seem like a simple idea to execute. This could
involve grabbing as many water guns as possible, filling them up at a nearby hose, and then running
around with friends or family, spraying each other from various angles [...]

However, adopting a more deliberate (System 2) approach to the problem reveals additional
considerations that could elevate a water fight to being truly epic. This involves more structured
planning and execution:

1. **Preparation:** Consider the type and quantity of water guns, ensuring there's a mix of short-
range and long-range weapons. Additionally, [...]

2. **Location and Setup:** The setting can make a significant difference. A spacious backyard with
varied terrain (trees, a pool, or a trampoline) can add to the excitement [...]

3. **Rules and Teams:** [...]

4. **Safety and Supervision:** [...]

5. **Aftermath:** [...]

Reconciling the intuitive and deliberate approaches, the key is to balance spontaneity with
planning. While the immediate joy and excitement of a water fight are important, thoughtful
preparation can enhance the experience [...]

4.2.3 Data mixes

In our data mixes we combine the aforementioned synthetic datasets with natural text:

ˆ Web: select subsets of our pre-training data (Table 1):CC-edu(high-quality subset of CommonCrawl
chosen using FineWeb-edu classi�er (Lozhkov et al., 2024a));Wiki+ (combined Wikipedia, Hack-
erNews, and StackExchange sources);Legal (combined Europarl, USPTO, FreeLaw sources);Papers+
(combined Papers, PG-19, Ubuntu IRC sources);TxT360-QA(Section 3.3.2);Arabic (Section 3.3.6);
MegaMath(Zhou et al., 2025). We additionally augment it with a few sources from Common Pile that
were not present in our pre-training data (Kandpal et al., 2025) (e.g., openly licensed transcribed
YouTube videos).

ˆ Code: RefineCode (Huang et al., 2025a) data from pre-training augmented withStack-Edu (Allal
et al., 2025) Python subset.

ˆ Institutional Books (Cargnelutti et al., 2025), large collection of public domain books providing
bulk of long-context data.

Natural text data is diverse in length and we organize it in 0k-8k, 8k-64k, 64k-128k, and 128k-512k length
buckets for better control of context length during the four mid-training stages. We summarize data mixes
for each stage in Figure 14 and context mixes in Figure 15.

To demonstrate e�ect of reasoning in mid-training we measure pass@k on AIME-2025 for varying k in
Figure 16. AIME consists of challenging mathematical questions that LLMs only recently began to solve
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Figure 14: Data mixes for the four mid-training stages. Each stage is annotated with size in billions of tokens.TT
refers to thinking_traces; RB to reasoning_behaviors; OB to other_behaviors; IB to Institutional Books.

Figure 15: Context mixes for the four mid-training stages. Pie chart sectors correspond to percentage oftokens
from documents in each of the four context length buckets: 0k-8k; 8k-64k; 64k-128k; 128k-512k.

well. Typically high performance on AIME is only achieved by post-trained models after SFT and RL. As
we show in the �gure base models like Llama 3.1 70B and Qwen2.5 72B (which were mid-trained without
reasoning data to the best of our knowledge) achieve low pass rate even atk = 64 attempts despite their
strong performance on simpler mathematical benchmarks like GSM8K (see Table 5 for details). Similarly,
our K2is pre-trained on predominantly natural web data and has 0 pass rate prior to mid-training. However
its pass rate improves rapidly throughout reasoning-oriented mid-training, eventually reaching over 80%
pass@64 and non-trivial pass@1 (i.e., accuracy) performance. We observe mild degradation in stage 4
where we focused on long-context data above 128k as it is hard to obtain high-quality reasoning data of
such length and we instead primarily relied on code and books. Our pass@k analysis is motivated by recent
works demonstrating correlation between base model's pass@k performance on complex benchmarks and
its subsequent performance post RL (Yue et al., 2025; Yurochkin et al., 2025).

AIME 2024 AIME 2025

K2 23.32 14.43
Qwen 2.5 72B 41.96 23.37
Llama 3.1 70B 9.84 9.85
Olmo 3 32B 37.82 14.47

Table 4: Sentence-level memorization rates (%).

Memorization analysis Typical decontamination
approaches rely on n-gram matching, however prior
works reported that e�ect of such decontamination on
benchmark performance is unclear (Li et al., 2024a). In
practice there could be many factors a�ecting whether
an LLM memorizes a benchmark question. Motivated
by recent work on data extraction directly from trained
models (Cooper et al., 2025), we conduct memorization analysis on AIME 2024 and AIME 2025 questions.
We split each question into sentences and generate with beam search (width 10, up to 20 tokens at a time)
conditioned on each subsequence of sentences until a period. We measure how often generated sentence
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Figure 16: Coverage (pass@k) on AIME-2025 throughout mid-training stages compared to models of similar size
trained without reasoning data.

exactly matches the corresponding sentence in the question. Results are reported in Table 4. We see
that the memorization rate is overall lower for AIME 2025 than for AIME 2024, as expected since this
benchmark is more recent. For 2025, the majority of memorization comes from the last sentence, which is
typically formulated to ensure that the �nal answer is a single number�a pattern present in most AIME
iterations. We also notice that K2's memorization for both years is low relative to other models, suggesting
that its strong AIME performance is driven by reasoning ability rather than memorization alone.

4.3 Mid-training Infrastructure

We have developed our own training framework instead of directly using Megatron-LM for mid-training,
as Megatron-LM's support for context parallelism and FSDP is not yet mature. Our in-house framework
supports TP, CP, and FSDP, with a �ner-grained automatic activation recomputation mechanism to better
balance memory footprint and training speed. We also provide improved asynchronous communication
among operations in LLMs, as well as customized fused kernels.

The in-house training infrastructure features on-the-�y tokenization and online best-�t packing. On-the-�y
tokenization will avoid the hassle of pre-tokenization when adjusting the dataset mix, making it much more
�exible for experiments involving changes in dataset sources or dataset weights.

We modify the Best-Fit packing algorithm (Ding et al., 2024a) and implement an online version in our
framework. We enable this feature starting from stage 2. It signi�cantly reduces unnecessary document
truncations at the cost of only a few additional padding tokens. Our ablation experiments show that this
feature improves loss given the same model and data.

Parallelism Strategy The tensor parallelism size (TP) is �xed to 8 throughout the four mid-training
stages. For context parallelism size (CP), we set it to 1 for stage 1 and stage 2, and gradually increasing
it to 2 for stage 3 and to 8 for stage 4 to keep memory usage under control. In our implementation of
context parallelism, we use standard all-gather communication of keys and values between ranks in a
context-parallel group, with asynchronous communication to hide overheads behind the computation of
queries. We �nd this simple implementation to be more e�cient than the RingAttention algorithm (Liu
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et al., 2024b).

4.4 The Mid-training Run

In this section, we discuss observations from the mid-training stages. Figure 17a illustrates the loss curves.
Although we included a replay of web data in each stage, the distinct loss ranges indicate signi�cant domain
di�erences across stages. Since we are simultaneously extending context length and adding new capabilities,
it is challenging to reduce the distribution di�erences across the stages. Despite these shifts, we have
observed the key metrics improve or remain competitive. The results will be presented in detail in Ÿ5.

Figure 17b tracks key metrics throughout this process. For traditional benchmarks, especially those
evaluated via perplexity, performance generally remains stable or improves only slightly. In contrast,
complex reasoning benchmarks demonstrate consistent gains. For example, GPQA-Diamond shows steady
improvement across the �nal three stages designed for it. However, GSM8K performance has been unstable.
We attribute this to two factors: changes in the model's output format (which caused parsing errors) and
the mathematical data distribution used in each stage. Additionally, we observe a distinct pattern in which
certain scores increase signi�cantly at the very beginning of a stage but remain �at thereafter. We interpret
these rapid initial gains as a shift in model behavior or output style rather than the acquisition of new
knowledge.

Finally, we report a key �nding regarding the Rotary Positional Embedding (RoPE) con�guration. In an
early experiment targeting a 128K context length, we set the RoPE base frequency to 1M. We �nd this
value insu�cient to support extended context capabilities, which resulted in degraded performance. We
subsequently adjusted the base frequency to 10M, after which performance recovered to expected values.
See Figure 18 for the comparison.

5 Base Model Evaluation

� Key Takeaways

ˆ Reasoning-focused mid-training unlocks superior capabilities. Throughout our mid-training
stages,K2dramatically improved in performance across mathematics, STEM, and logic domains.
By the end of mid-training, our model signi�cantly outperforms other base LLMs and rivals
fully-trained models on challenging math and logic benchmarks.

ˆ Reasoning in mid-training boosts model capabilities but presents evaluation challenges. To
comprehensively quantify model improvements due to reasoning we expanded classical pre-
training evaluations and considered complex generative benchmarks typically only used for
fully-trained LLMs. We also needed to depart from the traditional few-shot prompting approaches
and develop new prompts, robust parsers, and extend generation length when evaluating.

ˆ Breadth of evaluation is crucial to measure progress. In our experiments several classical
pre-training benchmarks slightly degraded throughout mid-training, which was discouraging
initially. Extending our evaluation suite allowed us to better quantify model's abilities and gain
con�dence in the mid-training recipe.

In this section, we present a comprehensive evaluation of theK2 series across its fundamental training
stages: pre-training and mid-training. Our evaluations include traditional completion-likelihood-based
benchmarks as well as a variety of generative tasks covering math, STEM, coding, instruction following,
and logic puzzles. The results of these evaluations are summarized in Table 5.
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Figure 17: a) Loss curve of four mid-training stages. The losses may jump up or down at the beginning of next
stage due to di�erent data distributions. b) Trend of key metrics across four mid-training stages. Despite the
�uctuations, the general upward trend could be observed across four stages. (We missed four evaluation data points
at the beginning of stage 2)

Figure 18: Impact of RoPE base frequency con�guration on long-context performance at the 17;500-step checkpoint
of stage 3 mid-training. An insu�cient RoPE base frequency leads to degraded performance, especially for longer
evaluation context length cases. a) RULER average for runs using base frequencies 1M and 10M. b) NIAH average
for the same comparison.
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base mid-1 mid-2 mid-3 mid-4 Qwen2.5-72b Llama3.0-70b Llama3.1-70b Olmo3-32b

# Total Params 70B 70B 70B 70B 70B 72B 70B 70B 32B

General Tasks
MMLU 74.3 74.4 73.5 75.0 75.2 86.1 79.5 79.3 75.2
MMLU-Pro 43.7 46.8 48.1 59.8 57.0 58.1 52.8 53.8 49.6
BBH 68.4 79.8 81.1 82.2 83.2 86.3 82.2 82.1 77.6
HELLASWAG 87.8 86.9 86.6 86.6 86.0 87.6 88.0 85.0 84.8
WINOGRANDE 82.6 83.7 83.7 83.7 83.0 83.9 85.3 79.8 90.3
PIQA 84.2 84.0 83.3 82.9 83.1 83.5 84.6 84.3 85.6
TRUTHFULQA 54.0 54.9 55.1 55.8 53.9 60.5 45.6 49.7 54.9

Math & STEM Tasks
GPQA-DIAMOND 26.3 31.3 27.8 43.9 55.1 34.9 21.2 27.3 30.3
GSM8K 68.0 76.4 82.1 93.6 92.5 91.2 83.2 81.1 80.5
MATH 27.8 38.2 41.1 94.7 91.4 58.5 41.9 41.6 43.4
AIME 2025 0.0 17.6 25.1 53.2 46.9 1.7 0.1 0.2 14.7
ARC-CHALLENGE 64.9 66.4 66.4 66.0 66.3 72.4 69.2 64.9 65.4

Coding Tasks
MBPP 57.6 57.8 58.2 59.8 61.8 75.4 69.2 64.4 60.2
HUMANEVAL 50.0 51.2 53.7 54.3 54.3 54.3 42.1 50.6 36.0

Logic Puzzles
COUNTDOWN 1.3 53.3 53.1 35.9 75.6 6.0 1.0 0.5 23.2
KK-4 PEOPLE 4.8 44.9 68.0 64.5 92.9 26.1 4.2 7.6 42.4
KK-8 PEOPLE 0.5 23.2 41.3 51.6 82.8 5.7 1.1 1.3 13.0
ORDER-15 ITEMS 4.7 30.7 47.2 55.8 87.6 37.0 3.5 4.5 25.0
ORDER-30 ITEMS 0.0 0.3 3.0 34.1 40.3 0.7 0.2 0.1 0.6

Instruction Following
IFEVAL 17.4 26.2 28.5 34.5 26.7 40.3 15.1 17.4 13.2

Arabic
MMLU-Arabic 65.4 66.1 64.5 66.6 65.5 74.1 65.0 66.8 47.8

Table 5: Comparison among K2pre-training, mid-training stages and other strong open-source benchmarks in similar
parameter scale. The highest, the second-best scores are shown in bold andunderlined, respectively.

5.1 Evaluation Methodology

The evaluation of base models mainly focuses on their performance in general knowledge, reasoning,
mathematics, scienti�c knowledge, coding, and multilingual (arabic) capabilities. The evaluation datasets
for base model checkpoints include 19 benchmarks:

ˆ General Tasks: MMLU (Hendrycks et al., 2021a) (5-shot), MMLU-Pro (Wang et al., 2024a) (5-
shot), BBH (Suzgun et al., 2022) (3-shot, CoT), HELLASWAG (Zellers et al., 2019) (10-shot),
WINOGRANDE (Sakaguchi et al., 2021) (5-shot), PIQA (Bisk et al., 2020) (0-shot).

ˆ Math & STEM Tasks: GPQA-DIAMOND (Rein et al., 2024) (0-shot, CoT), GSM8K (Cobbe et al.,
2021) (5-shot, CoT and 0-shot reasoning prompt), MATH (Hendrycks et al., 2021b) (4-shot, CoT
and 0-shot reasoning prompt), AIME 2025 (0-shot reasoning prompt), ARC-CHALLENGE (Clark
et al., 2018) (25-shot).

ˆ Coding Tasks: MBPP (Austin et al., 2021) (3-shot), HUMANEVAL (Chen et al., 2021) (0-shot).

ˆ Logic Puzzles: COUNTDOWN (Gandhi et al., 2024) (0-shot reasoning prompt), Knights and Knaves
(KK) (Xie et al., 2024; Johnson-Laird and Byrne, 1990; Smullyan, 1978) (0-shot, reasoning prompt),
ORDER (0-shot reasoning prompt) where an LLM needs to infer the overall order in which a set
of items was sold based on pairwise relations. For KK and ORDER we consider varying levels of
di�culty and report results for medium and hardest levels (4 and 8 people for KK; 15 and 30 items
for ORDER).

ˆ Instruction Following: IFEVAL (Zhou et al., 2023) (0-shot).

32



ˆ Adversarial: TRUTHFULQA (Lin et al., 2021) (0-shot)

ˆ Arabic: MMLU-ARABIC (Koto et al., 2024) (5-shot).

ˆ Long Context Tasks: RULER (0-shot)(Hsieh et al., 2024), NIAH (0-shot)(Nelson et al., 2024).

Table 6 summarizes the metric types reported for each benchmark, including perplexity-based multiple
choice (MC), generation-based exact match (EM), and accuracy-based (Pass@k). Long context evaluation
will be discussed in Ÿ5.2.2.

Benchmark Metric Benchmark Metric Benchmark Metric Benchmark Metric

MMLU MC PIQA MC MBPP Pass@1 AIME 2025 EM
MMLU-Pro EM GPQA-Diamond EM HumanEval Pass@1 CountDown Pass@1
BBH EM GSM8K EM IFEval MC KK Pass@1
HellaSwag MC MATH EM TruthfulQA MC Order Pass@1
Winogrande MC ARC-Challenge MC MMLU-Arabic MC

Table 6: Summary of evaluation benchmarks and corresponding metrics (MC: Multiple Choice, EM: Exact Match).

As baselines we select leading open-source base models of comparable scale, Llama 3 and 3.1 70B (Gratta�ori
et al., 2024), Qwen2.5 72B (Team et al., 2025b), and Olmo-3 32B (Olmo et al., 2025). All models are
evaluated using the same evaluation pipeline to ensure fair comparison. On GSM8K and MATH we report
best performance across few-shot CoT and reasoning prompt setups (see Section 5.2.1 for additional details).
For non-K2models, we report the best score across results that are publicly reported or that we reproduced
ourselves.

As discussed in subsequent sections, the details of the implementation can substantially a�ect the �nal
reported numbers. To mitigate this, we also open source our evaluation code in Eval3606, to make the whole
process transparent and trustworthy. The core evaluation logic is adapted from lm-evaluation-harness (Gao
et al., 2023) and we build support for more custom datasets, metrics, �lters, and parsers. The numbers in
this section are obtained by setting the maximum generation length to 32,768 tokens for all checkpoints,
and temperature to 1.0 for all of the non-greedy decoding benchmarks. For AIME and all logic puzzles we
report results averaged over 64 evaluation runs.

5.2 Evaluation Results

Our K2models show consistent improvements during the pretraining and four mid-training stages, producing
strong performance on a broad range of benchmarks. The gains are most pronounced on Mathematics,
STEM reasoning, and logic-intensive tasks, whereK2 mid-stage models substantially outperform all
open-source baselines of comparable scale.

For general-domain tasks, whileK2 does not match the overall MMLU performance of Qwen2.5-72B
(86.1), our models achieve competitive or state-of-the-art scores on several sub-benchmarks. Notably,
mid-3 obtains the highest score among open models on MMLU-Pro (59.8), and achieves strong results on
TruthfulQA (55.8) and BBH (83.2), outperforming LLaMA 3/3.1 by a large margin. These improvements
suggest that the staged mid-training pipeline enhances robustness and general reasoning capabilities even
when not optimized for raw MMLU.

In Mathematics and STEM, K2 models demonstrate clear state-of-the-art performance. Themid-4 model
achieves the highest scores among all compared models on GPQA-Diamond (55.1), GSM8K (93.6), and
MATH (94.7). These substantial gains highlight the e�ectiveness of our progressive mid-training strategy
for developing structured reasoning and multi-step problem-solving ability.

6https://github.com/LLM360/Eval360
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For coding tasks,K2 shows steady improvements, though Qwen2.5-72B remains the strongest on MBPP
(75.4). The mid-4 model reaches 61.8 on MBPP and matches Qwen2.5-72B on HumanEval pass@1 (54.3),
outperforming LLaMA 3.0/3.1 and most other baselines. Despite these gains, MBPP remains a relative
weakness and warrants further discussion.

On logic puzzles,K2 achieves dramatic and consistent state-of-the-art performance. Themid-4 model
attains 75.6 on Countdown, 92.9 on KK-4 People, 82.8 on KK-8 People, and up to 87.6 on Order-15
Items, often surpassing other 70B-scale models by large margins. Further, our performance on KK-8
People (hardest di�culty level) matches leading fully-trained models such as DeepSeek-R1 (83%) and
o3-mini-high (83%) based on the results reported by Xie et al. (2025). These results demonstrate robust
generalized reasoning capabilities beyond what traditional NLP benchmarks capture.

Overall, the K2 pretraining and staged mid-training pipeline delivers steady, meaningful, and often state-
of-the-art improvements across diverse domains. The strongest gains appear in Math, STEM, and logic
reasoning, establishing K2 as a highly capable 70B-scale open model.

5.2.1 Evaluation with Reasoning

In order to quantify e�ect of reasoning data introduced in mid-training we expanded our evaluation set of
benchmarks and experimented with alternative prompting strategies. Speci�cally we evaluated our models
on complex mathematical problems from AIME 2025 and a variety of logic puzzles�benchmarks typically
only reported for fully trained models�with a prompt designed to incentivize structured reasoning in base
models. We also used this prompt for GSM8K and MATH benchmarks in addition to standard few-shot
CoT approaches.

Structured Reasoning Prompt We use prompt similar to the one DeepSeek-R1-Zero (Guo et al., 2025)
used for reinforcement learning from their base model. We adjust it slightly based on the task at hand. As
an example we provide reasoning prompt for AIME 2025 below.

AIME 2025 Reasoning Prompt

Prompt:

You are a helpful assistant. To answer the user's question, you first think about the reasoning
process and then provide 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>. Provide a single number as the answer, for example, <
answer> 47 </answer>. Now the user asks you to solve a math problem.

User: {problem}
Assistant:
<think>

Parsing and Token Budgets We observe that performance on tasks that require logical generation,
such as GSM8K, is sensitive to the details such as prompt format, response length, and parsing logic.
Accurate scoring depends not only on the model's reasoning but also on successfully extracting the �nal
answer. Variations in output format, such as placing answers in\boxed tags versus using headers like##
Answer, can signi�cantly alter benchmark results if the parser is not aligned. Furthermore, evaluating these
reasoning behaviors introduces a computational trade-o�. Unlike standard generation, reasoning protocols
require a substantially larger token budget (up to 32k tokens) to accommodate extended thinking traces.
This increases the inference cost and must be factored into evaluation design.
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Figure 19: Trajectories of evaluation metrics for K2 during the pretraining and mid-training stages (stages 1�4). For
the GPQA Diamond Gen benchmark, we did not evaluate checkpoints during pretraining. For the Minerva Math
benchmark, we evaluated checkpoints from stages 1�4 using the non-reasoning prompt and checkpoints from stages
3�4 using a 4-shot CoT prompt.

base mid-1 mid-2 mid-3 mid-4

GSM8K 68.0 76.4 80.0 79.4 83.8
GSM8K (CoT) 63.2 77.3 82.1 87.0 90.0
GSM8K (Reas.) 78.1 60.7 67.9 93.6 92.5

Table 7: Comparison of standard QA, CoT, and
Structured Reasoning prompts for GSM8K.

Besides these details, more explicit prompts yield
consistent gains. In the standard QA format, accu-
racy increases steadily from the base model (68.0) to
the mid-4 checkpoint (83.8). Chain-of-thought (CoT)
prompting surpasses these results at every stage, reach-
ing 90.0. The structured reasoning prompt, which lever-
ages the expanded token budget, yields the strongest
results: performance rises from 78.1 atbase to 93.6 at mid-3 (see Table 7). This con�rms that structured
prompts with precise parsing are important to evaluating the model correctly.
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RULER Avg. NIAH Avg.

Model 4k 8k 16k 32k 64k 128k 4k 8k 16k 32k 64k 128k

Llama3.1-8b-
instruct

96.2 94.8 94.4 92.5 86.4 80.7 99.9 99.6 99.5 99.6 99.4 96.9

Qwen2.5-14B-
Instruct-1M

96.6 95.5 94.3 94.0 92.7 77.3 100.0 99.9 99.8 99.6 99.6 98.3

Qwen2.5-72B+yarn 94.6 90.7 89.1 87.1 81.7 75.0 97.4 94.3 92.8 90.4 85.6 80.1
Qwen2.5-72B 96.3 94.7 93.2 90.1 74.7 53.9 99.9 99.6 99.1 93.9 76.4 46.3

mid-2 94.3 92.2 89.2 73.4 51.6 12.0 99.9 99.7 98.2 91.0 69.0 7.57
mid-3 93.1 92.4 91.1 88.1 82.1 67.0 99.2 99.1 98.7 97.9 95.7 82.9
mid-4 93.9 93.2 92.9 89.6 85.3 74.6 99.6 99.4 99.6 98.8 98.8 95.2

Table 8: Evaluation results of long context benchmarks up to 128K. A context length enhanced model (Qwen2-14B-
1M) can outperform stronger model. K2 demonstrate stable context performance up to 128K.

5.2.2 Long Context

Table 8 compares the long-context evaluation of theK2 checkpoint against several baselines.mid-4 stands
out for its robust stability. While its short-context RULER scores trail top baselines like Llama 3.1 slightly,
its degradation from 4K to 128K is signi�cantly smoother. Unlike earlier stages which experience sharp
performance cli�s at extended lengths (>128K), mid-4 remains consistent. Similarly, it delivers high NIAH
accuracy, remaining above 95% even at 128K. We also observe that Qwen2.5-14B-1M outperforms the
larger Qwen2.5-72B on these metrics. This suggests that specialized long-context training is often more
critical for extended input tasks than raw model scale.

We note one challenge we encountered when extending the context length of our model. Despite training
with a context window of up to 512k, performance at the extreme limits is constrained by data scarcity.
Naturally occurring long documents are rare compared to shorter text. We anticipate that supplementing
the training mix with synthetic data designed for these extreme lengths will further bridge this gap.

6 Supervised Fine-tuning

� Key Takeaways

ˆ Supervised �ne-tuning with mixed reasoning e�orts. We present a novel SFT approach enabling
our model to learn three reasoning e�orts activated via chat template. Our �ndings demonstrate
that a single LLM can balance e�ciency and test-time compute gains, contrary to the recent
practice of training separate �instruct� and �thinking� models.

ˆ The model learns to adapt to problem di�culty. We observe gradual improvement of capabilities
and increased generation length as we increase the reasoning e�ort in evaluations. For the high
reasoning e�ort our model demonstrates potential to dynamically adapt its generation length to
the problem at hand.

ˆ Self-identity system prompt needs to be injected at random. We found that training with
a default self-identity system prompt did not yield the desired results. Instead we include
self-identity system prompt at random for a subset of SFT data.

During our light SFT phase, our goal is to capitalize on the reasoning capabilities obtained during mid-
training while allowing users to experience the model without having to wait for lengthy reasoning to
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Figure 20: Performance of K2's three reasoning e�orts on challenging math (AIME 2025 and HMMT 2025) and
science (GPQA-Diamond) benchmarks plotted against corresponding generation length quartiles.

complete. Balancing these objectives is challenging as test-time computation via reasoning is crucial for
good performance on many tasks. Recent model releases (Yang et al., 2025; Olmo et al., 2025) choose to
train separate model variants for quick high quality responses (�instruct�) and extensive reasoning (�think�),
however this necessitates serving both variants to allow users to �exibly adjust the setting based on their
task. Instead we implement the Three Reasoning E�orts approach where a single LLM can be used with
varying test-time compute budgets via a simple chat template setting leveraging special tokens for each
mode. This behavior is similar to GPT-OSS (Agarwal et al., 2025), but di�ers in chat template and is the
�rst open recipe to achieve it.

6.1 SFT Recipe

Three Training E�orts. In the supervised �ne-tuning we introduce three levels of reasoning e�ort: low,
medium, and high . Reasoning e�orts are similar to the GPT-OSS low, medium, and high reasoning e�ort
settings, but di�er in how they are induced in a chat template. Correspondingly we utilize GPT-OSS-120B
when synthesizing our SFT data for a curated set of prompts detailed in Section 6.2.

In Figure 20 we demonstrate the e�ect of the three reasoning e�orts. We plot performance of each reasoning
e�ort on challenging math and science benchmarks against the corresponding generation length (answer
and reasoning) quartiles, i.e. 25th percentile, median, and 75th percentile. We observe gradual performance
increase with the reasoning e�ort, corresponding to longer generations. We note thatlow and medium
e�orts have fairly consistent generation length, whilehigh has a large spread suggesting that model has
potential to adjust to the problem di�culty on high reasoning instead of consistently �overthinking�.

Chat Template Design. We use a uni�ed chat template that supports the three reasoning e�orts and
tool calling. The high , medium, and low reasoning e�orts are controlled via special tokens<think> ,
<think_fast> , and <think_faster> that delimit an internal reasoning block for each response. The
template is constructed so that these thinking segments only appear in the assistant message corresponding
to the most recent user query and are stripped from earlier assistant messages when they are fed back into
the context. Although not trained explicitly for this behavior, it is possible to elicit a no-think mode by
immediately closing the thinking tags so that the model produces a direct answer with no visible reasoning.
For tool use, we follow the Model Context Protocol (MCP) format and use designated tokens such as
<tools> to mark the available tools and <tool_calls> to delimit the segment of the conversation where
tool calls are issued.

Training Hyperparameters. We train the model for three epochs, totaling approximately 6,300 steps
given the dataset size of 17.4 billion tokens per epoch. We use a global batch size of 128 with a micro
batch size of 1. To balance data utility with training e�ciency, we set the sequence length to 65,536 and
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maintained a RoPE base frequency of 10 million, consistent with the �nal mid-training checkpoint. For
optimization, we used� 1 = 0 :9, � 2 = 0 :95, � = 10 �8 , and a weight decay of 0.05. The learning rate followed
a cosine schedule with a 10% warmup phase, peaking at 2� 10�5 and decaying to 10% of the peak value.

6.2 SFT Data: TxT360-3e�orts

6.2.1 Core SFT data

Our core SFT subset is built from question�answer pairs whose questions are collected from permissively
licensed public datasets or synthetically generated. Subsequently, these questions are quality-�ltered,
deduplicated using substring matching, and decontaminated against evaluation benchmarks. The answers
are mostly regenerated using GPT-OSS-120B at low, medium and high reasoning e�ort levels. Below, we
summarize the major data categories and the procedures used to construct them.

ˆ Math: We aggregate unique mathematic questions from seven sources: Nemotron-Post-Training-
v1 (Nathawani et al., 2025), MathQA (Amini et al., 2019), OpenMathReasoning (Moshkov et al.,
2025), SimpleScaling (Muennigho� et al., 2025) , NuminaMath (Li et al., 2024b), BigMathVeri�ed
(Albalak et al., 2025), and OpenMathInstruct-2 (Toshniwal et al., 2024). To ensure that all data were
permissible for model training, we remove entries that were synthetically generated by commercial
models (e.g., GPT models), such as those in Orca-Math and �synthetic_math�.

ˆ Code: We curate a diverse mixture of code datasets including seed_sft subset of rStar-Coder
(Liu et al., 2025b), Bird-SQL (Li et al., 2023a), Nemotron-Post-Training-v1 (Nathawani et al.,
2025), sql-create-context-instruction (bugdaryan), veri�able-coding-problems (Mattern et al., 2025),
dolphin-coder (QuixiAI) and react-code-instructions (cfahlgren1). In addition, our corpus includes
self-oss-instruct-sc2-exec-�lter50k (BigCode), tiny-codes (Pham), glaive-code-assisttant-v3 (GlaiveAI),
Magpie-Qwen2.5-Coder-Pro-300K-v0.1 (Xu et al., 2024), conala-mined-curated (codeparrot), self-
instruct-starcoder (Zebaze), code-evol-instruct-oss (Luo et al., 2023), xlcost-text-to-code (Zhu et al.,
2022). These sources provide high-quality, natural-language-to-code prompts that spans both general-
purpose programming (e.g., Python) and specialised domains (e.g., SQL and React), enabling our
model to understand realistic, developer-style prompts and produce well-structured code in di�erent
coding scenarios.

ˆ Chat: For general-chat, we merged OASST (Köpf et al., 2023), ShareLM (Don-Yehiya et al., 2025),
and UltraChat-200k (Ding et al., 2023), pulling only the �rst-turn queries.

ˆ STEM: For the STEM portion of our SFT corpus, we aggregate queries from seven diverse sources,
covering both multiple-choice question-answer formats and open-ended generation tasks. Speci�cally,
we incorporate the STEM subset of the Nemotron-CrossThink QA dataset (Akter et al., 2025), the
STEM split of the Llama-Nemotron-Post-Training-Dataset-v1 (Nathawani et al., 2025), and several
high-quality educational and reasoning-oriented datasets, including NCERT (Kadam, 2025), Loong
(AI, 2025), LogiCLM (Longface, 2023), and Logic701 (Bratchikov, 2023). Together, these sources
provide broad domain coverage across science, engineering, and logical reasoning.

ˆ Instruction-Following with Constraints: We generated a synthetic instruction-following dataset using
GPT-OSS-120B with automated veri�cation. Our pipeline generates diverse prompts with program-
matically veri�able constraints across multiple categories (format, length, keywords, punctuation,
and content), similar to the IFBench pipeline (Pyatkin et al., 2025). Each generated response is
validated against its speci�ed constraints using custom veri�cation logic. The dataset schema includes
instruction prompts, model responses, constraint speci�cations in a structured format, and veri�cation
metadata. This systematic approach enables scalable generation of instruction-following training
data with measurable quality metrics. Complementing the constraint-veri�ed instruction-following
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data, we further target structured-output reliability. Many practical deployment settings require
models to emit well-formed JSON for automated evaluation or programmatic integration. To address
this requirement, we integrate Hermes-Json-Mode dataset ("interstellarninja", 2023).

ˆ Self-Identity: To strengthen the model's self-identity consistency, we construct a synthetic self-identity
dataset through a three-step pipeline. First, we identify user queries related to model self-identity by
applying an LLM-as-judge �lter over Lmsys-1M-chat (Zheng et al., 2023a) and ShareGPT (ShareGPT,
2023) conversations. These extracted prompts serve as seed examples. Next, we expand this seed set
by prompting Qwen2.5-32B to generate additional queries of similar style and intent, resulting in
approximately 3,000 English self-identity queries. We then use GPT-OSS-120B to generate responses
conditioned on the K2 model metadata as in our model card. Finally, to build a multilingual subset,
we select 10 target languages and randomly sample 300 question�answer pairs for translation into
each language.

ˆ Safety: We construct safety question�answer pairs by combining seed questions from various sources
with additional adversarial and jailbreaking variants generated from these seeds using PyRIT (Munoz
et al., 2024). The seed questions are collected from four datasets containing harmful or malicious
intent: AdvBench (Zou et al., 2023), Aya Red-Teaming (Aakanksha et al., 2024), the Do-Not-Answer
Dataset (Wang et al., 2024b), and Forbidden Questions (Shen et al., 2024). To account for unexpected
or context-breaking inputs intended to bypass the models' safety behavior, we transform the seed
dataset by applying text-alteration techniques including Base2048 encoding, Morse code encoding,
Unicode transformations, random capitalization, and language translation, and by prepending
established jailbreaking prompts, including prompt-injection methods from JailbreakChat,7 DAN
(Shen et al., 2024), CipherChat (Yuan et al., 2023), Nested Jailbreak Prompts (Ding et al., 2024b),
DecodingTrust (Wang et al., 2023), and JailBroken (Wei et al., 2023). Together, the seed and
generated question�answer pairs form a comprehensive dataset designed to defend against common
and established malicious attacks.

6.2.2 Agentic and Tool-use Data

Complex LLM use-cases such as agentic behavior, tool use, and prolonged user interactions require multi-
turn SFT data. Such data is scarce, so we develop novel synthetic data pipelines with implicit veri�cation,
in addition to collecting existing sources.

Teacher-student multi-turn simulations. We simulate multi-turn conversations between a student and
a teacher (both played by GPT-OSS-120B) in which the teacher monitors the progress of the student as
they solve mathematics problems (e.g., step-by-step solution derivations and veri�cation). The teacher
is provided with a reference solution to help it assess the student's work and give targeted feedback that
nudges the student to iteratively re�ne their solution. The teacher is explicitly instructed not to quote or
reveal the reference solution, so that the student must derive a valid solution on its own.

We apply this approach to a subset of mathematical problems to generate two types of SFT data:

1. We map the student to the assistant and the teacher to the user to create multi-turn conversations
that train the model to sustain extended, math-focused dialogues with users.

2. We reverse the roles of the student and the teacher to create conversations in which the assistant
critiques and evaluates the user's input, training the model to assess user solutions critically. In these
student�teacher dialogues, the teacher is given a detailed system prompt that instructs it to refuse

7https://github.com/alexalbertt/jailbreakchat
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certain student requests (e.g., direct access to the reference solution). These conversations train the
model to privilege system instructions over user requests.

Agentic (multi-turn, tool-use). For agentic data, ranging from multi-turn natural conversations to coding
to tool-use, we use Nemotron Post Training v1 (Nathawani et al., 2025) and �ltered versions of xLAM
function calling (Liu et al., 2024d) and CommitPackFT (Muennigho� et al., 2023).

ˆ For multi-turn tool-use data, we extend the teacher�student framework to a teacher�student�tool
setup where all three agents are simulated by language models. For Nemotron Post Training v1,
we directly use the data. For thexlam-function-calling-60k subset (Liu et al., 2024d), we use
GPT-OSS-120B to simulate the teacher and student and Qwen2.5-7B-Instruct as the tool and generate
multi-turn conversations where the teacher imitates the user asking the query and provides guidance
to the assistant.

ˆ For agentic coding trajectories from CommitPackFT (Muennigho� et al., 2023), we �lter commits by
�le type (for example, excluding binaries), commit type, and di� size, infer the action label (edit ,
rename, create , delete ), and then synthesize conversations along with the reasoning in which a
�user� LLM acting as a teacher with access to the ground truth changes guides the assistant to
generate the di�s, plan the modi�cation, and apply the edits step by step.

ˆ In addition, we incorporate the Toucan dataset (Xu et al., 2025), Hermes function calling subset
("interstellarninja", 2023), Glaive (GlaiveAI), and ToolACE (Liu et al., 2025a). All examples are
converted into a standardized MCP-compatible format using a uni�ed preprocessing pipeline. This
pipeline relies on deterministic string-matching and regular-expression rules to identify speaker
turns, extract tool-call speci�cations, handle parallel tool-calls, normalizing argument formats, and
reconcile structural di�erences across datasets. Following format standardization, we apply a series
of post-processing �lters designed to remove samples that violate fundamental tool-use consistency
constraints. These include: (1) the presence of a non-tool observation message immediately following
a tool-call; (2) invocations of tools that are not de�ned in the system prompt; (3) malformed samples
with empty or missing �nal dialogue turns; (4) trajectories lacking both tool de�nitions and tool calls
(observed primarily in a subset of the Glaive dataset). This combination of rule-based normalization
and targeted �ltering ensures that all retained samples conform to a consistent interaction protocol
and are suitable for downstream training and evaluation.

6.2.3 SFT data mix

Our SFT data mix consists of approximately 10 million documents with 10Blosstokens (i.e. tokens that
contribute to loss computation during training). In Figure 21 (left) we present data mix with respect to
seven major categories. Below we discuss key aspects of the data processing.

ˆ We convert multi-turn data into multiple training samples, one per turn including the corresponding
prior turns. This is required because our chat template hides thinking from all but the last assistant
message to conserve context length.

ˆ We observe that GPT-OSS tends to occasionally produce phrases such as �Now to answer as ChatGPT �
in its reasoning. We use simple substring matching to �lter these out.

ˆ In our earlier experiments we include default self-identity system prompt in every conversation. We
observe that the model essentially ignores it after training. To address this problem we chyoose to
include self-identity system prompt with probability 0.5 in self-identity and safety data and with
probability 0.1 for other categories.
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Figure 21: SFT Data (left) and Reasoning E�orts (right) mixes. Mix weights are de�ned with respect to losstokens
(total � 10B). In the Data mix, ATU corresponds to agentic and tool-use data; IwC to instructions with constraints;
SI to self-identity and safety.

ˆ In addition to controlling data mix with respect to categories, we also control for the distribution of
reasoning e�orts in the SFT data. This distribution is summarized in Figure 21 (middle).

ˆ We do not explicitly control length distribution in the SFT mix. Majority of our data ( � 98%) is
under 8K tokens.

6.3 SFT Training

We perform full-parameter supervised �ne-tuning (SFT) on the �nal mid-training checkpoint using the
aforementioned data mixture and the same in-house training infrastructure used during mid-training, which
is a native PyTorch implementation. We apply a chat template to the raw conversation-style data samples
during training.

Packing We employ the same online best-�t sequence packing strategy (Ding et al., 2024a) as in mid-
training. Unlike the naive way of batching (one data sample per sequence) during SFT, by applying
best-�t sequence packing, we pack multiple data samples only when they �t to a single sequence to
maximize training e�ciency. The other bene�t is that no truncations are introduced, avoiding breaking
one conversation into two di�erent data sequences, which is detrimental to SFT training. We also skip
data samples longer than sequence length for the same reason.

Figure 22 shows the average truncation ratio, which is 0, and average padding ratio at every step, which
is always less than 0.004%. Intuitively, we have less than 3 padding tokens out of each sequence (65;536
tokens). As a comparison, using naive batching, we would have an average padding ratio more than 95%.

The Training Run Similarly to what we use in the mid-training stages, we use Tensor-Parallel of 8,
Context-Parallel of 1 and turned on selective recomputation. The SFT run is relatively straightforward.
We run for 3 epochs over the dataset (2100 steps), and save the checkpoints at the end of each. Figure 22c
presents the loss, we can see the typical but subtle dips at the intersection of epochs.
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Figure 22: a) Average truncation ratio of the SFT run. The ratio is always zero because we avoid introducing
truncations by applying best-�t packing and skip data samples longer than sequence length. b) Average padding
ratio of the SFT run. This is the average number of padding tokens divided by sequence length at each step. The
padding ratio is extremely small which greatly improved training e�ciency. c) Loss curve of the SFT run. The dips
at 2100 and 4200 steps show intersections of epochs.

7 Final Evaluation: K2's Elicited Reasoning Capabilities

� Key Takeaways

ˆ Reasoning e�ort impacts performance di�erently across benchmarks. On complex mathematics
and coding benchmarks we observe dramatic increase in performance with the reasoning e�ort.
On simpler tasks and tasks from other domains the improvement is less pronounced. A notable
outlier is function calling where medium reasoning e�ort performed the best.

ˆ Reasoning focused mid-training and light SFT provides promising start for RL.K2demonstrates
strong performance across benchmarks, but there remains room for improvement to match
leading large MoE LLMs on complex mathematical and coding tasks. Our pass@k analysis
suggests thatK2 maintains high diversity in generations, making it a promising candidate for
further training with RL.

We conclude with a dual assessment ofK2's capabilities: its immediate performance after supervised �ne-
tuning and its latent potential for advanced reasoning. We �rst present results on challenging benchmarks
to validate the SFT model. While supervised �ne-tuning (SFT) can enable instruction compliance and tool
use, it is a simple procedure that does not unlock the model's upper bound. To demonstrateK2's true
capacity as a reasoning foundation. We explicitly analyze the model's reasoning potential usingpass@k
metrics, showing that K2 possesses the intrinsic capability required for further improvement.

7.1 Evaluating K2-SFT

7.1.1 Evaluation Setup

The evaluation of the SFT model focuses on the following aspects: conversational chat quality, mathematics,
coding, stem, long-context, and tool usage.

ˆ Long Context: LongBench V2 (Bai et al., 2025). We do not apply YaRN context scaling, except for
the Qwen3-32B models. For the reasoning con�gurations, we allow generation up to the maximum
context length of the model, noting that the models may run out of context length while still in the
reasoning phase.

ˆ Chat: Arena-Hard V2.0 (Li et al., 2024c). We report results using the o�cial source code and
Gemini-2.5 Pro as the judge on the hard prompt subset. We report the results for only one run per
model.

ˆ Mathematics Tasks: results for all math tasks are obtained by averaging over 16 runs. AIME 2025 is
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evaluated with exact-match, using \boxed{} to extract the answer. For HMMT 2025 (Balunovi¢
et al., 2025) we also use\boxed{} to extract the answers, but we use Qwen3-235B as a judge to
compare the extracted responses against the correct answers. To account for their small size, we
average AIME 2025 and HMMT 2025 over 16 runs. For GSM8K (Cobbe et al., 2021) and MATH
(Hendrycks et al., 2021b) results are extracted with our custom parser and compared to ground truth
using Math-Verify. 8

ˆ Coding Tasks. For LCB-v6 (Jain et al., 2024) we use a rigorous sandbox environment; a solution
is considered correct only if it passes all public test cases. For MBPP (Austin et al., 2021) and
HumanEval (Chen et al., 2021) we evaluate with standard Code-Harness.

ˆ Science Tasks: GPQA-Diamond (Rein et al., 2024). Answer extracted from\boxed{} , and evaluated
with exact-match of the multiple choice answer.

ˆ Tool Usage Tasks: Berkeley Function Calling Leaderboard v4 (BFCL v4) (Patil et al., 2025). We
evaluate BFCL v4 across six categories: non-live AST (expert-curated single-turn calls), live AST
(real-world user-contributed calls), multi-turn conversations, web search, memory, and detection
(relevance/irrelevance). The maximum number of tokens generated is set to 32K for all models.
Baseline models are evaluated with reasoning, if available.

Unless otherwise noted, we use temperature of 1.0 and context length of 128K (131072) for allK2evaluations.
We also evaluate the benchmarks on a variety of publicly available models. For these other models, we use
temperature of 1.0 and context length of 128K, unless other values are speci�ed in their documentations.
If the models do not support 128K, we use their native maximum context length, unless the model has
explicit documentation and support for using RoPE scaling methods. For models with multiple reasoning
e�orts, we list each reasoning e�ort as a separate model in the table.

7.1.2 Evaluation Results

We present the evaluation results in Table 9.9 In general, after a simple supervised �ne-tuning stage, the
model is already competitive on many domains, showing the strengths of the base model.

Long Context. On LongBench V2., K2-High obtains 42.6% accuracy, outperforms all reasoning/thinking
models except GPT-OSS. Remarkably,K2 models achieves signi�cant improvement over large-scale MoE
models, including GLM-4.5 Air (106B A12B) and MiniMax M2 (230B A10B). When comparing with
instruct models, K2-High slightly under-performs the similar size model Qwen 2.5 72B, and the much larger
MoE model DeepSeek V3.1-Instruct (671B A31B).

Math and STEM. We observe varying amounts of performance improvements acrossK2 reasoning e�orts
which align with the benchmark di�culty levels. Speci�cally, GSM8K is the easiest math benchmark
corresponding to near equal performance across reasoning e�orts, while AIME and HMMT are complex
olympiad-level tasks corresponding to substantial performance growth as we increase the reasoning e�ort;
MATH is average di�culty, thus we observe less pronounced di�erence across the three reasoning e�orts.

Next we compare performance to other thinking models on most challenging AIME and HMMT. Notably
we outperform several larger MoEs (GLM-4.5 Air and MiniMax M2) and recently released fully open dense
model Olmo3-Think-SFT 32B. We note that we still underperform leading large MoE thinking models such
as DeepSeek V3.1, Qwen3 235B, and GPT-OSS-120B High. We note that math and STEM domains are
among those where RLVR has proved most e�ective, thus we anticipate further improvements ofK2 in RL
post-training (see Section 7.2 for further analysis).

8https://github.com/huggingface/Math-Verify
9The exact model weight can be found in Appendix B.
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Model Speci�cations
Long Chat Math & STEM Coding

LongBench V2 (Arena Hard V2) AIME25 HMMT25 GSM8K Minerva GPQA-D MBPP HumanEval LCBv6

K2 Low
Dense � 70B

40.7 32.8 27.3 19.0 92.4 85.0 48.5 71.0 82.3 39.9

K2 Medium
Dense � 70B

41.3 48.6 62.0 45.6 92.0 90.6 60.6 75.8 84.2 51.3

K2 High
Dense � 70B

42.6 62.1 80.2 71.4 94.8 94.5 69.3 84.8 91.5 67.0

Olmo3 Think SFT
Dense � 32B � No RL

42.8 11.2 68.3 43.3 96.1 96.9 58.0 87.6 96.3 67.9

Olmo3 Think
Dense � 32B � RL

47.1 25.8 73.3 50.83 95.7 97.3 59.8 91.6 96.3 67.6

GLM-4.5 Air
MoE � 106B A12B

49.4 53.8 81.3 73.3 96.1 94.9 75.3 82.8 97.6 67.8

MiniMax-M2
MoE � 230B A10B

55.8 41.7 75.8 63.5 95.4 85.3 76.2 83.8 89.6 79.2

DeepSeek-V3.1
MoE � 671B A31B � Reasoning

41.2 55.1 83.3 82.7 96.2 97.5 75.4 94.0 96.3 74.4

Qwen3 235B
MoE � 235B A22B � Reasoning

60.9 64.4 88.8 84.2 93.5 98.0 80.7 96.2 94.5 72.8

Qwen3 32B
Dense � 32B � Reasoning

52.0 62.0 74.2 63.8 92.8 97.5 67.8 77.8 86.6 75.8

gpt-oss-120b Low
MoE � 117B A5.1B

45.2 73.3 48.1 34.2 90.7 92.0 64.4 87.2 92.7 64.2

gpt-oss-120b Medium
MoE � 117B A5.1B

46.5 84.0 75.2 62.5 91.8 91.9 70.5 84.8 91.5 71.7

gpt-oss-120b High
MoE � 117B A5.1B

49.2 92.0 87.9 88.3 91.1 91.9 77.5 86.6 92.1 80.9

DeepSeek-V3.1
MoE � 671B A31B � Instruct

49.2 54.9 45.6 30.2 96.1 94.2 71.1 82.0 94.5 58.0

Llama 3.3 70B
Dense � 70B � Instruct

31.7 5.7 5.3 0.67 93.3 73.7 41.8 76.0 86.0 40.8

Qwen 2.5 72B
Dense � 72B

47.2 10.9 15.2 9.79 85.8 82.1 50.5 80.0 85.4 36.7

Qwen3 32B
Dense � 32B � Instruct

42.4 44.4 24.0 15.6 93.1 85.0 67.9 74.6 87.8 39.9

Mistral Large
Dense � 123B � Instruct

32.1 8.1 4.17 1.46 95.8 73.8 53.6 71.2 89.6 37.8

Qwen3 235B 2507
MoE � 235B A22B � Instruct

52.7 70.5 67.9 50.63 94.9 97.1 73.9 85.6 95.7 59.3

Table 9: We compare K2 SFT models against a series of open weight/open source models. Top section presents
evaluation results for K2 post SFT. Middle section corresponds to reasoning/thinking baselines. Bottom section
corresponds to instruct-style baselines.K2, after a simple SFT stage, is comparable to fully-trained reasoning and
instruct models of larger scales, such as GLM-4.5-106B and DeepSeek V3.1. Notably,K2 maintains a conversation
ability as shown in Arena Hard V2, performing better than many other models.

Chat. K2 performs exceptionally well in conversation. On Arena Hard V2,K2 with high e�ort achieves
62.1, much higher than most models of similar size, and is on par with Qwen3-235B. The GPT-OSS series
perform well too A hypothesis is that proper reasoning before chatting also improves conversation quality.

Coding. On the three commonly used coding benchmarks,K2-High outperforms all instruct models,
demonstrating its strong coding capability. However, once compared with reasoning/thinking models,K2
under-performs GLM-4.5 Air, Olmo3-Think and GPT-OSS-High, illustrating the potential direction of
developing K2 reasoning models.
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Tool Use and Function Calling. For this capability, we mainly evaluate K2 on the BFCL-v4, comparing
it against several leading open-weights models (see Table 10 for detailed results).K2 demonstrates strong
utility, signi�cantly outperforming several baselines. Notably, K2-Medium achieves an overall score of
52.38, surpassing both models of the same size: Qwen 2.5-72B (45.88) and Llama 3.3-70B (31.05). A key
di�erentiator is performance in Multi-Turn interactions, where K2-Medium (50.62) e�ectively maintains
state and handles missing parameters, signi�cantly outperforming Qwen 2.5 (33.88) and Llama 3.3 (19.62).
Furthermore, K2-High exhibits precise structural adherence in Non-Live AST tasks, achieving 93.50% on
multiple function calls and 89.00% on parallel calls, rivaling the larger GPT-OSS-120B model. While
GPT-OSS retains a slight edge in memory-intensive tasks,K2 o�ers a superior balance of irrelevant-call
detection and conversational robustness.

A notable observation is that both K2 and GPT-OSS achieve better overall performance with medium
e�ort. This counter-intuitive result, where higher e�ort does not necessarily yield better accuracy, warrants
further investigation. This may be partially due to the fact that the majority of the tool calling data for
K2 does not contain reasoning traces. Interestingly, althoughK2 is trained on substantial instruction data
generated by GPT-OSS, the behavioral trends of the two models do not consistently align. For instance,
on the �Parallel� and �Parallel Multiple� categories of Non-Live AST, K2 bene�ts from high e�ort whereas
GPT-OSS performs better with medium e�ort. Conversely, in the Memory �Vector� category, we observe
the opposite pattern.

7.2 Assessing K2's Reasoning Potential

The SFT stage is designed to re�ne the reasoning and long-context capabilitiesK2 developed during the
mid-training phase with speci�c modes of thinking for separate use cases of the model. By treating these
capabilities as core primitives ofK2, the SFT procedure prepares the model to be immediately useful for
instruction following as well as light reasoning. As described in Section 6, we aim to unify these use-cases
into a single model while also adequately preparing the model for future post-training with RLHF and/or
RLVR to provide more specialized behaviors such as extended reasoning for complex problems.

We assess the capacity ofK2 for further re�nement with large-scale reinforcement learning in two ways.
In Figure 23 we evaluate the model'spass@kperformance on well established reasoning benchmarks in
Math, Code and Instruction Following. In Figure 24 we evaluateK2-SFT across a range of settings of
the temperature hyperparameter. In both analyses, we limit the model to 32k tokens of context length,
chosen to mirror a possible con�guration during a later reinforcement learning phase. These analyses are in
place to estimate the headroom available for further optimization of the model through the form of guided
exploration with group-based reinforcement learning (Shao et al., 2024) as well as the level of controlled
exploration enabled via higher diversity among sampled reasoning traces (An et al., 2025).

pass@k Analysis. The predominant algorithmic approach for developing extensive reasoning skills in
models is through RLVR where multiple reasoning traces are sampled for each prompt to facilitate a
form of exploration. The contribution of these rollouts to the gradients used to update the model are
normalized relative to the group's overall success rate. By measuringpass@k, as k increases, we can get a
sense of whether a model can generate correct answers and thereby have the headroom available for further
optimization via RLVR. In Figure 23, we see among Math, Code and Instruction Following benchmarks
that K2-SFT has the potential to be greatly improved with further post-training via reinforcement learning.
The pass rates improve as group size grows, across all three thinking modes with the highest rate of
improvement seen when the highest reasoning e�ort is enabled. This reasoning e�ort was reserved for long
chain of thought reasoning, typically used when developing extensive reasoning models.
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GPT-OSS-120b K2 Qwen Llama

Metric High Med. Low High Med. Low 3-32B 2.5-72B 3.3-70B

Overall 55.3 57.8 48.8 48.0 52.4 36.8 48.5 45.9 31.1

Non-Live AST
Overall Accuracy 57.4 74.1 74.7 84.1 72.9 78.1 87.9 87.2 87.2
Simple 54.8 62.3 68.1 67.5 70.9 65.8 75.1 73.3 73.3
Multiple 84.5 85.5 90.0 93.5 96.5 91.0 95.0 95.0 96.0
Parallel 48.5 73.0 62.0 89.0 61.0 78.5 92.5 92.0 90.0
Parallel Multiple 42.0 75.5 78.5 86.5 63.0 77.0 89.0 88.5 89.5

Live AST
Overall Accuracy 72.7 73.7 75.3 76.2 78.5 77.1 81.9 77.9 76.9
Simple 76.7 76.4 77.1 82.6 86.1 84.1 87.6 78.3 80.6
Multiple 73.0 73.1 75.4 76.5 78.5 76.8 81.3 78.5 75.8
Parallel 31.3 68.8 62.5 25.0 50.0 56.3 62.5 56.3 93.8
Parallel Multiple 41.7 70.8 58.3 29.2 12.5 25.0 58.3 62.5 75.0

Multi-Turn
Overall Accuracy 51.0 53.3 35.0 41.3 50.6 17.4 51.1 33.9 19.6
Base 56.0 63.0 41.0 46.5 58.5 21.0 58.5 41.5 24.0
Missing Func. 49.0 57.0 35.5 41.5 48.5 19.0 49.5 25.0 18.5
Missing Params. 48.0 45.5 24.5 37.5 44.5 14.5 40.5 31.5 16.0
Long Context 51.0 47.5 39.0 39.5 51.0 15.0 56.0 37.5 20.0

Web Search
Overall Accuracy 45.5 53.5 42.5 30.0 39.5 25.0 19.5 32.5 10.0
Base 56.0 64.0 52.0 35.0 51.0 34.0 23.0 42.0 13.0
No Snippet 35.0 43.0 33.0 25.0 28.0 16.0 16.0 23.0 7.00

Memory
Overall Accuracy 47.3 39.4 32.7 26.0 30.8 14.4 23.0 25.6 7.10
KV 34.8 33.6 17.4 11.0 20.0 10.3 12.3 18.1 5.81
Vector 44.5 38.7 22.6 16.8 24.5 9.68 14.8 21.3 3.87
Recursive Summary 62.6 45.8 58.1 50.3 47.7 23.2 41.9 37.4 11.6

Detection
Relevance 62.5 68.8 81.3 81.3 81.3 87.5 81.3 81.3 100.0
Irrelevance 84.2 84.6 82.6 83.9 80.1 81.6 76.9 75.9 53.3

Table 10: Berkeley Function Calling Benchmark v4.

Performance vs. Sampling Temperature. When sampling rollouts from K2, we can ensure greater
diversity by adjusting the temperature hyperparameter. This increased diversity facilitates another form of
exploration, urging the model to sample from the token distribution more widely as reasoning traces are
generated. Following An et al. (2025), we seek what has been termed as a "controlled exploration zone" of
K2 where performance is as close to maximized for as high of temperature as possible. In Figure 24 we
observe stable performance improvement toward a temperature of 1.0 with some slight degradation at a
temperature of 1.2 and sharp deterioration afterward. This analysis provides a perspective on the stable
performance region ofK2as well as a view of the limit of the temperature hyperparameter when continuing
post-training with reinforcement learning.

8 A Longitudinal Capability Study
A model's performance on �nal benchmarks only tells the end of its story. Our objective in this analysis
extends beyond simple transparency; we aim to explicitly explore and demonstrate the mechanisms of
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Figure 23: Selected pass@kanalysis of common reasoning benchmarks from math, code, and instruction following
with the three reasoning e�orts established for K2. All reasoning e�orts show adequate growth as the number of
samples increases, demonstrating possible gains through subsequent reinforcement learning training. All analyses
use at most 32k tokens during inference.

model improvement, thereby stimulating further research into behavioral evolution (akin to studies on
model steerability). To provide this authentic documentation of K2's development, this section analyzes
the model's behavior during the training process. We tracked 10 distinct checkpoints across 5 training
stages, temporally located to capture the model's state at the conclusion of the pre-training baseline and
at key intervals throughout the subsequent mid-training curriculum (spanning the 8k, 64k, 128k, and 512k
context extensions).

This analysis reveals a clear and deliberate evolution in three phases:
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