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Abstract

The prevailing paradigm for training LLMs has evolved to rely on a massive
post-training phase consisting of SFT and RL. In this position paper, we
argue that this methodology effectively marks a reversion to the “pre-train
then fine-tune” approach of the BERT era, explicitly tailoring models to the
desired behaviors and specific benchmarks on which they are evaluated. We
begin with a historical overview of LLMs, describing the different phases
of the LLM evolution. We argue that the current landscape is remarkably
similar to the early days of LLMs, where task performance heavily relied on
fitting the models to in-distribution datasets. To empirically demonstrate
this, we compare pre-trained models to randomly initialized ones, by fine-
tuning both variants on modern reasoning datasets and evaluating them
on competitive math and code benchmarks. We show that models post-
trained from scratch yield highly non-trivial performance. Our findings
suggest that current post-training methodologies function primarily as
a distribution-fitting mechanism. We finish by positing that developing
generally capable models and systems requires moving beyond extensive
post-training for predefined behaviors, shifting instead toward training
procedures where models “learn how to learn”.

1 Introduction

Historically, the prevailing machine learning paradigm relied on a fully supervised ap-
proach - training models directly on data distributions that corresponded to target tasks.
This methodology was overtaken by the self-supervised approach that became dominant
with large language models (LLMs). Over the years, the LLMs training paradigm has
evolved to incorporate a post-training stage, consisting of supervised fine-tuning (SFT) and
reinforcement learning (RL). These steps were designed to align the model towards specific
behaviors. Today, this phase is a massive part of the training pipeline, consuming up to
hundreds of billions of tokens (Olmo Team, 2025; Yang et al., 2026; Qwen Team, 2026b).

In this position paper, we argue that the NLP field has come full circle (Figure 1). Today, the
training of leading LLMs, where post-training has become such a critical component, has
effectively transformed back into a form of supervised learning. This paradigm marks a re-
version to the “pre-train then fine-tune” methodology characteristic of the BERT era (Devlin
et al., 2019; Peters et al., 2018; Radford et al., 2018). Rather than pursuing true zero-shot gen-
eralization (Brown et al., 2020), the prevailing strategy has shifted back toward multi-task
optimization, explicitly fitting models to the distributions on which they are evaluated.

We begin with a brief historical overview of LLMs. We start by charting their early days
as small-scale backbones for supervised learning models (Devlin et al., 2019; Liu et al.,
2019). We then trace the shift toward massive pre-training scale, where models began
achieving high performance via in-context learning with only a handful of inference-time
examples (few-shot learning; Brown et al., 2020). Next, we describe the evolution of the
post-training phase: what began as a short stage aimed at aligning a model’s behavior and
formatting has expanded into a massive phase using hundreds of billions of tokens for
SFT and RL trainings. We follow with a short discussion of the differences between the
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Figure 1: Evolution of LLM training paradigms. The field has progressed from only super-
vised learning (pre-LLM era), through several LLM-based stages: “pre-train then fine-tune”,
few-shot learning, and post-training for alignment. We argue that the current era of massive
post-training brings the field (almost) full circle. By heavily shifting model distributions
toward specific benchmarks and desired behaviors, modern post-training effectively reverts
to the supervised, distribution-fitting, mechanisms of earlier LLM eras.

two approaches. We conclude by arguing that, by systematically shifting model distribu-
tions toward specific benchmarks and desired behaviors, current methodologies effectively
transform evaluation distributions into explicit training distributions.

To empirically demonstrate this observation, we design a series of experiments isolating
the impact of large-scale post-training (specifically SFT) from traditional pre-training. We
posit that if post-training merely unlocks or aligns pre-existing knowledge acquired during
pre-training, a model trained from scratch strictly on SFT data should fail on reasoning tasks.
Conversely, if it acts as an aggressive distribution-fitting mechanism, the non-pretrained
model should achieve non-trivial performance.

We evaluate models across varying parameter scales on mathematical reasoning and com-
petitive programming benchmarks. Remarkably, our results validate the latter scenario,
demonstrating that post-training enables models to achieve surprisingly high results even
in the complete absence of traditional pre-training. We find that models trained entirely
from scratch, using SFT datasets only and without any prior linguistic or domain exposure,
manage to achieve non-negligible results on highly difficult benchmarks. E.g., a 14B model
scores 51% on LCB V5 (Jain et al., 2024) and a 7B model obtains 43% on AIME-24 (Balunović
et al., 2025). Importantly, these models underperform their pre-trained counterparts by a
margin of 8–20%, gaps that mirror the BERT and GPT-1 era, where pre-trained models held
a similar advantage over supervised-only baselines. Furthermore, we show that a minimal
pre-training setup of less than 0.1% of the original pre-training compute bridges up to half
of the remaining performance deficit between non-pretrained and fully pre-trained models.
Ultimately, this suggests modern post-training depends far less on pre-training’s emergent
capabilities than previously thought, as high performance on desired benchmarks can rely
on pulling targeted tasks directly into the model’s distribution.

We conclude that current LLM development relies on a massive, yet fundamentally reactive,
post-training paradigm. Because this approach is inherently reactive, the field is trapped
chasing the ever-evolving demands of LLM applications. We suggest that the path to gener-
ally capable models requires moving beyond static post-training for predefined benchmarks.
We advocate for a shift in the training procedures, and suggest that they should include
meta-learning where models learn how to learn. This will lead toward models and agentic
systems designed to inherently self-evolve to solve novel, out-of-distribution tasks (Li et al.,
2024b; Wu et al., 2025; Zhang et al., 2025a; Fang et al., 2025; Gao et al., 2025).

As a position paper, our contributions are not a proposal of a new method or training
paradigm. Instead, our goal is to provide a critical perspective on the current state of LLM
development, particularly the growing role of post-training in shaping model capabilities.
Through both historical analysis and empirical observations, we argue that modern prac-
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tices increasingly resemble traditional supervised learning at scale and distribution-fitting
approaches. We highlight the broader implications of this trend for the field, and propose a
high level direction for future research.

2 Back to Supervised Learning

We start by reviewing the history of LLMs, from their early days as backbones for fine-tuning
to the modern, massive, post-training pipelines that characterize current models. (Sec-
tion 2.1). Next, we discuss the differences between modern post-training methods and
traditional ones (Section 2.2).

2.1 Pre-training and Post-training in LLMs: A Historical Overview

From supervised learning to pre-train then fine-tune. The prevailing approach prior to
the current era of LLMs involved a straightforward supervised learning pipeline (Eisner,
1996; Klein & Manning, 2003; Shalev-Shwartz & Ben-David, 2014; Chen & Manning, 2014;
Wang et al., 2016; Seo et al., 2016, inter alia). To tackle a specific task, researchers would first
gather data and create a labeled dataset, then partition it into training and testing subsets. A
model was subsequently trained on the training data, and its performance was evaluated
on the validation and test sets. These evaluation sets were inherently highly in-distribution,
meaning they were highly similar to the training data.

The introduction of models like ELMO, BERT, and GPT-1 marked a paradigm shift with
the advent of the modern pre-training phase (Peters et al., 2018; Devlin et al., 2019; Radford
et al., 2018). This new methodology involved first training the model in a self-supervised
manner on large volumes of general text data, using techniques such as (masked) language
modeling. These pre-trained models were subsequently fine-tuned on task-specific training
sets and evaluated on their corresponding test sets (Wang et al., 2018; 2019). This fine-
tuning approach yielded performance improvements of up to 20% over their supervised-
only counterparts (Peters et al., 2018; Radford et al., 2018). This “pre-train then fine-tune”
approach quickly became the new standard for training LLMs (Liu et al., 2019; Clark et al.,
2020; Raffel et al., 2020), and was also adapted for other domains like vision and audio (Liu
et al., 2022; Mohamed et al., 2022; Gui et al., 2024).

Scaling and few-shot learning. Subsequent research focused on progressively increasing
the scale of this pre-training phase, eventually making it the sole dominant component of
the training process. A notable example is GPT-3 (Brown et al., 2020), which was exclusively
pre-trained and demonstrated advanced few-shot capabilities. This showed that models
could achieve strong performance on benchmarks even without being explicitly trained
on those specific data distributions. This approach became the de-facto approach for the
following couple of years (Lieber et al., 2021; Zhang et al., 2022; BigScience et al., 2022).

Post-training as a tool for model alignment. Although large-scale pre-trained models
demonstrated impressive capabilities on leading benchmarks, they often failed to follow
explicit instructions or exhibit human-desired behaviors. To bridge this alignment gap, a
post-training stage based on SFT and RL was established. Using a relatively small amount
of curated data, this phase aligned a general-purpose base model to instruction and chat
formats (Wei et al., 2021; Ouyang et al., 2022), as well as to human preferences (Bai et al.,
2022). This preference alignment is typically achieved through RL frameworks (such as
RLHF; Christiano et al., 2017; Stiennon et al., 2020).

New, hard benchmarks arise. With the advancement of LLM performance, the research
community started building harder and more complicated benchmarks, with the goal of
pushing the boundaries of the LLM technology. Early benchmarks such as GSM8k for
mathematics and HumanEval for coding (Cobbe et al., 2021; Chen et al., 2021), targeted
tasks that were challenging for models but relatively simple for humans. However, the
ceiling for evaluation has since been raised by math competition benchmarks (Balunović
et al., 2025), like AIME and HMMT, live code bench (LCB; Jain et al., 2024), which tests
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competitive programming, and SWE/Terminal-bench which tests comprehensive software
engineering skills (Jimenez et al., 2024; Deng et al., 2025; Ma et al., 2025; Yang et al., 2025b;
Press et al., 2025; Merrill et al., 2026). These newer benchmarks test LLMs on tasks requiring
human expert capabilities.

The LLM community response: Post-training. As the difficulty of benchmarks increased,
the LLM community responded by tailoring models to these specific performance met-
rics (Anthropic, 2024; Singh et al., 2025; Kimi Team, 2026; Yang et al., 2026; Cursor Team,
2026). This has led to a post-training phase where the model’s data distribution is intention-
ally shifted to align with the desired output distribution, shaped by both the benchmark
requirements and human preference data (Pi et al., 2026; Fu et al., 2026).

Consequently, post-training has evolved into a pivotal stage of the development lifecycle.
This phase typically employs SFT datasets to bootstrap the RL process, targeting high-value
tasks — such as software engineering (Jimenez et al., 2024; Deng et al., 2025), command-line
control (Merrill et al., 2026), multi-hop web reasoning (Center for AI Safety et al., 2026), and
more (Rein et al., 2024; Barres et al., 2025; Chollet et al., 2025). Scaling these post-training
processes has emerged as a dominant paradigm. SFT data volumes have expanded up to
hundreds of billions of tokens, incorporating diverse sources such as OMR, OCR, Nemotron-
Math, Terminal-Corpus and more (Moshkov et al., 2025; Ahmad et al., 2025b;a; Du et al.,
2025; Gandhi et al., 2025; Pi et al., 2026). This trajectory extends to the subsequent RL phase,
which now scales to thousands of RL environments and hundreds of billions of interaction
tokens (Yang et al., 2025a; Olmo Team, 2025; Badertdinov et al., 2025; Yang et al., 2026; Fu
et al., 2026). Notably, current post-training pipelines now process data at a scale equivalent
to the entire pre-training phase of models from just four to five years ago, such as GPT-3
and OPT (Brown et al., 2020; Zhang et al., 2022).

Back to in-distribution specialization. We argue that the growth of post-training suggests
a skepticism regarding the few-shot generalization capabilities of pre-training alone (Brown
et al., 2020). By systematically shifting model distributions toward specific benchmarks and
desired behaviors, current methodologies effectively transform the evaluation distributions
into explicit training distribution (Spiesberger et al., 2026).

In that sense, the NLP field has come full circle (Figure 1). Current LLMs are reminiscent
of early LLMs like GPT-1 and BERT: we have pre-trained models that we fine-tune using
supervised learning over specific distributions, which are the relevant distributions on
which we evaluate them. This trajectory effectively marks a reversion to the “pre-train then
fine-tune” methodology. Analogous to the BERT era, the prevailing strategy has shifted
away from zero-shot generalization and back toward specific multi-task optimization,
where models are explicitly fitted to the specific distributions on which they are evaluated
and currently used. While these strategies may generalize to distributions similar to the
training set, they often fail to generalize to underrepresented or significantly divergent
distributions (Sharma & Chopra, 2026).

This methodology has established a recurring cycle. When a new capability is required, a
benchmark is introduced, typically one where initial model performance is much worse
compared to humans. Yet, these benchmarks are often saturated within a short time (a year
or so). This rapid progress is frequently driven by the post-training process, where the
benchmark is effectively pulled in-distribution via the curation of analogous SFT datasets
and the construction of proxy RL environments.

2.2 Traditional vs. Modern Post-training

While the current LLM development pipeline marks a philosophical reversion to the “pre-
train then fine-tune” methodology characteristic of the BERT era, critical distinctions be-
tween the two paradigms remain. Below, we discuss several key aspects of these differences.

Historically, the traditional post-training (or fine-tuning) phase was a relatively short stage.
It used minimal data compared to the pre-training phase, serving merely to unlock capa-
bilities or adapt a backbone to a specific format. During the BERT era, it was mainly used

4



for training on the specific training examples of each dataset (Devlin et al., 2019; Liu et al.,
2019), while in the subsequent instruction-tuning era, it used millions of tokens (Ouyang
et al., 2022; Touvron et al., 2023). In contrast, modern post-training has expanded into a
massive phase. Current pipelines process diverse data sources at a scale of hundreds of
billions of tokens for SFT and extensive RL (Qwen Team, 2025; Kimi Team, 2026; Copet et al.,
2025; Yang et al., 2026). Notably, this phase now processes data volumes equivalent to the
entire pre-training runs of leading models from just four to five years ago, such as GPT-3
and OPT (Brown et al., 2020; Zhang et al., 2022).

Furthermore, these traditional and modern paradigms differ in their data-generation mech-
anisms. Traditional post-training relies exclusively on static, task-specific datasets (Wang
et al., 2018; 2019). In contrast, modern post-training employs a more dynamic approach. The
SFT phase remains analogous to traditional supervised learning, optimizing over explicit
input-output pairs (often distilled from other models). However, the RL phase shifts the
supervisory signal exclusively to the terminal output (e.g., via a reward model); conse-
quently, the intermediate training trajectories are generated dynamically by the model
actively undergoing training.

A related mechanical distinction lies in the formulation of the training objective. Traditional
fine-tuning framed downstream evaluations as classification or extraction tasks, typically
applying the loss over a single output token—such as a dedicated classification head (Wang
et al., 2018; 2019). Modern post-training, by contrast, is fundamentally generative. During
SFT and RL, the model optimizes the next-token prediction loss over the entire output
trajectory.

Importantly, similarly to the traditional fine-tuning setup, the whole modern post-training
paradigm can be categorized as a supervised learning phase. Given that both SFT and RL
ultimately rely on annotated data, the former through direct label mapping and the latter
through the evaluation of model outputs, the underlying mechanics of this entire phase are
fundamentally supervised.

Another difference lies in the relationship between training and test datasets. In the classic
supervised pipeline, where each task was evaluated individually, a dataset was first collected
and then randomly partitioned into training and test subsets. Because they originated from
the exact same source, the test set was inherently highly in-distribution. Today, this dynamic
is entirely inverted. The modern cycle begins with the introduction of a novel, highly
difficult benchmark (the test set), where initial model performance is poor. To solve it, the
LLM community systematically mines, synthesizes, and curates analogous SFT datasets and
proxy RL environments designed to closely resemble the evaluation criteria (Moshkov et al.,
2025; Ahmad et al., 2025b; Yang et al., 2026). Despite these differences, the result is strikingly
similar: in both setups the training distribution closely resembles the test distribution.

Finally, a prominent distinction between modern post-training and the traditional approach
is that the latter typically focused on a single task. In contrast, modern post-training
objectives aim for the development of unified, generalist models by leveraging multi-task
environments. This simultaneous exposure to various data distributions is intended to
promote broader generalization beyond the explicit post-training data. For example, a
model post-trained on competitive programming in a primary language is expected to
generalize to alternative languages, assuming those secondary languages maintain some
representation within the broader post-training corpus.

In the following section, we show that modern post-training can yield highly non-negligible
results completely independent of pre-training. This highlights just how heavily current
post-training pipelines shift model distributions to fit specific tasks.

3 Massive SFT can do without Pre-training

In this section, we investigate the efficacy of large-scale post-training in isolation. We
empirically demonstrate that training LLMs on current SFT datasets yields surprisingly
high in-distribution performance on hard math and code benchmarks, even in the absence
of pre-training. This finding suggests that current post-training methods heavily optimize
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models to excel on specific benchmarks, and that certain desired behaviors may rely less on
the pre-training phase than previously thought.

We outline our experimental setup in Section 3.1. Next, we detail our findings in Section 3.2.
Finally, we discuss our experimental scope and limitations in Section 3.3.

3.1 Experimental Setup

To understand the models’ performance of pre-trained vs. scratch initialization using SFT
on desired distributions, we focus on competitive code and math benchmarks. We train
models with a range of sizes and compare the results between the pre-trained versions to
their from-scratch counterparts.

We train both variants on two distinct, large-scale SFT reasoning datasets. The math models
are trained on the Open Math Reasoning dataset (OMR; Moshkov et al., 2025), consisting of
∼3.2M question-answer pairs. The code models are trained on the Open Code Reasoning II
dataset (OCR-II; Ahmad et al., 2025a), which contains about 1.4M Python and 1.2M C++
question-answer pairs.

We compare the different models’ performance on highly tracked math and competitive
programming benchmarks to understand their reasoning capabilities — which is a primary
focus and desired proficiency of recent model releases (Gemini Team, 2026; Qwen Team,
2026a; Yang et al., 2026). Our math evaluation uses MATH-500 (Lightman et al., 2023), and
four competition math benchmarks from the MathArena leaderboard which are used as the
current standard for testing leading math reasoning models (Balunović et al., 2025): AIME
24, AIME 25, HMMT February 25, and HMMT November 25. To evaluate reasoning for
coding, we test the models over the LCB coding benchmark (Jain et al., 2024), using the V5
and V6 splits. We provide further details about the benchmarks in Appendix A.

To isolate the impact of pre-training on specific target distributions - in our case, reasoning
math and code - we focus on models that lack explicit reasoning data (i.e., thinking trajecto-
ries) in their pre-training stage. Specifically, we use the Qwen-2.5-Base family of models,
which offers extensive training on 18 trillion tokens, strong performance, and availability
across multiple scales (Qwen Team, 2024). Our experiments use the 1.5B, 3B, 7B, and 14B
parameter sizes.

We train all models on each of the SFT datasets for 50k steps, using a sequence length of 32k
and a batch size of ∼2M tokens (a total of ∼100B tokens). Models trained from scratch use
depth-scaled initialization (Zhang et al., 2019). For evaluation, we sample 10 answers per
question (temperature = 0.6, top-p = 0.95) and report both pass@1 (average accuracy) and
pass@5 (success rate within five attempts). See Appendix A for more details.

3.2 The Efficacy of SFT-only over Non-Pre-trained Models

We now turn to comparing pre-trained and non-pretrained models when heavily post-
trained on specific distributions. If post-training merely unlocks pre-existing capabilities, the
non-pretrained models should fail entirely as opposed to their pre-trained counterparts. In
contrast, if it functions as an aggressive distribution-fitting mechanism, these non-pretrained
models should achieve non-trivial performance.

We report the average over the math competition benchmarks alongside the other bench-
marks in Table 1, while detailed per-benchmark math results are deferred to Table 2 in
Appendix B. As expected, the Qwen-Base models, which do not undergo any post-training,
exhibit poor performance across all benchmarks. While basic performance slightly increases
with model size, the absolute accuracy remains low. These results are unsurprising given
our use of a zero-shot evaluation paradigm, which is generally sub-optimal for base models
on competitive benchmarks.

Applying the conventional SFT paradigm to these base models using OMR and
OCR-II (100%-Pre-Math/Code) yields substantial performance increases across all bench-
marks and scales. E.g., the 7B 100%-Pre-Math model surges to 93.6% on MATH-500 (an
absolute gain of 89.4%) and 47.9% on the competition math average. This significant boost is
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Math Code
Size Model MATH-500 Comp. Math Model LCB V5 LCB V6

pass@1 | 5 pass@1 | 5 pass@1 | 5 pass@1 | 5

1.5B

Base (no SFT) 2.4 | 10.0 0.0 | 0.0 Base (no SFT) 0.8 | 3.0 0.7 | 3.0
0%-Pre-Math 74.4 | 87.6 24.7 | 43.4 0%-Pre-Code 35.0 | 52.1 33.6 | 48.8
0.1%-Pre-Math 70.4 | 84.0 18.8 | 34.2 0.1%-Pre-Code 29.7 | 46.6 30.2 | 45.1
100%-Pre-Math 90.1 | 96.8 38.8 | 61.4 100%-Pre-Code 49.2 | 64.7 47.4 | 61.2

3B

Base (no SFT) 4.1 | 14.8 0.5 | 2.1 Base (no SFT) 4.0 | 10.3 5.2 | 12.3
0%-Pre-Math 74.8 | 85.5 24.9 | 42.3 0%-Pre-Code 41.5 | 59.4 40.4 | 55.9
0.1%-Pre-Math 81.2 | 90.7 30.1 | 46.5 0.1%-Pre-Code 41.6 | 57.3 39.6 | 53.9
100%-Pre-Math 92.9 | 97.6 45.9 | 62.3 100%-Pre-Code 55.6 | 69.2 53.7 | 66.4

7B

Base (no SFT) 4.2 | 16.3 0.2 | 0.8 Base (no SFT) 10.1 | 18.3 12.6 | 21.0
0%-Pre-Math 79.5 | 89.2 27.1 | 48.9 0%-Pre-Code 44.4 | 62.2 42.9 | 57.4
0.1%-Pre-Math 88.0 | 95.3 39.2 | 59.1 0.1%-Pre-Code 52.3 | 66.6 50.2 | 63.6
100%-Pre-Math 93.6 | 97.6 47.9 | 65.6 100%-Pre-Code 58.7 | 71.2 56.0 | 67.8

14B

Base (no SFT) 13.6 | 38.8 0.7 | 2.4 Base (no SFT) 5.8 | 14.9 6.1 | 14.8
0%-Pre-Math 79.2 | 89.9 29.0 | 48.5 0%-Pre-Code 51.0 | 65.9 48.5 | 62.9
0.1%-Pre-Math 88.0 | 94.9 42.2 | 59.2 0.1%-Pre-Code 53.9 | 69.5 52.0 | 65.0
100%-Pre-Math 92.5 | 96.8 44.8 | 60.3 100%-Pre-Code 60.3 | 72.6 57.8 | 69.6

Table 1: Results for the different models over the math and code benchmarks. The 0%-Pre
models show non-negligible results, effectively beating the base models while slightly
underperforming their 100%-Pre counterparts. The 0.1%-Pre models halves the gap.

anticipated, aligning with established trends in current LLM training methodologies (Copet
et al., 2025; Moshkov et al., 2025; Ahmad et al., 2025b).

However, when considering the from-scratch models (0%-Pre-Math/Code), we observe that
despite starting with randomly initialized weights and completely lacking prior exposure
to language, mathematics, or code, they achieve surprisingly competitive results by relying
entirely on the in-domain SFT distribution. Across all sizes, the models trained from
scratch significantly outperform the standard base models, lagging behind their fully pre-
trained counterparts by a margin of only 8% to 20%. For instance, the 14B 0%-Pre-Code
model achieves 51% pass@1 on LCB V5, compared to the base model’s 6%, and to the 60%
of the 100%-Pre-Code model with the same size. This is also evident when examining
the math models, as can be seen for the 1.5B 0%-Pre-Math model that lags behind its
fully pre-trained counterpart by only 10–20%, while achieving impressive results (74/25%
at MATH-500/competition-math-average). These gaps mirror the GPT-1 and BERT era
(Radford et al., 2018; Devlin et al., 2019), where pre-trained models outperformed their
supervised-only counterparts by similar margins.

We provide thinking trajectories and answers for the 0%-Pre models in Appendix C. As
shown, these non-pretrained models generate coherent, highly accurate reasoning chains
which often produce correct answers for highly tracked benchmarks. Their ability to succeed
in competitive programming and competition math solely through the SFT phase highlights
how heavily post-training dominates task-specific performance.

Cross-domain generalization. A key question that arises is whether the post-training
setup enables cross-domain generalization. E.g., whether the intensive post-training on
math might yield superior performance on code. To test this hypothesis, we also conduct a
cross-domain evaluation on the examined reasoning benchmarks. The results are presented
in Table 3 in Appendix D. As expected, having seen no data from the alternate distribution,
the 0%-Pre models demonstrate no cross-domain generalization and perform poorly. Impor-
tantly, we observe similar failures in the fully pre-trained models (100%-Pre), indicating that
optimizing for a specific distribution in isolation is insufficient for reasoning generalization.1

1We note that standard post-training approaches often combine datasets from multiple domains.
Studying the generalization effect in such setups is an important topic for future work.
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Figure 2: Evaluation curves during SFT using different amounts of pre-training backbones
for the 14B scale. The 0/0.1%-Pre models show rapid improvement over the first 20k steps.

Minimal pre-training setup. To further understand the role of the pre-training phase for
specific desired behaviors, we add for each model scale a short pre-trained version, where we
first pre-train the model using general data on a fairly low amount of tokens (10B tokens, less
than 1/1,000 of standard pre-training tokens compared to Qwen Team (2024)), then perform
the SFT phase as for the other models. These models are trained on a limited sample of the
DCLM dataset (Li et al., 2024a), before the SFT phase. See more details in Appendix A.

The results for the minimal pre-training phase (0.1%-Pre-Math/Code) are presented in
Table 1 (with math competition results in Appendix B). Across the majority of models (ex-
cluding 1.5B 0.1%-Pre and 3B 0.1%-Pre-Code), this minimal initialization phase successfully
closes 20% to 50% of the gap between from-scratch and full pre-training. 0.1%-Pre-Code at
the 7B scale, for example, reaches 49.3% pass@1 on LCB V6, halving the distance between
the from-scratch model (43%) and the fully pre-trained one (56%). We hypothesize that
these gains stem from improved weight initialization and basic natural language acquisition,
rather than exposure to domain-specific data (which is not explicitly included in the short
pre-training phase). This suggests that the major part of the performance gap between
pre-trained models and their non-pretrained counterparts is largely structural, serving as a
better starting point for the SFT phase instead of adding specific knowledge.

Performance during training. Finally, we explore the performance of the different mod-
els over the course of training. Figure 2 presents the performance of the 14B model as
training progresses, while Figures 6 to 8 in Appendix E present the curves of other models
(Appendix F presents detailed math competition curves). As can be seen, the 100%-Pre-
Math/Code models adapt to the different distributions relatively fast. Although they
continue to improve later in training, they achieve the majority of their performance gains
halfway through the SFT phase. Conversely, the 0%-Pre and 0.1%-Pre models exhibit weaker
performance during the first few thousand training steps (due to a lack of prior knowledge),
but quickly catch up, showing rapid improvement over the first 20k steps. While this again
confirms the utility of pre-training, it is highly interesting to observe how well and relatively
fast models can perform in-distribution relying solely on supervised data.

3.3 Experimental Scope and Limitations

Our experimental scope is subject to two primary limitations. First, our experiments are
restricted to reasoning data: competitive math and code. We focused on these areas because
they represent a primary focus of the current LLM field (Gemini Team, 2026; Qwen Team,
2026a; Yang et al., 2026) and benefit from the availability of large-scale, open-source SFT
datasets (Ahmad et al., 2025a; Moshkov et al., 2025; Ahmad et al., 2025b). Second, our
analysis focuses exclusively on SFT, whereas modern post-training pipelines typically
include a subsequent RL phase.

Fundamentally, RL requires a pre-training stage for the model’s capacity to generate correct
solutions to be rewarded on. Coupled with the fact that our pre-trained models consistently
outperform their non-pretrained counterparts, we highlight that pre-training remains critical.
Rather, our findings highlight the extent to which current post-training optimizes for specific
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target distributions, enabling even models initialized from scratch to achieve surprising
results on competitive benchmarks.

4 Learning how to Learn

As discussed in Section 2, the evolution of LLMs has transitioned from pre-trained back-
bones used for task-specific SFT to a massive post-training paradigm that aligns desired
behaviors into the model’s distribution. Yet, this current pipeline remains fundamentally
reactive: the post-training process is inherently restricted to specific use cases and behaviors
that are already known, and for which large-scale post-training can be performed. These
models demonstrate robust generalization within their established training distributions.
However, adapting them to entirely novel behaviors necessitates full re-(post-)training
cycles, a limitation that contrasts with the promise of few-shot learning (Brown et al., 2020).

This limitation drives the current trend of iterative model releases built upon the same
pre-trained backbone, distinguished only by enhanced post-training setups that incorporate
newly desired capabilities (e.g., the incremental progressions of GPT-5.x or Claude-4.x).
Under the current paradigm, acquiring a novel capability demands a costly, ground-up
re-post-training effort: curating new SFT datasets, engineering new RL environments, and
executing continuous model updates just to bridge the newly identified capability gap.
Proponents of the current paradigm may argue that scaling post-training data and compute
can lead to achieving broader capabilities. Yet, this relies on the assumption that scaling
predefined data and environments can efficiently keep pace with the ever-evolving demands
placed on LLM systems. Therefore, we posit that the field must advance beyond these static,
predefined post-training procedures toward a new evolutionary stage.

We argue for the development of significantly more robust systems. In our vision, models
must inherently “learn how to learn”. Under this proposed paradigm, when an LLM
system encounters a problem it cannot solve to the required degree of accuracy, it should
autonomously adapt and evolve its capabilities to overcome that limitation.

One approach to realizing this vision is through autonomous, self-adapting LLM agents. We
envision an agentic system capable of dynamically modifying its own prompts, underlying
code, and even its model weights. When presented with a novel task where superficial
adjustments (such as prompt engineering or modifying code execution) are insufficient, the
system could autonomously replicate the LLM post-training pipeline. Specifically, it could
search for and curate SFT data, engineer custom RL environments, and subsequently retrain
its internal models. This method can include attempting a solution, while iteratively learning
through any failures. The system would then evaluate the updated model’s performance
on the target task, iterating on this process as necessary. Furthermore, under resource
constraints, such a system could intelligently opt to train a smaller, highly specialized model
to serve as a tool for future instances of the new task.

Of course, the acquisition of the above meta-learning capabilities must be integrated as a core
objective within modern training paradigms. Just as traditional pre-training serves as the
foundational phase for general knowledge and linguistic skills, this proposed meta-learning
phase acts as the mechanism for dynamic, post-deployment task acquisition (similar to
the promise of few-shot learning). Ultimately, this establishes a new level of machine
intelligence defined by the ability to “learn how to learn”.

Crucially, this foundational training would ideally only be required once. Once a model
acquires the capacity to self-evolve, it will be able to theoretically improve indefinitely, lim-
ited only by computational resources. Consequently, this paradigm will relieve researchers
from continuously engineering and maintaining post-training procedures by delegating the
control of ongoing adaptation directly to the models themselves.

We note that our suggested paradigm idea is not limited to the specific mechanism described
above, and can have several forms and generalizability (Bandel et al., 2026). Various
approaches can successfully enable systems to learn how to solve unknown tasks (Li et al.,
2024b; Zhang et al., 2025a;b; Wang et al., 2026; Wu et al., 2025; Fang et al., 2025; Gao et al.,
2025; Zhang et al., 2026; Weng et al., 2026; Xia et al., 2026). Achieving this self-evolving
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capacity may also require moving beyond standard Transformer backbones to alternative
architectures that yield highly effective in-context learning for novel tasks without massive
supervised learning (Zhang & Bottou, 2025). The unifying idea for optimizing all such
systems is the shared principle of “learning how to learn”. Different approaches to this
objective will naturally result in varying systems, which will result in a robust ecosystem of
self-improving models.

5 Conclusion

In this position paper, through a historical overview of LLMs, we argued that current
training paradigms effectively revert to the "pre-train then fine-tune" methodology of the
BERT era. Under this approach, models are explicitly tailored to desired behaviors and
specific evaluation benchmarks. We empirically demonstrated this by showing that models
post-trained from scratch yield highly non-trivial performance, suggesting that current
post-training methodologies function primarily as a distribution-fitting mechanism. Finally,
we argued that prevailing post-training approaches are fundamentally reactive. To achieve
more generalized capabilities, we advocate for a shift toward meta-learning paradigms,
where models “learn how to learn”.
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A Detailed Experimental Setup

Evaluation benchmarks. The MATH-500 comprises 500 high school math questions (Light-
man et al., 2023). The competition math benchmarks, AIME 24, AIME 25, HMMT February
25, and HMMT November 25, taken from the MathArena leaderboard (Balunović et al.,
2025). Each of them contains 30 competition level math problems. The LCB coding bench-
mark is built from competitive programming questions, where the V5 splits consists of 327
problems and the V6 split has 454 problems (Jain et al., 2024).

SFT datasets. The problems of the OMR dataset were collected from AoPS forums,2
while the solutions were generated using DeepSeek-R1 and Qwen-QwQ (Guo et al., 2025;
Qwen Team, 2025). As for OCR-II, it aggregates programming challenges from TACO (Li
et al., 2023), APPS (Hendrycks et al., 2021), CodeContests (Li et al., 2022), and CodeForces
(Penedo et al., 2025), pairing them with solutions that were generated by DeepSeek-R1 and
subsequently verified by Qwen-QwQ.

Short pre-training details. The minimal pre-training phase is based on the DCLM
dataset (Li et al., 2024a), which was constructed as a high-quality dataset for pre-training.
This phase uses ∼10B tokens, which is strictly less than 1/1,000 of the original pre-training
corpus used by Qwen-2.5-Base. The short pre-training phase retains the configuration of the
SFT phase below but employs a constant learning rate of 1e-4 and 500 steps for warm-up.

Training and evaluation details. We use the AdamW optimizer (Loshchilov & Hutter,
2017) with a peak learning rate of 3e-4, a cosine decay scheduler, and a 2,000-step linear
warmup. For evaluation, we use zero-shot prompt style, which evaluates the ability of
models also to follow instructions. We detail our math and code prompts templates below.

System Prompt (both math and code)

You are a helpful AI assistant. You always reason before responding, using the following
format:
<think>
[your internal reasoning]
</think>
[your external response]

Math Prompt

{Math Question}
Wrap your answer in $boxed{}$.

Code Prompt

Provide a Python solution for the following competitive programming question: {Code Question}
Your code should be enclosed in triple backticks like so: “ ‘python YOUR CODE HERE “‘. Use the
backticks for your code only. Your code should read from and write to standard io.

Figure 3: Prompt templates for the math and code questions.

2artofproblemsolving.com/community
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B Full Competition Math Results

We present the benchmark-specific results for the competition math benchmarks: AIME-24,
AIME-25, HMMT February 25 and HMMT November 25 in Table 2.

Size Model AIME’24 AIME’25 HMMT Feb HMMT Nov
pass@1 | 5 pass@1 | 5 pass@1 | 5 pass@1 | 5

1.5B

Base (no SFT) 0.0 | 0.0 0.0 | 0.0 0.0 | 0.0 0.0 | 0.0
0%-Pre-Math 32.0 | 57.6 30.7 | 50.1 16.7 | 32.7 19.3 | 33.2
0.1%-Pre-Math 26.7 | 51.1 21.7 | 34.5 10.7 | 24.4 16.0 | 26.6
100%-Pre-Math 56.0 | 77.0 38.0 | 61.9 26.0 | 52.8 35.3 | 54.0

3B

Base (no SFT) 1.3 | 5.2 0.0 | 0.0 0.3 | 1.7 0.3 | 1.7
0%-Pre-Math 40.7 | 60.9 26.7 | 46.4 10.7 | 20.0 21.7 | 42.0
0.1%-Pre-Math 44.0 | 68.1 35.7 | 51.3 17.0 | 28.9 23.7 | 37.8
100%-Pre-Math 62.7 | 79.1 47.0 | 64.1 33.0 | 50.3 41.0 | 55.6

7B

Base (no SFT) 0.3 | 1.7 0.0 | 0.0 0.0 | 0.0 0.3 | 1.7
0%-Pre-Math 42.7 | 69.4 27.7 | 51.6 14.7 | 32.8 23.3 | 42.0
0.1%-Pre-Math 50.7 | 73.7 44.3 | 63.0 28.7 | 49.5 33.0 | 50.3
100%-Pre-Math 67.0 | 79.9 48.0 | 70.3 32.3 | 53.2 44.3 | 59.0

14B

Base (no SFT) 1.3 | 4.7 0.0 | 0.0 0.3 | 1.7 1.0 | 3.1
0%-Pre-Math 41.7 | 64.3 30.3 | 46.6 18.7 | 38.1 25.3 | 45.2
0.1%-Pre-Math 57.7 | 72.3 44.7 | 65.8 32.3 | 54.1 34.0 | 44.6
100%-Pre-Math 60.3 | 75.1 47.0 | 61.8 31.3 | 49.1 40.3 | 55.3

Table 2: Results for the math models over the different math competition benchmarks.
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C Examples of Generated Outputs

Figure 4 presents an example response from the 0%-Pre-Math (14B) model for an AIME 25
question, while Figure 5 demonstrates the 0%-Pre-Code (7B) model’s response to an LCB V6
question. As can be seen, the reasoning trajectory is coherent and understandable, although
the model was trained without any prior linguistic knowledge.

Math Question

Find the sum of all integer bases b > 9 for which 17b is a divisor of 97b. Wrap your
answer in $boxed{}$

0%-Pre-Math (14B) Response

<think> Okay, let’s see. I need to find all integers b greater than 9 such that 17b divides 97b. Then
sum those b’s. Hmm. First, let’s convert both numbers from base b to base 10 to work with them
more easily. The number 17 in base b is equal to 1*b + 7 in decimal. Similarly, 97 in base b is 9*b
+ 7 in decimal. So, we need (1*b + 7) divides (9*b + 7). Let me write that as an equation: (9b +
7) divided by (b + 7) should be an integer. Let me compute (9b + 7) ÷ (b + 7). Maybe perform
the division to see what the quotient and remainder are. Divide 9b + 7 by b + 7. Let’s see: How
many times does (b + 7) go into 9b + 7? Let’s do polynomial division. Divide 9b by b, which is 9.
Multiply (b + 7) by 9: 9b + 63. Subtract that from 9b + 7: (9b + 7) - (9b + 63) = -56. So the
division gives 9 with a remainder of -56. Therefore, (9b + 7) = 9*(b + 7) - 56. So, (9b + 7)/(b +
7) = 9 - 56/(b + 7). For this to be an integer, 56/(b + 7) must be an integer. Therefore, (b + 7)
must be a divisor of 56. But since b > 9, then b + 7 > 16. So, we need to find all divisors of 56
that are greater than 16, then subtract 7 to get b.First, list all positive divisors of 56. 56 factors
into 23 ∗ 71. So the divisors are 1, 2, 4, 7, 8, 14, 28, 56.From these, the divisors greater than 16
are 28 and 56. Therefore, b + 7 = 28 =⇒ b = 21, and b + 7 = 56 =⇒ b = 49. So the possible
values of b are 21 and 49. Summing them gives 21 + 49 = 70. Wait, but let me check. Let’s verify
each b. First, b = 21. Then 1721 is 1 ∗ 21 + 7 = 28. 9721 is 9 ∗ 21 + 7 = 189 + 7 = 196. Check if
28 divides 196. 19628 = 7, which is an integer. So that’s good. Next, b = 49. 1749 is 1*49 + 7 =
56. 9749 is 9*49 + 7 = 441 + 7 = 448. 448 ÷ 56 = 8, which is also an integer. So that works
too. Are there any other divisors of 56 greater than 16? Let’s check the list again. The divisors are
1, 2, 4, 7, 8, 14, 28, 56. So after 14 comes 28 and 56. So only 28 and 56. So yes, only 21 and
49. Therefore, the sum is 70. I think that’s it. Let me make sure there’s no mistake in the logic.
The key step was realizing that (9b +7) divided by (b +7) must be integer, which requires that the
remainder is zero. The remainder was -56, so (b +7) must divide 56. Then considering the divisors
of 56 greater than 16. That seems correct. So the answer should be 21 + 49 = 70.</think>
To solve the problem of finding the sum of all integer bases b > 9 for which 17b divides 97b, we
proceed as follows:
1. **Convert the numbers from base b to base 10:** - The number 17b in base 10 is 1
cdotb + 7 = b + 7.
- The number 97b in base 10 is 9
cdotb + 7 = 9b + 7.
2. **Set up the divisibility condition:** - We need b + 7 to divide 9b + 7. This means
f rac9b + 7b + 7 must be an integer.
3. **Perform the division:** - Divide 9b + 7 by b + 7:
f rac9b + 7b + 7 = 9 −
f rac56b + 7 - For this to be an integer,
f rac56b + 7 must be an integer. Therefore, b + 7 must be a divisor of 56.
4. **Identify the divisors of 56:** - The divisors of 56 are: 1, 2, 4, 7, 8, 14, 28, 56. - Since b > 9,
we need b + 7 > 16. Thus, the relevant divisors are 28 and 56.
5. **Determine the corresponding values of b:** - If b + 7 = 28, then b = 21. - If b + 7 = 56, then
b = 49.
6. **Verify the solutions:** - For b = 21: 1721 = 1 · 21 + 7 = 28 9721 = 9 · 21 + 7 = 189 + 7 = 196
196 ÷ 28 = 7 (an integer) - For b = 49: 1749 = 1 · 49 + 7 = 56 9749 = 9 · 49 + 7 = 441 + 7 = 448
448 ÷ 56 = 8 (an integer)
7. **Sum the valid values of b:** 21 + 49 = 70
Thus, the sum of all integer bases b > 9 for which 17b divides 97b is 70 .

Figure 4: A response example of 0%-Pre-Math (14B) on an example from AIME 25.

19



Code Question

Provide a Python solution for the following competitive programming question: There
is a stack of N cards, and the i-th card from the top has an integer A_i written on
it. You take K cards from the bottom of the stack and place them on top of the stack,
maintaining their order. Print the integers written on the cards from top to bottom
after the operation. Input The input is given from Standard Input in the following
format:N K A_1 A_2 . . . A_N
Output
Let B_i be the integer written on the i-th card from the top of the stack after the
operation. Print B_1,B_2,
ldots,B_N in this order, separated by spaces.
Constraints 1 ≤ K < N ≤ 100 ; 1 ≤ Ai ≤ 100- All input values are integers.
{Example IO pairs are omitted}
Your code should be enclosed in triple backticks like so: “‘python YOUR CODE HERE “‘.
Use the backticks for your code only. Your code should read from and write to standard
io.

0%-Pre-Code (7B) Response

<think> Okay, let’s see. The problem is about moving K cards from the bottom of a stack to the
top, keeping their order. So, for example, if the original stack is [1,2,3,4,5] (with 1 being the top),
and K is 3, then we take the bottom three cards (3,4,5) and put them on top. So the new stack
becomes [3,4,5,1,2]. Then we need to output them top to bottom. Hmm. So the input is N and K,
then the list A which is the initial stack from top to bottom. Wait, wait. Wait, the problem says ẗhe
i-th card from the top has A_i written on it.S̈o the first element in the input list is the top card, and
the last is the bottom. So the initial stack is A_1 (top), A_2, ..., A_N (bottom). So when we take
K cards from the bottom, which would be the last K elements of the list. Then we move those to
the top. So the new stack is [A_N-K+1, A_N-K+2, ..., A_N] followed by [A_1, A_2, ..., A_N-K].
Wait, no. Wait, the original stack is A_1 (top), A_2, ..., A_N (bottom). So the bottom K cards
are A_N-K+1, A_N-K+2, ..., A_N. Because if N is 5 and K is 3, then the bottom 3 cards are
positions 3,4,5 (since 5-3+1=3). Wait, no. Wait, if the stack is 1 (top), 2, 3,4,5 (bottom), then the
bottom three cards are 3,4,5. So the indices in the list would be [2], [3], [4] (assuming zero-based).
Wait, the list is given as A_1 to A_N. So for the sample input 1, the list is [1,2,3,4,5]. The bottom
three cards are 3,4,5. So their indices in the list are 2,3,4 (since Python is zero-based). So to get
the bottom K elements, we need to take the last K elements of the list. So the process is: take the
last K elements (from the bottom) and put them on top. So the new list is (last K elements) +
(first N-K elements). Then, when we output, we print each element in order, which is the new top
to bottom. So for sample input 1, the original list is [1,2,3,4,5]. Take last 3 elements [3,4,5], then
add the first 2 elements [1,2]. So new list is [3,4,5,1,2]. Then output as space-separated. So the
steps are: 1. Read N and K from input. 2. Read the list A as integers. 3. Split the list into two
parts: the last K elements (bottom K) and the rest. 4. The new stack is the concatenation of the
last K elements and the first N-K elements. 5. Print the new stack elements in order, separated
by spaces. So in code: Read N, K = map(int, input().split()) A = list(map(int, input().split()))
new_stack = A[-K:] + A[:-K] print(’ ’.join(map(str, new_stack))). Wait, but wait. Let’s test with
sample input 1. N=5, K=3. A is [1,2,3,4,5]. A[-3:] is [3,4,5], A[:-3] is [1,2]. So concatenating gives
[3,4,5,1,2]. Which is correct. Sample input 2: N=6, K=2. A is [1,2,1,2,1,2]. The last two elements
are [1,2], the first 4 elements are [1,2,1,2]. So new stack is [1,2] + [1,2,1,2] → [1,2,1,2,1,2]. So
output is same as input, which matches the sample output. So the code seems correct. But wait,
the problem says that after moving the K cards, the new stack’s top is the first element. So the
code’s approach of taking the last K elements and putting them first (as the new top) is correct.
Yes. So the code should work. </think>
“‘python
# Read input
N, K = map(int, input().split())
A = list(map(int, input().split()))
# Calculate the new stack
new_stack = A[-K:] + A[:-K]
# Output the result
print(’ ’.join(map(str, new_stack)))
“ ‘

Figure 5: A response example of 0%-Pre-Math (7B) on an example from LCB V6.
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D Cross-Domain Results

We present the cross-domain results of the different models. Table 3 presents both the code
models performance over the math benchmarks, and the results of the math models over the
LCB benchmark.3 As can be seen, for all cases, models fine-tuned on a specific distribution
failed to generalize to another.

Code models on math Math models on code
Size Model MATH-500 Comp. Math Model LCB V5 LCB V6

pass@1 | 5 pass@1 | 5 pass@1 | 5 pass@1 | 5

1.5B 0%-Pre-Code 0.0 | 0.0 0.0 | 0.0 0%-Pre-Math 0.0 | 0.0 0.0 | 0.0
100%-Pre-Code 0.0 | 0.0 0.0 | 0.0 100%-Pre-Math 0.0 | 0.0 0.0 | 0.2

3B 0%-Pre-Code 0.0 | 0.0 0.0 | 0.0 0%-Pre-Math 0.0 | 0.0 0.0 | 0.0
100%-Pre-Code 0.0 | 0.0 0.0 | 0.0 100%-Pre-Math 0.1 | 0.3 0.4 | 1.1

7B 0%-Pre-Code 0.0 | 0.0 0.0 | 0.0 0%-Pre-Math 0.0 | 0.0 0.0 | 0.0
100%-Pre-Code 0.1 | 0.3 0.0 | 0.0 100%-Pre-Math 0.0 | 0.0 0.2 | 0.4

14B 0%-Pre-Code 0.0 | 0.0 0.0 | 0.0 0%-Pre-Math 0.0 | 0.0 0.0 | 0.0
100%-Pre-Code 0.1 | 0.7 0.0 | 0.0 100%-Pre-Math 0.0 | 0.2 0.0 | 0.0

Table 3: Results for code models on math benchmarks, and math models on code bench-
marks.

3We do not detail the benchmark specific results for the competition math benchmarks as they are
all 0.0.
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E Performance Curves

Figure 6, Figure 7 and Figure 8 presents the performance curves of the 7B/3B/1.5B models,
respectively, using different amounts of data for the pre-training backbones.
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Figure 6: SFT evaluation curves using different amounts of pre-training backbones (7B).
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Figure 7: SFT evaluation curves using different amounts of pre-training backbones (3B).
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Figure 8: SFT evaluation curves using different amounts of pre-training backbones (1.5B).
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F Performance During Training of Competition Math Benchmarks

We present the performance curves of the 14/7/3/1.5B models for the competition math
benchmarks in Figure 9, Figure 10, Figure 11 and Figure 12, respectively.
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Figure 9: SFT evaluation curves over the math competition benchmarks, using different
amounts of pre-training backbones (14B).
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Figure 10: SFT evaluation curves over the math competition benchmarks, using different
amounts of pre-training backbones (7B).
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Figure 11: SFT evaluation curves over the math competition benchmarks, using different
amounts of pre-training backbones (3B).
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Figure 12: SFT evaluation curves over the math competition benchmarks, using different
amounts of pre-training backbones (1.5B).
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