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ABSTRACT

Reinforcement Learning with Verifiable Rewards (RLVR), primarily driven by the
Group Relative Policy Optimization (GRPO) algorithm, is a leading approach for
enhancing the reasoning abilities of Large Language Models (LLMs). Despite its
wide adoption, GRPO’s gains are often inconsistent; for instance, a model may
show significant improvement in one reasoning domain, like mathematics, yet re-
main stagnant in another, such as medicine. This inconsistency raises a critical
question: under what conditions does GRPO improve reasoning and generalize
out-of-distribution (OOD)? We investigate this from a data distribution perspec-
tive. We first prove theoretically that GRPO is a conservative reweighting scheme,
bounded by the base model’s distribution and thus unable to discover completely
novel solutions. We further validate this in carefully designed controlled stud-
ies by training transformers from scratch, evaluating generalization across rea-
soning depth, input length, token representation, and compositionality. Our re-
sults provide a principled explanation for GRPO’s boundaries: OOD improve-
ment emerges only when the target task aligns with the model’s pretrained biases,
while gains on in-distribution (ID) tasks diminish as performance saturates. This
reframes GRPO not as a universal reasoning enhancer but as a tool that sharpens
pretraining biases. Our findings motivate future development of algorithms that
can expand a model’s capabilities beyond its pretraining origin.

1 INTRODUCTION

Reinforcement Learning with Verifiable Rewards (RLVR), powered by the Group Relative Policy
Optimization (GRPO) algorithm and its variants (Shao et al., 2024), has become a dominant ap-
proach to advancing the reasoning capabilities of Large Language Models (LLMs). This approach
is credited with state-of-the-art performance in complex reasoning domains, such as math problem-
solving and programming (Wang et al., 2025c; Su et al., 2025). However, a critical paradox casts
doubts on its success: substantial performance gains from GRPO can be achieved even with spu-
rious rewards on math reasoning tasks (Shao et al., 2025). In particular, our preliminary studies
highlight that GRPO’s effectiveness varies significantly across models and domains, as shown in
Figure 1. Specifically, Qwen models achieve larger gains on math and general-domain datasets,
whereas Llama models achieve larger gains on general and clinical-domain datasets. The hyperpa-
rameters are detailed in Appendix B.1. This phenomenon raises a fundamental question:

Under what conditions does GRPO enhance the reasoning capabilities of an LLM?
The mechanism behind RLVR is a subject of ongoing discussion. One line of research frames RLVR
as a conservative variant of Supervised Fine-Tuning (SFT), showing its limited capacity to general-
ize out-of-distribution (OOD) (Samineni et al., 2025; Wu et al., 2025c). Others suggest that RLVR
drives models toward dominant output distributions inherited from pretraining data (Zhao et al.,
2025b) and amplifies solutions already present in the base model—raising pass@1 by improving
sampling efficiency while reducing coverage at larger pass@k (Yue et al., 2025; Wu et al., 2025a).
Nevertheless, prior studies have predominantly relied on pretrained, off-the-shelf LLMs and web-
scale datasets online. This setting makes it difficult to disentangle the true effects of RLVR from
confounding variables such as the composition of the pretraining data and undisclosed training de-
tails. Furthermore, the heterogeneity of these online datasets makes it exceptionally challenging to
isolate different OOD settings, preventing a systematic evaluation of generalization.

Our work instead focuses on analyzing the effects of pretraining data distribution on GRPO through
a controlled study that isolates fundamental OOD scenarios. We hypothesize that GRPO’s effec-
tiveness is determined by the distribution alignment between the model’s pretrained inductive biases
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Figure 1: Accuracy on various datasets after applying GRPO on LLMs. We benchmark GRPO on
four LLMs (Qwen2.5-3B, Qwen2.5-7B (Qwen et al., 2025), Llama3.2-3B-Instruct, Llama-3.1-8B-
Instruct (Grattafiori et al., 2024)) across four datasets (Math500 (Hendrycks et al., 2021), MedM-
CQA (Pal et al., 2022), PharmDB (Abdullahi et al., 2025), CommonsenseQA (Talmor et al., 2019)).
The results show that Qwen models achieve larger gains on math and general-domain datasets,
whereas Llama models achieves larger gains on general and clinical-domain datasets. Notably,
Qwen2.5-7B improves by 31.2% on Math500 but only 5.2% on PharmDB; Llama-3.1-8B-Instruct
gains 16.7% on PharmDB but merely 1.4% on Math500. These findings highlight that GRPO’s
effectiveness is highly dependent on the specific model–dataset pairing.

and the target task. To eliminate confounding variables, we train transformer models from scratch
on carefully synthesized data, granting us full control over data distributions and models. Therefore,
we can directly observe the causal effects of pretraining data composition on GRPO’s effectiveness.

We begin by presenting a theoretical analysis that characterizes GRPO as a conservative reweighting
scheme bounded by the base model’s policy, incapable of discovering completely novel solutions.
Guided by this theoretical foundation, we design a series of controlled experiments with synthetic
data to test the generalization limits of GRPO. We evaluate its performance across four distinct
OOD scenarios: (1) reasoning depth, by varying the number of required reasoning steps; (2) input
length, by altering sequence lengths; (3) token representation, by representing familiar concepts
with novel tokens; and (4) compositional reasoning, by requiring the model to combine known
skills in new combinations. Our empirical findings consistently validate our hypothesis: GRPO
only facilitates OOD generalization when there is a significant overlap between in-distribution (ID)
and OOD tasks. Increasing the proportion of OOD data during pretraining improves the alignment
between the base model and the task, resulting in larger performance gains, although these gains
diminish as performance saturates. This reframes GRPO not as a universal reasoning enhancer but
as a tool that sharpens existing biases. This offers important implications for its practical application
and for future research on its generalization boundaries. Our contributions are as follows:

• Real-world Motivation: We show that GRPO yields inconsistent gains across a range of LLMs
and datasets, motivating the need for a systematic investigation into its underlying mechanisms.

• Theoretical Analysis: We characterize GRPO as a conservative reweighting mechanism, proving
that its gains depend on the base model’s initial capabilities for correctly answering the prompts,
and thus show that GRPO cannot discover novel reasoning patterns.

• Controlled Experimental Design: We introduce a principled methodology, training transformers
from scratch on synthetic data to probe GRPO’s generalization limits across four axes: reasoning
depth, input length, token representation, and compositional reasoning.

• Empirical Findings: Across four controlled settings, we show that GRPO’s OOD generalization
is contingent on the alignment between the model’s pretrained distribution and the target task,
solidifying that it sharpens pre-existing biases rather than generating novel reasoning.

2 RELATED WORKS

RLVR. Reinforcement Learning with Verifiable Rewards (RLVR) has become the standard for im-
proving the reasoning capabilities of Large Language Models (LLMs). The foundational algorithm
in this area is Group Relative Policy Optimization (GRPO) (Shao et al., 2024), which uses outcome-
based rewards and group-wise advantage computations to obviate the need for a reward model. Sub-
sequently, variants of GRPO are proposed. Dr. GRPO (Liu et al., 2025) removes the standard devi-
ation normalization term in advantage computation to reduce generating longer incorrect responses,
while Dynamic Sampling Policy Optimization (DAPO) (Yu et al., 2025) introduces a “Clip-Higher”
strategy to encourage exploration and uses token-level loss averaging for more fine-grained loss
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attribution. Concurrently, Dynamic Clipping Policy Optimization (DCPO) (Yang et al., 2025) ad-
dresses the zero-gradient problem with dynamic, probability-aware clipping and reduces variance
via advantage standardization. To understand the mechanisms driving the success of RLVR, we
ground our analysis in the original GRPO. Analyzing this foundational algorithm allows us to dis-
entangle the core mechanisms from other heuristics introduced by its variants and ensures that our
insights are applicable across all of them.

RLVR Generalization. While RLVR shows promise for enhancing the reasoning capabilities of
LLMs, its effectiveness has proven highly inconsistent across models and datasets (Wang et al.,
2025a; Sun et al., 2025; Shao et al., 2025). To explain these phenomena, some work concludes
that RLVR is a conservative variant of SFT, making it inherently less effective at promoting out-
of-distribution (OOD) generalization (Samineni et al., 2025; Wu et al., 2025c; Lv et al., 2025).
Others argue that RLVR’s benefits stem from improving sampling efficiency of existing solutions
and patterns in the base model (Wu et al., 2025b; Zhao et al., 2025b; Yue et al., 2025; Wu et al.,
2025a). However, these studies focus on off-the-shelf LLMs and web-scale datasets. This introduces
confounding factors—such as unknown pretraining procedures and heterogeneous data composi-
tion—that prevent a systematic evaluation. In response, our work adopts a controlled experimental
setup that evaluates fundamental OOD scenarios. We pretrain transformer models from scratch on
synthetic data to enable comprehensive analysis of generalization limits across four axes, including
reasoning depth, input length, token representation, and compositionality.

OOD Generalization for LLMs. Generalizing to OOD data remains an open challenge for LLMs.
In particular, models tend to fall back on patterns from their pretraining data rather than learning
genuinely new rules through in-context learning (ICL), even when their successes stem from learned
compositional abilities (Wang et al., 2024; 2025b; Song et al., 2024). While techniques like Chain-
of-Thought (CoT) (Wei et al., 2022) can improve reasoning, their effectiveness depends heavily on
the alignment between supervision, inductive bias, and task structure (Yao et al., 2025; Cho et al.).
This robustness is often fragile, collapsing into mere pattern recognition when tested rigorously
(Zhang et al., 2024; Wang et al., 2025d; Zhao et al., 2025a). This general tendency for LLMs to favor
pattern matching over true generalization provides the context for our study. RLVR is designed to
improve reasoning, but if it cannot overcome this fundamental OOD barrier, its benefits are limited.
We therefore analyze GRPO to investigate the fundamental generalization limits of RLVR.

3 GRPO AS A CONSERVATIVE REWEIGHTING MECHANISM

The behavior of GRPO can be understood by analyzing the RL optimization objective. The theo-
retical optimal policy has an exponential-tilting form, which simply reweights the base distribution.
This reweighting preserves the support of the base model while amplifying probability mass on
responses that receive a reward. As a result, the effect of GRPO is determined by how much prob-
ability the pretrained model already assigns to correct answers. In the following, we formalize this
dependence and show that GRPO strengthens existing overlap with correct solutions but cannot
discover solutions absent from the base distribution.

3.1 THE DEPENDENCE OF THE OPTIMAL POLICY ON PRETRAINED MASS

Preliminaries. Consider a prompt x from a distribution d, with a space of possible token sequence
responses Y . We have a base policy q(· | x) and a binary reward function R(x, y) ∈ {0, 1} that
verifies if a response y is correct. GRPO and other similar RLVR methods all optimize variants of
the following objective:

Jβ(π) = Ex∼d

[
Ey∼π(·|x)R(x, y)

]
− β Ex∼d

[
KL

(
π(· | x) ∥ q(· | x)

)]
, β > 0. (1)

The solution to this optimization problem has an exponential-tilting form:

π⋆
β(y | x) ∝ q(y | x) exp

(
β−1R(x, y)

)
for each x ∈ X . (2)

The optimal policy π⋆
β is the base policy q re-weighted. The probability of correct responses (where

R(x, y) = 1) is amplified by a factor of eβ
−1

. To formalize this, define the set of all correct responses
for a given prompt x as Cx = {y ∈ Y : R(x, y) = 1}. We can then define the pretrained correct
mass as the total probability the pretrained model assigns to all correct answers:

Q(x) := q(Cx | x). (3)

3
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Q(x) captures the extent of the model’s pretrained capacity for prompt x. We now express both the
finetuned performance and its marginal gain over the base model in terms of this value.

Theorem 1 (Pointwise performance depends only on pretrained overlap). Under this objective
with binary rewards, the probability of generating a correct response for any prompt x is

π⋆
β(Cx | x) = Q(x)a

(1−Q(x)) +Q(x)a
=: fβ

(
Q(x)

)
.

(
a = eβ

−1)
(4)

Moreover, for any fixed β > 0: (i) fβ is strictly increasing, (ii) if Q(x) = 0 then π⋆
β(Cx | x) = 0,

and (iii) improvement saturates as Q(x) → 1 (Proof in Appendix C.1).

Define the marginal gain (performance increment over the base model) for a prompt x as

MGainβ(x) := gβ(Q(x)) = fβ(Q(x))−Q(x).

Part (ii) implies a hard limit: if the pretrained model assigns zero probability to correct answers,
then no positive marginal gain is possible.

Corollary 1 (Marginal gain monotonicity. Suppose a base model q′ is better aligned than q (i.e.,
Q′(x) ≥ Q(x) for all x). If for all x the overlap satisfies

Q(x) ≤
√
a− 1

a− 1

(
a = eβ

−1)
, Ex∼d

[
gβ(Q

′(x))
]
≥ Ex∼d

[
gβ(Q(x))

]
.

That is, there exists a certain point such that below that point, better model alignment guarantees
larger marginal improvement from finetuning. When Q(x) is large, the marginal gain diminishes
due to saturation. Since fβ(Q) → 1 as Q → 1, we have gβ(Q) → 0 (Proof in Appendix C.2).

3.2 PERFORMANCE LIMITS IN THE LOW-MASS REGIME

In practice, while LLMs rarely assign exactly zero probability to any token, the probability of a
specific sequence can be astronomically small. Hence the correct mass Q(x) is often tiny (though
nonzero). The next propositions quantify what this means for finetuning.

Proposition 1 (Small-mass regime is first-order in Q). For every x and β > 0, the marginal gain
is bounded linearly by Q(x):

π⋆
β(Cx | x)−Q(x) ≤

(
eβ

−1

− 1
)
Q(x). (5)

When Q(x) ≪ 1, finetuning can only scale the base model’s already tiny correct mass; the improve-
ment is at most a constant factor times Q(x) (Proof in Appendix C.3).

Proposition 2 (Sequence-level gains can be exponentially small). Even if every token has a min-
imum probability qtok(a | ·) ≥ η > 0, the total correct mass for a sequence of length T can
decay exponentially as Q(x) ≤ |Cx| ηT . Consequently, achieving a non-negligible gain requires
the reward amplification to grow with sequence length, i.e., β−1 = Ω

(
T log(1/η)

)
.

Refer to proof in Appendix C.4. These results reveal a low-mass bottleneck. Proposition 2 shows
that for longer sequences, the initial correct mass Q(x) can become exponentially small. Since
Proposition 1 establishes that finetuning gains scale at most linearly with this tiny mass, GRPO’s
effectiveness is severely limited. In short, GRPO amplifies what the pretrained model already knows,
but cannot discover solutions from scratch when their initial probability is negligible.

4 LEVERAGE SYNTHETIC DATA TO PROBE THE GENERALIZATION OF GRPO
To evaluate GRPO’s generalization capabilities, we use a controlled framework with four synthetic
datasets. Each is designed to isolate a distinct distributional shift (e.g., reasoning depth, input length,
token representation, or compositional reasoning) and is split into in-distribution (DID) and out-of-
distribution (DOOD) sources, as illustrated in Figure 2 and Table 1. For each of the four settings, we
train transformer models from scratch using a three-stage pipeline: pretraining on 67 million sam-
ples, followed by fine-tuning with 2,000 SFT examples and 1,000 GRPO samples (see Appendix B.2
for full hyperparameter details). Pre-training uses a mixture of DID and DOOD, while SFT use only
DID and GRPO uses either DID or DOOD. This totals 268 million unique samples across all experi-
ments. We measure performance on ID test sets (to assess retention) against OOD test sets (to assess
generalization), revealing how GRPO handles specific generalization challenges.
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Figure 2: Our overall framework to probe the generalization limits of GRPO. We train transformers
from scratch with synthetic data and evaluate generalization in four settings: (1) reasoning depth,
(2) input length, (3) token representation, and (4) compositional reasoning.

4.1 TASK DEFINITON

To construct tasks for LLMs to be trained on, we consider operations over fixed-length strings. Let
Σ be a finite alphabet and k ≥ 1. For an input x = (x0, x1, . . . , xk−1) ∈ Σk, we define two
operations: graph traversal and cyclic shift.

Graph Traversal. Let σ : Σ → Σ be a permutation, represented as a mapping of a directed graph
Gσ = (Σ, {(u, σ(u)) : u ∈ Σ}). The traversal operator Tσ applies σ to each symbol:

Tσ(x0, . . . , xk−1) = (σ(x0), . . . , σ(xk−1)).

Cyclic Shift. The shift operator R performs a one-step left rotation of the sequence:

R(x0, x1, . . . , xk−1) = (x1, x2, . . . , xk−1, x0).

Composition. Let S = (f1, f2, . . . , fm) be a sequence of operators, where each fi ∈ {T,R}. Then
the composition fS = fm ◦ fm−1 ◦ · · · ◦ f1, and the output for input x is x̂ = fS(x).

Learning Task. The model is trained to approximate the mapping x 7→ x̂, given an input sequence
x and an operator sequence S. Each intermediate state e(j) = fj ◦ · · · ◦ f1(x) serves as a reasoning
step to reach the output.

Test Label Input Output

Reasoning Depth 1 Step TSKE3 <trav> ⇒ 4EUOT
2 Steps TSKE3 <trav><trav> ⇒ 4EUOT <trav> ⇒ RO1K4
3 Steps TSKE3 <trav><trav><trav> ⇒ 4EUOT <trav><trav> ⇒ RO1K4 <trav> ⇒ VKDUR

Input Length 5 Chars 4CMKQ+++ <trav> ⇒ RG6U5+++
6 Chars 4CMKQE++ <trav> ⇒ RG6U5O++
7 Chars 4CMKQE6+ <trav> ⇒ RG6U5OJ+

Token Rep. Orig. EOCNS <trav> ⇒ RGUSP
Alt. eocns <trav> ⇒ rgusp
Mixed EoCNs <trav> ⇒ RgUSp

Composition Trav-Only TSKE3 <trav><trav> ⇒ 4EUOT <trav> ⇒ RO1K4
Shift-Only TSKE3 <shift><shift> ⇒ SKE3T <shift> ⇒ KE3TS
Composite TSKE3 <trav><shift> ⇒ 4EUOT <shift> ⇒ EUOT4

Table 1: Synthetic data samples for each generalization test.

4.2 ID–OOD DEFINITION

Let a dataset instance be a triple (x, S, x̂), where x ∈ Σk is an input of length k from an alphabet Σ,
S = (f1, . . . , fm) is a sequence of operators from {Tσ, R}, and x̂ = fS(x) is the output.

• Reasoning Depth. Fix the token Σ, graph mapping σ, and input length k = 5, so any input
x ∈ Σ5. Let Gm be the set of operators where S is m steps of Tσ . We change the number of
reasoning steps (m) to construct ID and OOD datasets:

Ddepth
ID = {(x, S, x̂) : S ∈ G1 ∪ G2}, Ddepth

OOD = {(x, S, x̂) : S ∈ G3}.

5
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Figure 3: Reasoning depth generalization. Top row (a–c): models pretrained on shallow reasoning
(1–2 steps, ID) mixed with deeper reasoning (3 steps, OOD). Bottom row (d–f): models pretrained
on deep reasoning (2–3 steps, ID) mixed with shallower reasoning (1 step, OOD).

• Input Length. Fix the token Σ and graph mapping σ, Set the operator S = (Tσ). We vary the
input length (k) to construct ID and OOD datasets:

Dlen
ID = {(x, S, x̂) : x ∈ Σk, k ∈ {5, 6}}, Dlen

OOD = {(x, S, x̂) : x ∈ Σ7}.

• Token Representation. Fix the input length k = 5. Let Σorig and Σalt be disjoint token sets with
a bijection π : Σorig → Σalt and σalt = π ◦ σorig ◦ π−1. We vary the token set (Σ) to construct
ID, OOD, and Mixed datasets:

Dtok
ID = {(x, S, x̂) : x ∈ Σ5

orig, S = (Tσorig)}, Dtok
OOD = {(x, S, x̂) : x ∈ Σ5

alt, S = (Tσalt
)},

Dtok
Mixed = {(x, S, x̂) : x ∈ (Σorig ∪ Σalt)

5, S = (Tσorig⊔σalt
)}.

• Compositional Reasoning. Fix the token set Σ and graph mapping σ, input length k = 5, so any
input x ∈ Σ5. We compose operators (S) to construct ID and OOD datasets:

Dcomp
ID = {(x, S, x̂) : S ∈ {(T 2

σ ), (R
2)}}, Dcomp

OOD = {(x, S, x̂) : S ∈ {(R, Tσ), (Tσ, R)}}.

4.3 MODEL CONFIGURATION

We experiment with small Llama-decoder-based transformers to enable efficient training and eval-
uation while retaining the architectural characteristics of modern LLMs. Specifically, our model
uses a hidden dimension dmodel = 512, intermediate feed-forward dimension dff = 1376, number
of layers L = 4, and number of attention heads h = 8. We adopt rotary position embeddings with
parameter θrope = 10,000 and apply RMSNorm with ϵ = 10−6. The total number of parameters of
the model is around 45 million.

5 EXPERIMENTS

5.1 REASONING DEPTH GENERALIZATION

A critical dimension of reasoning is the ability to dynamically adapt deductive depth to a problem’s
intrinsic complexity. For challenging tasks, a model must extrapolate beyond its training, composing
longer and more intricate chains of thought. Conversely, a model trained only on complex problems
can become brittle on simpler tasks where a briefer, more direct solution is optimal. Our reasoning
depth generalization test investigates this flexibility: Does GRPO generalize to both greater and
shallower reasoning depths?

Experimental setup. For deeper generalization, models are trained on 1- and 2-step tasks (ID) and
evaluated on 3-step tasks (OOD). A symmetric experiment for shallower generalization defines 2-
and 3-step tasks as ID and 1-step tasks as OOD. To analyze data distribution’s impact, we pretrain
models on mixtures ranging from purely ID data (e.g., 50% 1-step, 50% 2-step, 0% 3-step) to a
uniform mix across all depths. Models are then supervise-finetuned on the ID dataset, and GRPO is
applied using either ID or OOD data.

6
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Figure 4: Input length generalization. Top row (a–c): models pretrained on shorter sequences (5–6
chars, ID) mixed with longer OOD sequences (7 chars, OOD). Bottom row (d–f): models pretrained
on longer sequences (6–7 chars, ID) mixed with shorter OOD sequences (5 chars, OOD).

Findings. To ensure GRPO’s effectiveness, a model must be pretrained on sequences of similar
depth. For instance, in the deeper generalization setting (ID: 1- & 2-step, OOD: 3-step), when
trained only on 1- and 2-step tasks, the model retains high ID accuracy but completely fails on
3-step tasks even after GRPO (Figure 3c). However, introducing 3-step data in pretraining boosts
3-step performance substantially, with exact match increasing by 8% to 39% as the OOD ratio
grows from 2.5% to 33.3%. A smaller ID–OOD gap facilitates ID-OOD transfer: GRPO with 2-
step data improves 3-step accuracy, whereas 1-step data does not produce gains (Figure 3c). In the
shallower generalization setting (ID: 2- & 3-step, OOD: 1-step), the model again achieves 0% on
OOD without exposure (Figure 3d). However, GRPO using 1-step OOD data markedly improves
1-step performance. This is possible because 1-step reasoning is an encoded sub-component of the
more complex 2- and 3-step tasks seen during pretraining. The exact match improves by 6% to
36% as the OOD ratio grows from 0% to 33.3%. In both settings, th already-saturated ID depths
show little to no improvement (Figure 3a,b,e,f). Collectively, these results show that GRPO does
not extrapolate to unseen depths; it transfers when the OOD length has already been seen, and the
magnitude of improvement scales with the proportion of similar data available during pretraining.

5.2 INPUT LENGTH GENERALIZATION

The capacity to handle inputs of varied and unforeseen lengths is a fundamental test of a language
model’s generalizability. Models must not only extrapolate to capture dependencies in documents
longer than any seen during training but also remain effective on concise, information-dense queries.
Our input length generalization test is designed to answer: Does GRPO enable generalization to both
longer and shorter inputs than those seen during training?

Experimental setup. For generalization to longer inputs, 5- and 6-character sequences are ID, and
7-character sequences are OOD. The process involves pretraining on data mixes ranging from purely
ID (50% 5-char, 50% 6-char, 0% 7-char) to a uniform ratio. We then fine-tune on ID data and apply
GRPO with either ID-only or OOD-only data. A complementary experiment on generalization to
shorter inputs defines 6- and 7-character sequences as ID and 5-character sequences as OOD.

Findings. For longer input generalization (ID: 5- & 6-char, OOD: 7-char), GRPO is ineffective if the
model has zero prior exposure, failing to improve upon a 0% exact match. However, once the base
model gains a foundation through pretraining with 7-char data, GRPO provides a significant gain,
peaking with a 21% improvement when the pretraining mix contains 12.5% OOD data. Conversely,
for shorter input generalization (ID: 6- & 7-char, OOD: 5-char), increasing the OOD pretraining data
improves the BLEU scores of the base model but fails to improve the exact match. This is due to a
specific failure mode where the model does not generate the correct number of padding tokens (see
Appendix D.1), and GRPO cannot recover an exact match in this case. And since the BLEU scores
are already high for both ID and OOD with a small 2.5% 7-char data exposure, GRPO finetuning
offers no improvement on BLEU scores (Figure 4d,e,f). This demonstrates GRPO’s core limitation:
it is not does not work for completely unaligned models, nor is it useful for already optimized tasks.

7



378
379
380
381
382
383
384
385
386
387
388
389
390
391
392
393
394
395
396
397
398
399
400
401
402
403
404
405
406
407
408
409
410
411
412
413
414
415
416
417
418
419
420
421
422
423
424
425
426
427
428
429
430
431

Under review as a conference paper at ICLR 2026

Instead, it excels in a moderate gap, when the base model is partially aligned but still has a clear and
bridgeable gap to optimal performance.

5.3 TOKEN REPRESENTATION GENERALIZATION

An effective reasoning model should grasp the underlying logic of a task, regardless of its surface-
level presentation. For example, the core logic for implementing an algorithm is the same whether
one is writing code in Python or Java. A model that can perform well in these scenarios demonstrates
an ability to focus on this core logic rather than memorizing superficial patterns in the input. This
motivates our input representation generalization test, which examines the following question: Does
GRPO enable generalization to different representations that share the same underlying structures?

Experimental setup. We test generalization to new token representations while preserving the
underlying task logic. The ID task involves graph traversal using a graph built from the original
token set, while the OOD task applies identical logic to an isomorphic graph built from an alternative
token set. Models are pretrained on data mixtures ranging from 100% ID data to a 50/50 ID-OOD
split. After fine-tuning on ID-only data, we apply GRPO using either ID or OOD data to measure
generalization. Finally, we evaluate robustness by mixing ID inputs with 1-3 OOD tokens.

Figure 5: Token representa-
tion generalization.
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Figure 6: Performance on mixed inputs.

Findings. The base model pretrained only on ID tokens achieves 0% exact match on OOD tokens,
even after GRPO (Figure 5b). Only incorporating OOD tokens in pretraining steadily improves
OOD base performance, and GRPO then becomes effective, boosting performance by up to 30%
with gains peaking at 25% OOD data. By contrast, GRPO on ID data cannot raise ID performance,
as it is already 98%, and even degrades OOD performance (Figure 5a). Moreover, GRPO’s benefit
is not robust against token mixing: when ID inputs are mixed with even a single OOD token, base
and GRPO models perform equally poorly (Figure 6). This shows GRPO adapts to specific token
vocabularies rather than instilling robustness against token mixing. Therefore, GRPO heavily relies
on sharpening biases from pretraining tokens: a larger OOD token ratio during pretraining induces
a larger improvement until near saturation, but GRPO’s improvement does not translate to token
mixing, even when the inputs share an identical task structure.

5.4 COMPOSITIONAL REASONING GENERALIZATION

Sophisticated problem-solving demands the ability to combine learned skills in novel sequences.
For instance, an LLM agent trained on atomic API calls may need to chain them, dynamically using
the output of one function as the input for another to solve a more complex task. We therefore
investigate: Does GRPO enable generalization to novel compositions of learned operations?

Experimental setup. We test compositional generalization using traversal and shift operations, with
all tasks fixed to a two-step process to control for length. ID tasks are single operations (traversal-
only or shift-only), while the OOD task is their composition: shift+ traversal. Models are pretrained
on data mixtures ranging from purely ID data (50% traversal-only, 50% shift-only) to a uniform mix.
After fine-tuning on the ID set, we apply GRPO using either ID-only or OOD-only data. A similar
experiment uses the reverse composition, traversal + shift, as the OOD task.
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Figure 7: Compositional reasoning generalization with varying pretraining ratios. Top row (a-c):
models pretrained on separate tasks (ID: trav+trav and shift+shift) are progressively mixed with the
composite task (OOD: shift+trav). Bottom row (d-f): OOD task is trav+shift instead.

Findings. A base model pretrained only on singular ID tasks (traversal-only, shift-only) fails com-
pletely on the composite OOD task with 0% exact match, and GRPO provides no improvement.
Composite performance improves only when composite data are included in pretraining; even 2.5%
OOD exposure yields 75% exact match. With this foundation, GRPO becomes useful, showing up to
+6% for shift+ traversal at 5% OOD (Figure 7c) and +10% for traversal+shift at 2.5% OOD (Fig-
ure 7f). Thus, modest OOD ratios create sufficient task alignment for GRPO to enhance composite
reasoning. Conversely, GRPO on ID data mainly reinforces ID performance (Figure 7a,b,d,e), with
marginal benefits to OOD due to shared skills (Figure 7c,f). Overall, GRPO cannot induce compos-
ite reasoning from singular-task pretraining alone, but once the model sees even limited composite
data, GRPO can amplify this capability by training on either singular or composite tasks.

6 SUPPLEMENTARY ANALYSIS ON GENERALIZATION
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Figure 8: Exact match with varying tempera-
tures in token generalization.
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Figure 9: Exact match with 0.5B model
in token generalization.

The effects of temperature on OOD. For token representation generalization, as we do not see any
ID-OOD transfer, we further examine the influence of sampling temperature in this setting. We vary
the sampling temperature from 0.1 to 0.9 for evaluation and observe that varying the temperature
leads to small variance but still does not promote ID-OOD transfer, showing that our findings are
consistent across temperatures.

The effect of different parameter size. We scale up the base model to 0.5B parameters to test token
representation generalization. Consistent with previous findings, GRPO provides no gains without
exposure to alternative tokens. Only by introducing them during pre-training does GRPO improve
performance. However, we still observe no ID-OOD transfer, but rather significant forgetting. This
indicates that token generalization remains a difficult challenge, even for larger models.

7 CONCLUSIONS

This work reframes GRPO as a conservative reweighting mechanism that sharpens existing induc-
tive biases rather than discovering new reasoning. We prove it operates based on the base model’s
distribution, making it unable to generate solutions outside the scope. We conduct controlled ex-
periments with transformers trained from scratch to confirm this boundary: OOD generalization
occurs only when the target task aligns with the model’s inherent biases. A smaller alignment gap
yields larger gains until saturation, but without pretraining on the OOD task, GRPO brings no im-
provement. These findings explain GRPO’s inconsistent gains—its success depends on task–bias
overlap—highlighting the need for algorithms that explicitly expand the solution space.
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REPRODUCIBILITY STATEMENT
We have taken several measures to ensure the reproducibility of our results. All hyperparameters for
training and evaluation are documented in Appendix B. The main paper provides a clear description
of our theoretical framework, with complete proofs presented in Appendix C. Our experimental
setup is described in detail in Section 4, where we define the synthetic datasets, task formulations,
and ID–OOD splits, with representative examples shown in Table 1.
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Zhang, Pengwei Li, Petar Vasic, Peter Weng, Prajjwal Bhargava, Pratik Dubal, Praveen Krishnan,
Punit Singh Koura, Puxin Xu, Qing He, Qingxiao Dong, Ragavan Srinivasan, Raj Ganapathy, Ra-
mon Calderer, Ricardo Silveira Cabral, Robert Stojnic, Roberta Raileanu, Rohan Maheswari, Ro-
hit Girdhar, Rohit Patel, Romain Sauvestre, Ronnie Polidoro, Roshan Sumbaly, Ross Taylor, Ruan
Silva, Rui Hou, Rui Wang, Saghar Hosseini, Sahana Chennabasappa, Sanjay Singh, Sean Bell,
Seohyun Sonia Kim, Sergey Edunov, Shaoliang Nie, Sharan Narang, Sharath Raparthy, Sheng
Shen, Shengye Wan, Shruti Bhosale, Shun Zhang, Simon Vandenhende, Soumya Batra, Spencer
Whitman, Sten Sootla, Stephane Collot, Suchin Gururangan, Sydney Borodinsky, Tamar Herman,
Tara Fowler, Tarek Sheasha, Thomas Georgiou, Thomas Scialom, Tobias Speckbacher, Todor Mi-
haylov, Tong Xiao, Ujjwal Karn, Vedanuj Goswami, Vibhor Gupta, Vignesh Ramanathan, Viktor
Kerkez, Vincent Gonguet, Virginie Do, Vish Vogeti, Vı́tor Albiero, Vladan Petrovic, Weiwei
Chu, Wenhan Xiong, Wenyin Fu, Whitney Meers, Xavier Martinet, Xiaodong Wang, Xiaofang
Wang, Xiaoqing Ellen Tan, Xide Xia, Xinfeng Xie, Xuchao Jia, Xuewei Wang, Yaelle Gold-
schlag, Yashesh Gaur, Yasmine Babaei, Yi Wen, Yiwen Song, Yuchen Zhang, Yue Li, Yuning
Mao, Zacharie Delpierre Coudert, Zheng Yan, Zhengxing Chen, Zoe Papakipos, Aaditya Singh,
Aayushi Srivastava, Abha Jain, Adam Kelsey, Adam Shajnfeld, Adithya Gangidi, Adolfo Victoria,

10

https://arxiv.org/abs/2502.13344
https://arxiv.org/abs/2502.13344


540
541
542
543
544
545
546
547
548
549
550
551
552
553
554
555
556
557
558
559
560
561
562
563
564
565
566
567
568
569
570
571
572
573
574
575
576
577
578
579
580
581
582
583
584
585
586
587
588
589
590
591
592
593

Under review as a conference paper at ICLR 2026

Ahuva Goldstand, Ajay Menon, Ajay Sharma, Alex Boesenberg, Alexei Baevski, Allie Feinstein,
Amanda Kallet, Amit Sangani, Amos Teo, Anam Yunus, Andrei Lupu, Andres Alvarado, An-
drew Caples, Andrew Gu, Andrew Ho, Andrew Poulton, Andrew Ryan, Ankit Ramchandani, An-
nie Dong, Annie Franco, Anuj Goyal, Aparajita Saraf, Arkabandhu Chowdhury, Ashley Gabriel,
Ashwin Bharambe, Assaf Eisenman, Azadeh Yazdan, Beau James, Ben Maurer, Benjamin Leon-
hardi, Bernie Huang, Beth Loyd, Beto De Paola, Bhargavi Paranjape, Bing Liu, Bo Wu, Boyu
Ni, Braden Hancock, Bram Wasti, Brandon Spence, Brani Stojkovic, Brian Gamido, Britt Mon-
talvo, Carl Parker, Carly Burton, Catalina Mejia, Ce Liu, Changhan Wang, Changkyu Kim, Chao
Zhou, Chester Hu, Ching-Hsiang Chu, Chris Cai, Chris Tindal, Christoph Feichtenhofer, Cynthia
Gao, Damon Civin, Dana Beaty, Daniel Kreymer, Daniel Li, David Adkins, David Xu, Davide
Testuggine, Delia David, Devi Parikh, Diana Liskovich, Didem Foss, Dingkang Wang, Duc Le,
Dustin Holland, Edward Dowling, Eissa Jamil, Elaine Montgomery, Eleonora Presani, Emily
Hahn, Emily Wood, Eric-Tuan Le, Erik Brinkman, Esteban Arcaute, Evan Dunbar, Evan Smoth-
ers, Fei Sun, Felix Kreuk, Feng Tian, Filippos Kokkinos, Firat Ozgenel, Francesco Caggioni,
Frank Kanayet, Frank Seide, Gabriela Medina Florez, Gabriella Schwarz, Gada Badeer, Georgia
Swee, Gil Halpern, Grant Herman, Grigory Sizov, Guangyi, Zhang, Guna Lakshminarayanan,
Hakan Inan, Hamid Shojanazeri, Han Zou, Hannah Wang, Hanwen Zha, Haroun Habeeb, Harri-
son Rudolph, Helen Suk, Henry Aspegren, Hunter Goldman, Hongyuan Zhan, Ibrahim Damlaj,
Igor Molybog, Igor Tufanov, Ilias Leontiadis, Irina-Elena Veliche, Itai Gat, Jake Weissman, James
Geboski, James Kohli, Janice Lam, Japhet Asher, Jean-Baptiste Gaya, Jeff Marcus, Jeff Tang, Jen-
nifer Chan, Jenny Zhen, Jeremy Reizenstein, Jeremy Teboul, Jessica Zhong, Jian Jin, Jingyi Yang,
Joe Cummings, Jon Carvill, Jon Shepard, Jonathan McPhie, Jonathan Torres, Josh Ginsburg, Jun-
jie Wang, Kai Wu, Kam Hou U, Karan Saxena, Kartikay Khandelwal, Katayoun Zand, Kathy
Matosich, Kaushik Veeraraghavan, Kelly Michelena, Keqian Li, Kiran Jagadeesh, Kun Huang,
Kunal Chawla, Kyle Huang, Lailin Chen, Lakshya Garg, Lavender A, Leandro Silva, Lee Bell,
Lei Zhang, Liangpeng Guo, Licheng Yu, Liron Moshkovich, Luca Wehrstedt, Madian Khabsa,
Manav Avalani, Manish Bhatt, Martynas Mankus, Matan Hasson, Matthew Lennie, Matthias
Reso, Maxim Groshev, Maxim Naumov, Maya Lathi, Meghan Keneally, Miao Liu, Michael L.
Seltzer, Michal Valko, Michelle Restrepo, Mihir Patel, Mik Vyatskov, Mikayel Samvelyan, Mike
Clark, Mike Macey, Mike Wang, Miquel Jubert Hermoso, Mo Metanat, Mohammad Rastegari,
Munish Bansal, Nandhini Santhanam, Natascha Parks, Natasha White, Navyata Bawa, Nayan
Singhal, Nick Egebo, Nicolas Usunier, Nikhil Mehta, Nikolay Pavlovich Laptev, Ning Dong,
Norman Cheng, Oleg Chernoguz, Olivia Hart, Omkar Salpekar, Ozlem Kalinli, Parkin Kent,
Parth Parekh, Paul Saab, Pavan Balaji, Pedro Rittner, Philip Bontrager, Pierre Roux, Piotr Dollar,
Polina Zvyagina, Prashant Ratanchandani, Pritish Yuvraj, Qian Liang, Rachad Alao, Rachel Ro-
driguez, Rafi Ayub, Raghotham Murthy, Raghu Nayani, Rahul Mitra, Rangaprabhu Parthasarathy,
Raymond Li, Rebekkah Hogan, Robin Battey, Rocky Wang, Russ Howes, Ruty Rinott, Sachin
Mehta, Sachin Siby, Sai Jayesh Bondu, Samyak Datta, Sara Chugh, Sara Hunt, Sargun Dhillon,
Sasha Sidorov, Satadru Pan, Saurabh Mahajan, Saurabh Verma, Seiji Yamamoto, Sharadh Ra-
maswamy, Shaun Lindsay, Shaun Lindsay, Sheng Feng, Shenghao Lin, Shengxin Cindy Zha,
Shishir Patil, Shiva Shankar, Shuqiang Zhang, Shuqiang Zhang, Sinong Wang, Sneha Agarwal,
Soji Sajuyigbe, Soumith Chintala, Stephanie Max, Stephen Chen, Steve Kehoe, Steve Satter-
field, Sudarshan Govindaprasad, Sumit Gupta, Summer Deng, Sungmin Cho, Sunny Virk, Suraj
Subramanian, Sy Choudhury, Sydney Goldman, Tal Remez, Tamar Glaser, Tamara Best, Thilo
Koehler, Thomas Robinson, Tianhe Li, Tianjun Zhang, Tim Matthews, Timothy Chou, Tzook
Shaked, Varun Vontimitta, Victoria Ajayi, Victoria Montanez, Vijai Mohan, Vinay Satish Ku-
mar, Vishal Mangla, Vlad Ionescu, Vlad Poenaru, Vlad Tiberiu Mihailescu, Vladimir Ivanov,
Wei Li, Wenchen Wang, Wenwen Jiang, Wes Bouaziz, Will Constable, Xiaocheng Tang, Xiao-
jian Wu, Xiaolan Wang, Xilun Wu, Xinbo Gao, Yaniv Kleinman, Yanjun Chen, Ye Hu, Ye Jia,
Ye Qi, Yenda Li, Yilin Zhang, Ying Zhang, Yossi Adi, Youngjin Nam, Yu, Wang, Yu Zhao,
Yuchen Hao, Yundi Qian, Yunlu Li, Yuzi He, Zach Rait, Zachary DeVito, Zef Rosnbrick, Zhao-
duo Wen, Zhenyu Yang, Zhiwei Zhao, and Zhiyu Ma. The llama 3 herd of models, 2024. URL
https://arxiv.org/abs/2407.21783.

Dan Hendrycks, Collin Burns, Saurav Kadavath, Akul Arora, Steven Basart, Eric Tang, Dawn Song,
and Jacob Steinhardt. Measuring mathematical problem solving with the math dataset. arXiv
preprint arXiv:2103.03874, 2021. URL https://arxiv.org/abs/2103.03874.

Zichen Liu, Changyu Chen, Wenjun Li, Penghui Qi, Tianyu Pang, Chao Du, Wee Sun Lee, and Min
Lin. Understanding r1-zero-like training: A critical perspective, 2025. URL https://arxiv.

11

https://arxiv.org/abs/2407.21783
https://arxiv.org/abs/2103.03874
https://arxiv.org/abs/2503.20783
https://arxiv.org/abs/2503.20783
https://arxiv.org/abs/2503.20783


594
595
596
597
598
599
600
601
602
603
604
605
606
607
608
609
610
611
612
613
614
615
616
617
618
619
620
621
622
623
624
625
626
627
628
629
630
631
632
633
634
635
636
637
638
639
640
641
642
643
644
645
646
647

Under review as a conference paper at ICLR 2026

org/abs/2503.20783.

Xingtai Lv, Yuxin Zuo, Youbang Sun, Hongyi Liu, Yuntian Wei, Zhekai Chen, Lixuan He, Xuekai
Zhu, Kaiyan Zhang, Bingning Wang, Ning Ding, and Bowen Zhou. Towards a unified view of
large language model post-training, 2025. URL https://arxiv.org/abs/2509.04419.

Ankit Pal, Logesh Kumar Umapathi, and Malaikannan Sankarasubbu. Medmcqa: A large-scale
multi-subject multi-choice dataset for medical domain question answering. In Proceedings of the
Conference on Health, Inference, and Learning, volume 174 of Proceedings of Machine Learning
Research, pp. 248–260. PMLR, 2022. URL https://proceedings.mlr.press/v174/
pal22a.html.

Qwen, :, An Yang, Baosong Yang, Beichen Zhang, Binyuan Hui, Bo Zheng, Bowen Yu, Chengyuan
Li, Dayiheng Liu, Fei Huang, Haoran Wei, Huan Lin, Jian Yang, Jianhong Tu, Jianwei Zhang,
Jianxin Yang, Jiaxi Yang, Jingren Zhou, Junyang Lin, Kai Dang, Keming Lu, Keqin Bao, Kexin
Yang, Le Yu, Mei Li, Mingfeng Xue, Pei Zhang, Qin Zhu, Rui Men, Runji Lin, Tianhao Li,
Tianyi Tang, Tingyu Xia, Xingzhang Ren, Xuancheng Ren, Yang Fan, Yang Su, Yichang Zhang,
Yu Wan, Yuqiong Liu, Zeyu Cui, Zhenru Zhang, and Zihan Qiu. Qwen2.5 technical report, 2025.
URL https://arxiv.org/abs/2412.15115.

Soumya Rani Samineni, Durgesh Kalwar, Karthik Valmeekam, Kaya Stechly, and Subbarao Kamb-
hampati. RL in Name Only? Analyzing the Structural Assumptions in RL post-training for LLMs,
May 2025. URL http://arxiv.org/abs/2505.13697. arXiv:2505.13697 [cs].

Rulin Shao, Shuyue Stella Li, Rui Xin, Scott Geng, Yiping Wang, Sewoong Oh, Simon Shaolei Du,
Nathan Lambert, Sewon Min, Ranjay Krishna, Yulia Tsvetkov, Hannaneh Hajishirzi, Pang Wei
Koh, and Luke Zettlemoyer. Spurious Rewards: Rethinking Training Signals in RLVR, June
2025. URL http://arxiv.org/abs/2506.10947. arXiv:2506.10947 [cs].

Zhihong Shao, Peiyi Wang, Qihao Zhu, Runxin Xu, Junxiao Song, Xiao Bi, Haowei Zhang,
Mingchuan Zhang, Y. K. Li, Y. Wu, and Daya Guo. DeepSeekMath: Pushing the Limits of
Mathematical Reasoning in Open Language Models, April 2024. URL http://arxiv.org/
abs/2402.03300. arXiv:2402.03300 [cs].

Jiajun Song, Zhuoyan Xu, and Yiqiao Zhong. Out-of-distribution generalization via composition: a
lens through induction heads in Transformers, December 2024. URL http://arxiv.org/
abs/2408.09503. arXiv:2408.09503 [cs].

Yi Su, Dian Yu, Linfeng Song, Juntao Li, Haitao Mi, Zhaopeng Tu, Min Zhang, and Dong Yu.
Crossing the reward bridge: Expanding rl with verifiable rewards across diverse domains, 2025.
URL https://arxiv.org/abs/2503.23829.

Yiyou Sun, Shawn Hu, Georgia Zhou, Ken Zheng, Hannaneh Hajishirzi, Nouha Dziri, and Dawn
Song. OMEGA: Can LLMs Reason Outside the Box in Math? Evaluating Exploratory, Com-
positional, and Transformative Generalization, June 2025. URL http://arxiv.org/abs/
2506.18880. arXiv:2506.18880 [cs].

Alon Talmor, Jonathan Herzig, Nicholas Lourie, and Jonathan Berant. Commonsenseqa: A question
answering challenge targeting commonsense knowledge. In Proceedings of the 2019 Conference
of the North American Chapter of the Association for Computational Linguistics (NAACL), 2019.
URL https://aclanthology.org/N19-1421/.

Jiayu Wang, Yifei Ming, Zixuan Ke, Caiming Xiong, Shafiq Joty, Aws Albarghouthi, and Frederic
Sala. Beyond Accuracy: Dissecting Mathematical Reasoning for LLMs Under Reinforcement
Learning, June 2025a. URL http://arxiv.org/abs/2506.04723. arXiv:2506.04723
[cs].

Qixun Wang, Yifei Wang, Yisen Wang, and Xianghua Ying. Can In-context Learning Really Gener-
alize to Out-of-distribution Tasks?, December 2024. URL http://arxiv.org/abs/2410.
09695. arXiv:2410.09695 [cs].

12

https://arxiv.org/abs/2503.20783
https://arxiv.org/abs/2503.20783
https://arxiv.org/abs/2503.20783
https://arxiv.org/abs/2509.04419
https://proceedings.mlr.press/v174/pal22a.html
https://proceedings.mlr.press/v174/pal22a.html
https://arxiv.org/abs/2412.15115
http://arxiv.org/abs/2505.13697
http://arxiv.org/abs/2506.10947
http://arxiv.org/abs/2402.03300
http://arxiv.org/abs/2402.03300
http://arxiv.org/abs/2408.09503
http://arxiv.org/abs/2408.09503
https://arxiv.org/abs/2503.23829
http://arxiv.org/abs/2506.18880
http://arxiv.org/abs/2506.18880
https://aclanthology.org/N19-1421/
http://arxiv.org/abs/2506.04723
http://arxiv.org/abs/2410.09695
http://arxiv.org/abs/2410.09695


648
649
650
651
652
653
654
655
656
657
658
659
660
661
662
663
664
665
666
667
668
669
670
671
672
673
674
675
676
677
678
679
680
681
682
683
684
685
686
687
688
689
690
691
692
693
694
695
696
697
698
699
700
701

Under review as a conference paper at ICLR 2026

Xinyi Wang, Antonis Antoniades, Yanai Elazar, Alfonso Amayuelas, Alon Albalak, Kexun Zhang,
and William Yang Wang. Generalization v.s. Memorization: Tracing Language Models’ Capabili-
ties Back to Pretraining Data, March 2025b. URL http://arxiv.org/abs/2407.14985.
arXiv:2407.14985 [cs].

Yiping Wang, Qing Yang, Zhiyuan Zeng, Liliang Ren, Liyuan Liu, Baolin Peng, Hao Cheng, Xuehai
He, Kuan Wang, Jianfeng Gao, Weizhu Chen, Shuohang Wang, Simon Shaolei Du, and Yelong
Shen. Reinforcement learning for reasoning in large language models with one training example,
2025c. URL https://arxiv.org/abs/2504.20571.

Yu Wang, Fu-Chieh Chang, and Pei-Yuan Wu. Chain-of-Thought Prompting for Out-of-Distribution
Samples: A Latent-Variable Study, April 2025d. URL http://arxiv.org/abs/2504.
12991. arXiv:2504.12991 [cs] version: 1.

Jason Wei, Xuezhi Wang, Dale Schuurmans, Maarten Bosma, Fei Xia, Ed Chi, Quoc V Le, Denny
Zhou, et al. Chain-of-thought prompting elicits reasoning in large language models. Advances in
neural information processing systems, 35:24824–24837, 2022.

Fang Wu, Weihao Xuan, Ximing Lu, Zaid Harchaoui, and Yejin Choi. The Invisible Leash: Why
RLVR May Not Escape Its Origin, July 2025a. URL http://arxiv.org/abs/2507.
14843. arXiv:2507.14843 [cs].

Mingqi Wu, Zhihao Zhang, Qiaole Dong, Zhiheng Xi, Jun Zhao, Senjie Jin, Xiaoran Fan, Yuhao
Zhou, Yanwei Fu, Qin Liu, Songyang Zhang, and Qi Zhang. Reasoning or Memorization?
Unreliable Results of Reinforcement Learning Due to Data Contamination, July 2025b. URL
http://arxiv.org/abs/2507.10532. arXiv:2507.10532 [cs].

Yongliang Wu, Yizhou Zhou, Zhou Ziheng, Yingzhe Peng, Xinyu Ye, Xinting Hu, Wenbo Zhu,
Lu Qi, Ming-Hsuan Yang, and Xu Yang. On the Generalization of SFT: A Reinforcement Learn-
ing Perspective with Reward Rectification, August 2025c. URL http://arxiv.org/abs/
2508.05629. arXiv:2508.05629 [cs].

Shihui Yang, Chengfeng Dou, Peidong Guo, Kai Lu, Qiang Ju, Fei Deng, and Rihui Xin. DCPO:
Dynamic Clipping Policy Optimization, September 2025. URL http://arxiv.org/abs/
2509.02333. arXiv:2509.02333 [cs].

Xinhao Yao, Ruifeng Ren, Yun Liao, and Yong Liu. Unveiling the Mechanisms of Explicit CoT
Training: How CoT Enhances Reasoning Generalization, May 2025. URL http://arxiv.
org/abs/2502.04667. arXiv:2502.04667 [cs].

Qiying Yu, Zheng Zhang, Ruofei Zhu, Yufeng Yuan, Xiaochen Zuo, Yu Yue, Weinan Dai, Tiantian
Fan, Gaohong Liu, Lingjun Liu, Xin Liu, Haibin Lin, Zhiqi Lin, Bole Ma, Guangming Sheng,
Yuxuan Tong, Chi Zhang, Mofan Zhang, Wang Zhang, Hang Zhu, Jinhua Zhu, Jiaze Chen,
Jiangjie Chen, Chengyi Wang, Hongli Yu, Yuxuan Song, Xiangpeng Wei, Hao Zhou, Jingjing
Liu, Wei-Ying Ma, Ya-Qin Zhang, Lin Yan, Mu Qiao, Yonghui Wu, and Mingxuan Wang.
DAPO: An Open-Source LLM Reinforcement Learning System at Scale, May 2025. URL
http://arxiv.org/abs/2503.14476. arXiv:2503.14476 [cs].

Yang Yue, Zhiqi Chen, Rui Lu, Andrew Zhao, Zhaokai Wang, Yang Yue, Shiji Song, and
Gao Huang. Does Reinforcement Learning Really Incentivize Reasoning Capacity in LLMs
Beyond the Base Model?, May 2025. URL http://arxiv.org/abs/2504.13837.
arXiv:2504.13837 [cs].

Yizhuo Zhang, Heng Wang, Shangbin Feng, Zhaoxuan Tan, Xiaochuang Han, Tianxing He, and
Yulia Tsvetkov. Can LLM Graph Reasoning Generalize beyond Pattern Memorization?, October
2024. URL http://arxiv.org/abs/2406.15992. arXiv:2406.15992 [cs].

Chengshuai Zhao, Zhen Tan, Pingchuan Ma, Dawei Li, Bohan Jiang, Yancheng Wang, Yingzhen
Yang, and Huan Liu. Is Chain-of-Thought Reasoning of LLMs a Mirage? A Data Distribution
Lens, August 2025a. URL http://arxiv.org/abs/2508.01191. arXiv:2508.01191
[cs].

Rosie Zhao, Alexandru Meterez, Sham Kakade, Cengiz Pehlevan, Samy Jelassi, and Eran Malach.
Echo Chamber: RL Post-training Amplifies Behaviors Learned in Pretraining, April 2025b. URL
http://arxiv.org/abs/2504.07912. arXiv:2504.07912 [cs].

13

http://arxiv.org/abs/2407.14985
https://arxiv.org/abs/2504.20571
http://arxiv.org/abs/2504.12991
http://arxiv.org/abs/2504.12991
http://arxiv.org/abs/2507.14843
http://arxiv.org/abs/2507.14843
http://arxiv.org/abs/2507.10532
http://arxiv.org/abs/2508.05629
http://arxiv.org/abs/2508.05629
http://arxiv.org/abs/2509.02333
http://arxiv.org/abs/2509.02333
http://arxiv.org/abs/2502.04667
http://arxiv.org/abs/2502.04667
http://arxiv.org/abs/2503.14476
http://arxiv.org/abs/2504.13837
http://arxiv.org/abs/2406.15992
http://arxiv.org/abs/2508.01191
http://arxiv.org/abs/2504.07912


702
703
704
705
706
707
708
709
710
711
712
713
714
715
716
717
718
719
720
721
722
723
724
725
726
727
728
729
730
731
732
733
734
735
736
737
738
739
740
741
742
743
744
745
746
747
748
749
750
751
752
753
754
755

Under review as a conference paper at ICLR 2026

CONTENTS OF THE APPENDIX

A Correlation between GRPO Improvement and Perplexity 15

B Hyperparameters 15

B.1 GRPO Benchmarking . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 15

B.2 Generalization Tests . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 15

C Proofs 15

C.1 Proof of Theorem 1 (closed form, monotonicity, support preservation, saturation) . 16

C.2 Proof of Corollary 1 (marginal-gain monotonicity) . . . . . . . . . . . . . . . . . 16

C.3 Proof of Proposition 1 (small-mass linear bound) . . . . . . . . . . . . . . . . . . 17

C.4 Proof of Proposition 2 (token floors and exponentially small sequence mass) . . . . 17

D Case Studies 17

D.1 Input Length Generalization . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 18

D.2 Token Representation Generalization . . . . . . . . . . . . . . . . . . . . . . . . . 18

D.3 Compositional Reasoning Generalization . . . . . . . . . . . . . . . . . . . . . . 18

E The Use of LLMs 18

14



756
757
758
759
760
761
762
763
764
765
766
767
768
769
770
771
772
773
774
775
776
777
778
779
780
781
782
783
784
785
786
787
788
789
790
791
792
793
794
795
796
797
798
799
800
801
802
803
804
805
806
807
808
809

Under review as a conference paper at ICLR 2026

A CORRELATION BETWEEN GRPO IMPROVEMENT AND PERPLEXITY

We show that for Qwen-2.5-7B, its gains from GRPO on various datasets are inversely correlated
with perplexity scores: a smaller perplexity score corresponds to a larger gain (Table 2).

B HYPERPARAMETERS

B.1 GRPO BENCHMARKING

Task PPL Before After ∆ Acc.

Math 2.56 45.20 76.40 31.20
CommonsenseQA 16.19 58.20 81.90 23.70
MedMCQA 17.63 46.78 57.25 10.47
PharmDB 41.35 57.93 63.10 5.17

Table 2: Qwen2.5 7B: perplexity and accuracy
before/after GRPO. ∆ is the improvement in per-
centage points.

The hyperparameters used for benchmarking
GRPO are consistent across all datasets and
models: learning rate = 3e−6, batch size = 64,
samples per prompt = 8, warmup ratio = 0.1,
KL coefficient = 0.005, and training steps =
30. Evaluations are conducted with tempera-
ture t = 0.3, nucleus sampling p = 0.8, and
maximum sequence length = 3072 tokens.

B.2 GENERALIZATION TESTS

For the generalization tests, the training hyper-
parameters are detailed in Table 3. Correspond-
ing evaluations are performed using a temperature of t = 0.1, nucleus sampling with p = 0.8, and a
maximum sequence length of 256 tokens.

Test Stage LR Batch Samples Warmup KL Epoch / Steps

Reasoning Depth
Pretraining 1e−3 131072 – 0.1 0.005 1 Epoch
SFT 2e−4 64 – 0.1 0.005 1 Epoch
GRPO 3e−6 64 8 0.1 0.005 60 Steps

Input Length
Pretraining 1e−3 131072 – 0.1 0.005 1 Epoch
SFT 2e−4 64 – 0.1 0.005 1 Epoch
GRPO 3e−6 64 8 0.1 0.005 60 Steps

Token Representation
Pretraining 1e−3 131072 – 0.1 0.05 1 Epoch
SFT 1e−4 64 – 0.1 0.05 1 Epoch
GRPO 5e−6 64 8 0.1 0.05 60 Steps

Compositional Reasoning
Pretraining 1e−3 131072 – 0.1 0.005 1 Epoch
SFT 2e−4 64 – 0.1 0.005 1 Epoch
GRPO 3e−6 64 8 0.1 0.005 60 Steps

Table 3: Hyperparameters for each generalization test.

C PROOFS

Throughout, we assume a discrete completion space Y and write Cx = {y ∈ Y : R(x, y) = 1} and
Q(x) = q(Cx | x). Expectations over x are taken with respect to the prompt distribution d and are
omitted when clear. We work pointwise in x and suppress the dependence on x whenever it does
not cause confusion. Let a := eβ

−1

> 1 and define

fβ(Q) :=
aQ

(1−Q) + aQ
and gβ(Q) := fβ(Q)−Q

for Q ∈ [0, 1].
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C.1 PROOF OF THEOREM 1 (CLOSED FORM, MONOTONICITY, SUPPORT PRESERVATION,
SATURATION)

Closed form. Fix any x. Consider

max
π(·|x)

{ ∑
y∈Y

π(y | x)R(x, y) − β
∑
y∈Y

π(y | x) log π(y | x)
q(y | x)

}
s.t.

∑
y

π(y | x) = 1, π(· | x) ≥ 0.

The Lagrangian (with multiplier λ for the simplex constraint) is

L(π, λ) =
∑
y

π(y)R(x, y)− β
∑
y

π(y) log
π(y)

q(y)
+ λ

(∑
y

π(y)− 1
)
.

Stationarity gives, for every y ∈ Y ,

0 =
∂L

∂π(y)
= R(x, y)− β

(
log

π(y)

q(y)
+ 1

)
+ λ ⇐⇒ log

π(y)

q(y)
= β−1R(x, y) + c,

where c = (λ− β)/β is independent of y. Exponentiating and normalizing over y yields the unique
optimum

π⋆
β(y | x) =

q(y | x) exp
(
β−1R(x, y)

)∑
y′ q(y′ | x) exp

(
β−1R(x, y′)

) .
With binary rewards, writing a = eβ

−1

, we obtain

π⋆
β(Cx | x) =

∑
y∈Cx

q(y | x)a∑
y/∈Cx

q(y | x) +
∑

y∈Cx
q(y | x)a

=
aQ(x)

(1−Q(x)) + aQ(x)
= fβ

(
Q(x)

)
.

Monotonicity, support, saturation. For fβ(Q) =
aQ

1 + (a− 1)Q
we have

f ′
β(Q) =

a(
1 + (a− 1)Q

)2 > 0 for all Q ∈ [0, 1],

so fβ is strictly increasing. If Q = 0 then fβ(0) = 0, showing support preservation: whenever
q(Cx | x) = 0, we also have π⋆

β(Cx | x) = 0. Finally, limQ↑1 fβ(Q) = 1, i.e., improvement
saturates as Q → 1.

C.2 PROOF OF COROLLARY 1 (MARGINAL-GAIN MONOTONICITY)

Define the marginal-gain functional

MGainβ(q) := Ex∼d

[
gβ(Q(x))

]
, gβ(Q) = fβ(Q)−Q, fβ(Q) =

aQ

1 + (a− 1)Q
, a = eβ

−1

> 1.

A direct calculation gives

g′β(Q) = f ′
β(Q)− 1 =

a(
1 + (a− 1)Q

)2 − 1.

Thus g′β(Q) ≥ 0 exactly on Q ∈ [0, τ(a)] where

τ(a) :=

√
a− 1

a− 1
since g′β(Q) ≥ 0 ⇐⇒ 1 + (a− 1)Q ≤

√
a.

Consequently, gβ is pointwise increasing on [0, τ(a)] and decreasing thereafter. If two base policies
q, q′ satisfy Q′(x) ≥ Q(x) for all x and Q(x) ≤ τ(a) for all x (low-overlap regime), then by
pointwise monotonicity on this interval,

gβ
(
Q′(x)

)
≥ gβ

(
Q(x)

)
for all x,

and taking expectations yields MGainβ(q
′) ≥ MGainβ(q). This shows that below some point, a

smaller distribution gap produces a larger marginal gain.
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Finally, the saturation of marginal gains at high overlap follows directly within the same argument:
since fβ(Q) → 1 as Q → 1, we have

gβ(Q) = fβ(Q)−Q −→ 1− 1 = 0,

and, for all Q ∈ [0, 1],

gβ(Q) =
aQ

1 + (a− 1)Q
−Q =

Q(1−Q)(a− 1)

1 + (a− 1)Q
≤ 1−Q,

so gβ(Q) ≤ 1−Q → 0 as Q → 1. This shows the “diminishing due to saturation” behavior.

C.3 PROOF OF PROPOSITION 1 (SMALL-MASS LINEAR BOUND)

From the closed form,

π⋆
β(Cx | x) = aQ(x)

(1−Q(x)) + aQ(x)
≤ aQ(x),

since the denominator is at least 1. Therefore

π⋆
β(Cx | x)−Q(x) ≤ aQ(x)−Q(x) = (a− 1)Q(x) =

(
eβ

−1

− 1
)
Q(x),

which is linear in Q(x) and tight to first order as Q(x) → 0.

C.4 PROOF OF PROPOSITION 2 (TOKEN FLOORS AND EXPONENTIALLY SMALL SEQUENCE
MASS)

We formalize the statement in a worst-case sense.

Setup. Let the vocabulary size be V < ∞ and suppose that at every decoding step t = 1, . . . , T
and for every history, each token a has probability bounded below by a fixed floor η ∈ (0, 1/V ]:

qtok(a | historyt) ≥ η for all tokens a and histories.

Existential worst case. Under only this floor constraint, there exist base policies q for which, for
any fixed set of correct completions Cx of length T ,

Q(x) = q(Cx | x) ≤ |Cx| ηT .

Construct q stepwise as follows. At each position t and for each history that occurs along any
y ∈ Cx, assign probability exactly η to the next token prescribed by that correct path, and distribute
the remaining mass (so that all tokens still receive at least η) across the other V tokens. This ensures
that every y ∈ Cx has

q(y | x) =
T∏

t=1

qtok(yt | historyt) = ηT ,

and hence Q(x) =
∑

y∈Cx
q(y | x) = |Cx| ηT .

Consequence for inverse temperature. Combining Proposition 1 with the above bound,

gβ(x) = fβ(Q(x))−Q(x) ≤ (a− 1)Q(x) ≤ (a− 1) |Cx| ηT .

To achieve a target increment MGainβ(x) ≥ ε (for fixed |Cx| and η), it is necessary that

a− 1 ≥ ε

|Cx| ηT
⇐⇒ β−1 = log a ≥ log

(
1 +

ε

|Cx| ηT
)
.

As T grows with ε, |Cx|, η fixed, the right-hand side is Ω
(
T log(1/η)

)
, yielding the claimed scaling.

D CASE STUDIES

We present qualitative analysis for each type of generalization test.
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Prompt Generated Expected
6CI4R+++ <trav> => JG2RV++ => JG2RV+++

D29UO+++ <trav> => IHS1K++ => IHS1K+++

NEIAE+++ <trav> => 0O2FO++ => 0O2FO+++

R751K+++ <trav> => VQADU++ => VQADU+++

2S521+++ <trav> => HEAHD++ => HEAHD+++

Table 4: Examples showing failure to generalize to shorter input lengths even when using a uniform
ratio (33% 5-char, 33% 6-char 33% 7-char sequences) and applying GRPO with 7-character OOD
data.

Prompt Base GRPO

kulvqγ <trav>
=> oyγhαk <trav>
=> ohλhokcjckqvqj

=> oyγhαk

δcpaαg <trav> => wvλtall => wvλtal

inqckj <trav> => sxαvohc => sxαvoc

fbuαβh <trav>
=> jqyagrh6 <trav>
=> rtlrnk

=> jqyagr

λjtλiγ <trav> => mcθmskc => mcθmsk

Table 5: Examples showing that GPPO corrects the base model in token representation generaliza-
tion.

D.1 INPUT LENGTH GENERALIZATION

For shorter length generalization test (ID is 6- & 7-character and OOD is 5-character), we observe
that the model continuously fails to generate the correct number of padding tokens at the end, even
when using a uniform ID-OOD ratio during pretraining and applying GRPO with 1-step OOD data
(Table 4). This shows that the model does not inherently recognize shorter inputs, and it is also
difficult to correct this bias with GRPO. This hints that SFT on OOD data is directly needed.

D.2 TOKEN REPRESENTATION GENERALIZATION

We observe that the base model struggles when applying two distinct learned functions (shift and
traversal) to a single prompt. The base model frequently fails by executing only one of the two
functions, often incompletely, or by making critical errors when attempting both. In contrast, when
including OOD data within pretraining and applying GRPO with composite data, GRPO consistently
succeeds at these compositional tasks, correctly applying both the shift and traversal operations to
generate the full correct chain.

D.3 COMPOSITIONAL REASONING GENERALIZATION

We observe that the base model struggles when applying two distinct learned operations (shift and
traversal) to a single prompt, even when the composite data are included in pretraining. The base
model frequently fails by executing only one of the two functions, often incompletely, or by making
critical errors when attempting both. When applying GRPO with composite data, GRPO reduces
these errors, correctly applying both the shift and traversal operations to generate the full correct
chain.

E THE USE OF LLMS

We employed Google’s Gemini 2.5 Pro and OpenAI’s GPT-5 as writing assistance tools during
the preparation of this manuscript. Their role was exclusively for language refinement, such as
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Prompt Base GRPO

ceksδg <trav>
=> vpoewlwδcjλcvg <trav>
=> vcvhvlλ

=> vpewlwlγλwλlgjγ <trav>
=> γlcγkwλγlγkγλ <trav>
=> rγk6kwλ6jλkγ <trav>
=> J6pcwk

tiwwhs <trav> => θsεre6
=> θsεreλmλεrje <trav>
=> stupn6njcαδrcjθj <trav>
=> rnv6c

γλθwad <trav>
=> kmdεtiδwλmλgvkh <trav>
=> λmlo <trav>
=> mxfδh6hkdltγθj

=> kmdεtiδwλmλgvkh <trav>
=> λmlohv6khδwδwγ <trav>
=> m6wkεmλ <trav>
=> λblfm

Table 6: Examples showing that GRPO fails to correct the base model in token representation gen-
eralization and in turn increases the length of incorrect responses.

Prompt Base GRPO

JEL3E <shift> <trav> => EL3E
=> EL3EJ <trav>
=> O3TOC

ANANE <shift> <trav> => NANE
=> NANEA <trav>
=> 0F0OF

HTIUV <shift> <trav>
=> TIUV4 <trav>
=> 4218R

=> TIUVH <trav>
=> 4218L

A55H2 <shift> <trav>
=> 55H2A <trav>
=> AAHLF

=> 55H2A <trav>
=> AALHF

1BFFN <shift> <trav>
=> BFFN1 <trav>
=> MPP0

=> BFFN1 <trav>
=> MPP0D

Table 7: Examples showing that GRPO can correct the base model in compositional reasoning
generalization.

improving readability and rephrasing for clarity in an academic writing style. This usage aligns with
standard academic practices for language polishing.
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