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ABSTRACT

Online imitation learning (IL), particularly on-policy distillation with a reverse-
KL objective, has emerged as a strong approach for LLM post-training, often
outperforming offline baselines such as supervised fine-tuning (SFT). However,
a principled understanding of when and why online interaction is beneficial re-
mains unclear. In this work, we show that the benefits of online interaction de-
pend critically on whether the setting is realizable, i.e., whether the student policy
class can represent the expert policy. Under realizability, we empirically show
that offline IL already matches the expert’s performance, challenging the common
explanation that online IL benefits from mitigating error accumulation. In con-
trast, in non-realizable (misspecified) settings, we prove that offline IL encounters
an information-theoretic bottleneck even when horizon H = 1, and propose a
structural characterization of misspecification relative to the reward, under which
online IL provably achieves high performance despite large expert–student dis-
crepancy.

1 INTRODUCTION

Imitation Learning (IL) broadly refers to learning a student policy from expert demonstrations, en-
abling the student to achieve strong performance without task-specific reward design. For post-
training of large language models (LLMs), the canonical offline imitation learning method is super-
vised fine-tuning (SFT), where the learner imitates an expert policy (e.g., human-generated data or
traces generated by a stronger model) using a fixed dataset of expert trajectories. However, such
offline approaches are reported to suffer from limitations such as poor generalization (Chu et al.,
2025; Gudibande et al., 2024; Kumar et al., 2022) and severe catastrophic forgetting (Chen et al.,
2025).

Post-training methods based on online imitation learning have emerged as an alternative promising
to mitigate these issues. In the online IL setting, the learner actively interacts with the environment
and queries an expert to obtain feedback Ross et al. (2011). A prominent online IL approach for
LLM post-training is on-policy distillation, where the student samples from its current policy and
minimizes the reverse-KL divergence (or another divergence) to the expert distribution to the expert
distribution Kim & Rush (2016); Agarwal et al. (2024); Gu et al. (2024). Although recent studies
report the empirical superiority of online IL in post-training (Yang et al., 2025; Lu & Lab, 2025),
a principled understanding of when and why online IL outperforms its offline counterpart for LLM
post-training remains limited.

A classical explanation for the advantage of online IL is its ability to mitigate error accumulation:
If the learner incurs a per-step prediction error of ϵ under the expert distribution, then offline IL
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can suffer a compounding error scaling as O(H2ϵ) where H is the horizon length. In contrast,
DAgger-style online IL algorithms reduce this dependence to O(µHϵ), where µ is a recoverability
coefficient (Ross & Bagnell, 2010; Ross et al., 2011). However, recent theory by Foster et al. (2024)
shows that under the standard log-likelihood objective used in SFT, offline imitation learning can
match the sample-complexity guarantees of DAgger in realizable settings, where the expert policy
is contained in the student policy class. This result calls into question whether error accumulation
alone can fully explain the practical advantage of online IL in LLM training.

In this work, we identify an orthogonal source of advantage of online over offline IL, which we
argue arises from non-realizability (or misspecification): the student policy class is too restricted
(for example, with a much smaller model size) to faithfully represent the expert policy. Unlike the
classical error-accumulation view which concerns long-horizon compounding, such an advantage
already arises in contextual bandits with H = 1.

We first study the realizable setting as a sanity check, and empirically show that in LLM post-
training, offline IL suffices to produce a student that fully matches the expert’s performance, with on-
line IL offering no further gains in either accuracy or training speed (Section 2). Specifically, we con-
sider both synthetic (Countdown (Pan et al., 2025)) and real-world math reasoning (GSM8K (Cobbe
et al., 2021) and DeepScaleR (Luo et al., 2025)) tasks . For each task, we first train an expert by
applying reinforcement learning (RL) to a base model. We then use this RL-trained model as the
expert, and compare SFT and on-policy distillation when both are initialized from the same base
model. By construction, this setup guarantees realizability, since the expert policy is itself obtained
within the same model family. Our results show that the SFT-trained student matches the expert’s
performance, with learning speed that matches or exceeds on-policy distillation. This finding is
consistent with the theory of Foster et al. (2024) and also rules out alternative explanations that are
not covered by their theory, such as optimization obstacles or problem-dependent artifacts. Taken
together, these results further motivate our focus on the non-realizable setting as the key regime for
understanding when online interaction benefits imitation learning.

In the non-realizable setting, we develop an orthogonal understanding of the advantage of online
over offline IL relative to the classical error-accumulation argument, through a simplified yet in-
formative mathematical framework. We first show, both theoretically and empirically, that prior
discrepancy-based analyses (Foster et al., 2024; Rohatgi et al., 2025; Rajaraman et al., 2020), which
control the performance gap via distributional discrepancies between the expert and student poli-
cies, can be insufficient to characterize the effectiveness of imitation learning under misspecifica-
tion, and that reward-dependent analyses are necessary. For offline imitation learning, we identify
an information-theoretic limitation specific to the non-realizable regime: the expert policy may fail
to assign sufficient probability mass to responses that are in principle learnable within the restricted
student policy class. For online imitation learning, we further introduce a structural condition that
explicitly captures the misspecification pattern relative to the reward, under which online IL can
provably achieve small excess risk despite large distributional discrepancy. At a high level, the con-
dition states that the expert’s signal should either be aligned with the actual reward, or deviate from
it only in ways that are the restricted student class cannot realize. Due to space constraints, we defer
the preliminaries and related work to the appendix.

2 OFFLINE IL SUCCESSFULLY RECOVERS EXPERT POLICY UNDER
REALIZABILITY

The seminal work of Ross & Bagnell (2010) showed that offline imitation learning can suffer from
error accumulation: if the learner incurs a per-step error of ϵ under the expert distribution, then
when rolled out under its own policy, the resulting compounding error can scale quadratically with
the horizon H , i.e., as O(H2ϵ). Online imitation learning algorithms such as DAgger (Ross et al.,
2011) improve this dependence to O(µHϵ), where a small recoverability coefficient µ indicates
that the expert can effectively recover from any suboptimal intermediate actions. However, recent
work by Foster et al. (2024) shows that, under the log-likelihood objective used in SFT, offline
behavior cloning already achieves optimal statistical complexity in the realizable setting, and no
online imitation learning algorithm can improve upon it in the worst case. That said, this theory
does not cover every possible advantage of online IL in realizable settings. For example, it studies
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Figure 1: In-distribution evaluation on different tasks. SFT with a realizable expert fully matches
the expert’s performance, leaving litter room for further improvement from online interaction. On-
policy distillation provides no accuracy gains or faster training speed. In contrast, when the expert
is unrealizable, SFT exhibits a significant performance gap.

statistical complexity but does not consider optimization dynamics, and it does not rule out the
possibility that online IL may still benefit from favorable problem-specific structure.

In this section, as a sanity check for the realizable setting, we empirically demonstrate that SFT
(offline IL) is indeed sufficient to fully recover expert performance in this regime, and on-policy
distillation does not yield further gains in either final performance or training efficiency. Conversely,
under model misspecification, where the expert lies outside the student’s class, SFT fails to match
the expert and exhibits strictly inferior performance. This suggests that misspecification is likely
required to see an online-offline gap in practice.

2.1 EXPERIMENTAL SETUP

We conduct experiments on three tasks: a synthetic Countdown (Pan et al., 2025) task and two
Math reasoning dataset: GSM8K (Cobbe et al., 2021) and DeepScaleR (Luo et al., 2025) (details
in D). We use Qwen2.5-3B-Instruct (Team, 2024) as the base model for Countdown, Llama-3.2-3B
(Grattafiori et al., 2024) fine-tuned on OpenR1 (Face, 2025) for GSM8K, and DeepSeek-R1-Distill-
Qwen-1.5B as the backbone for DeepScaleR. We compare three training paradigms:

• RL (GRPO): The base model is optimized directly via GRPO (Shao et al., 2024).

• SFT with Realizable Expert: The student model is supervised on a teacher from its own model
class. Specifically, we generate samples from the RL-ed model described above, which have been
trained for 320 GRPO steps for Countdown, 80 steps for GSM8K, and 80 steps for DeepScaleR.

• SFT with Unrealizable Expert: The student is supervised by a highly capable unrealizable
teacher, DeepSeek-V3.2-Exp (Liu et al., 2024), which achieves near-perfect accuracy on Count-
down and GSM8K dataset.

2.2 EXPERIMENTAL RESULTS

This section presents experimental results on both in-distribution and out-of-distribution evaluations.
Additionally, we provide an empirical analysis of the DeepScaleR-1.5B model.

In-Distribution Evaluation. As shown in Figure 1, on both the synthetic Countdown task and real-
world math reasoning benchmarks, offline imitation learning (SFT) with a realizable expert matches
the expert’s performance, leaving little room for additional gains from online IL. Moreover, SFT is
substantially more sample-efficient than training the RL-based expert. In contrast, when the expert
is non-realizable, SFT falls well short of the expert’s performance.

Out-of-Distribution Generalization and Catastrophic Forgetting. We further evaluate the
model’s out-of-distribution (OOD) generalization on Countdown, where test instances use a larger
number range than seen during training, and assess catastrophic forgetting during GSM8K training
by measuring general language capability on MMLU benchmark. Figure 2 show that SFT with
a realizable expert achieves OOD performance that matches the expert, whereas SFT with a non-
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Figure 2: OOD generalization and catastrophic forgetting. Left: Models are evaluated on Count-
down instances with larger number range. Right: Catastrophic forgetting during GSM8K train-
ing. Models are evaluated on MMLU benchmark. Overall, SFT from a realizable expert achieves
strong OOD performance and exhibiting little to no MMLU degradation, whereas SFT from a non-
realizable expert harms OOD generalization during training and leads to severe forgetting.

realizable expert deteriorates with fine-tuning. We observe a similar pattern for forgetting: under a
realizable expert, the MMLU score remains stable throughout training, but under a non-realizable
expert it drops substantially,.

These findings refine prior observations that SFT tends to generalize worse OOD (Chu et al., 2025)
and forget more than RL (?Chen et al., 2025). Instead, our results suggest this gap is not inherent to
the algorithm, but arises primarily under non-realizability. It is the training data distribution, rather
than the SFT algorithm itself, that drives inferior OOD generalization and severe forgetting.

3 COMPARISON OF ONLINE AND OFFLINE IL IN NON-REALIZABLE
SETTINGS

Since the advantage of online imitation learning does not arise under realizability as shown in Sec-
tion 2, we turn to the non-realizable setting, where the expert policy cannot be represented by the
student policy class, i.e. πe ̸∈ Π. Online imitation learning methods such as on-policy distillation
have been empirically observed to significantly outperform offline approaches (SFT) in this setting
(Yang et al., 2025; Lu & Lab, 2025)1. However, despite these successes, a theoretical understand-
ing of why and when online interaction provides an advantage over offline imitation learning in
non-realizable settings remains limited.

Previous work framed imitation learning as minimizing the distributional discrepancy (e.g.,
Hellinger distance) between the student and expert policy (Rohatgi et al., 2025). In this section, we
first discuss and empirically verify the key limitations of such discrepancy-based analyses. In partic-
ular, they can be overly pessimistic in non-realizable settings, and, because minimizing discrepancy
is misaligned with the true objective of maximizing expected reward, they do not adequately explain
the widely observed empirical advantage of online imitation learning over offline methods.

Motivated by these limitations, we develop a new perspective on the advantage of online over of-
fline imitation learning in non-realizable settings by directly taking the reward structure into ac-
count. For offline imitation learning, we identify a fundamental information-theoretic barrier in this
regime, which differs from classical error-accumulation arguments (Ross & Bagnell, 2010; Ross
et al., 2011). We show that the sample complexity of any offline imitation learning algorithm that
learns solely from i.i.d. expert demonstrations must scale with a coverage coefficient Ce

⋆ (??), which
can be viewed as a measure of the mismatch between the expert and the student policies. For online
imitation learning, to move beyond reward-agnostic discrepancy-based analyses, we characterize
the interplay among (i) the student policy class Π, (ii) the expert πe, and (iii) the reward structure,

1Yang et al. (2025); Lu & Lab (2025) study distilling a smaller model from a much larger expert, and their
setup therefore falls into the non-realizable setting.
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and identify a general condition under which online imitation learning is provably efficient despite
severe misspecification.

3.1 LIMITATIONS OF DISCREPANCY-BASED ANALYSES IN NON-REALIZABLE SETTINGS

A standard approach to analyzing imitation learning is to upper bound the performance suboptimal-
ity gap by a distributional discrepancy between the expert policy πe and the learned policy π̂ ∈ Π
(Rajaraman et al., 2020; Foster et al., 2024; Rohatgi et al., 2025). For instance, one typically argues
that

V (πe)− V (π̂) ≤ Ex∼Dx
[DTV(π

e(· | x), π̂(· | x))] , (1)
and DTV can in turn be upper bounded by other statistical distances or divergences, such as KL
divergence, Hellinger distance, and χ2 divergence.2 The discrepancy term is reward-agnostic, and
can be minimized by any policy-matching procedure. For a given discrepancy measure D, standard
learning-theoretic analyses typically yield finite-sample guarantees of the form

Ex∼Dx
[D(πe(· | x), π̂(· | x))] ≲ Capx · inf

π∈Π
Ex∼Dx

[D(πe(· | x), π(· | x))] + εstat (2)

for some Capx ≥ 1, εstat > 0.

In realizable settings, the approximation term vanishes: infπ∈Π Ex∼Dx [DTV(π
e(· | x), π(· | x))] =

0. As a result, with sufficient expert data, policy matching can drive the discrepancy arbitrarily close
to zero, and hence also drive the performance suboptimality V (πe)− V (π̂) to zero.

In contrast, in non-realizable settings, even the best-in-class discrepancy is strictly positive, so
discrepancy-based bounds can never imply a performance suboptimality smaller than this irreducible
distance. While such bounds are tight in the worst case over all possible reward functions, they can
be overly pessimistic for a particular reward function: a large discrepancy between the student pol-
icy and expert policy does not necessarily imply a large performance gap. For example, on a given
math problem, a stronger expert may produce a correct solution directly, whereas a weaker student
may rely on more trial and error; their response distributions can differ substantially even if both
ultimately solve the problem with similar success rates. As shown empirically in Section 3.1.1, this
phenomenon indeed appears in LLM post-training.

Furthermore, discrepancy-based analyses also fail to explain why online imitation learning often out-
performs offline imitation learning in practice. Prior work has shown that offline behavior cloning is
already statistically optimal for minimizing the discrepancy even in non-realizable settings (Rohatgi
et al., 2025, Theorem 3.1), and the computational benefits of online interactions are also unclear.
However, while this result indicates that online interaction does not generally help identify the stu-
dent policy closest to the expert under a distributional discrepancy, it does not rule out the possibility
that online interaction may still help identify the student policy with the highest expected reward un-
der a particular reward function.

These limitations of discrepancy-based analyses motivate us to go beyond the reward-agnostic
discrepancy-based analysis in non-realizable settings, and instead ask when offline imitation learn-
ing becomes inefficient (Section 3.2) and when online imitation learning can yield improvements
under a specific reward function (Section 3.3).

3.1.1 EMPIRICAL VALIDATION

In this section, we empirically validate that the distributional discrepancy between an expert and a
student learned via imitation learning can be much larger than their performance gap. Specifically,
we consider DeepSeek-R1-0528 as the expert and DeepSeek-R1-0528-Qwen3-8B as the student
(DeepSeek-AI, 2025), which is distilled from DeepSeek-R1-0528 using Qwen3-8B-Base (Yang
et al., 2025) as the base model. We evaluate both models on the AIME 2024 and AIME 2025
benchmarks. For each benchmark, each model generates 14 responses per question, yielding 840
responses per model in total.

2Foster et al. (2024) establishes a tighter upper bound based on Hellinger distance for deterministic experts
or experts with bounded reward variance (their Theorems 2.1 and 3.1), compared with the direct total variation
bound. Our discussion is not sensitive to this distinction.
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Figure 3: Response-length distribution and keyword frequencies for DeepSeek-R1-0528 (expert)
and DeepSeek-R1-0528-Qwen3-8B (student) on AIME 2024 and AIME 2025 (14 responses per
question). The results indicate a substantial distributional discrepancy between the expert and the
student.
As shown in Figure 3, the two models exhibit substantial differences in their response distributions,
as reflected by two simple and interpretable features: response length (measured using the Qwen3-
8B tokenizer for both models) and the frequency of keywords associated with reasoning behavior in
the responses Zeng et al. (2025); Gandhi et al. (2025). Table 1 further reports the approximate total
variation distance obtained by discretizing response length into 5,000-token bins and the frequency
gaps for the selected keywords. Note that these metrics are lower bounds of the total variation dis-
tance between the response distributions of two models, since distinct responses may fall into the
same length bin or contain the same selected keywords. Therefore, the true distributional discrep-
ancy can only be larger than what we report. Since even these lower bounds already exceed the
observed performance gap by a wide margin (Table 1), our results provide empirical validation that
distributional discrepancies can be much larger than performance differences.

We conclude that guarantees based solely on distributional discrepancies can be overly loose, mo-
tivating finer-grained characterizations that capture how policy differences interact with the reward
structure.

3.2 LOWER BOUNDS FOR OFFLINE IL IN NON-REALIZABLE SETTINGS
We now present an information-theoretic limitation of offline imitation learning under misspecifica-
tion. Previous empirical results have identified settings in which supervised fine-tuning (i.e., offline
imitation learning) struggles to improve a weak student in the non-realizable regime, where the ex-
pert is a much stronger reasoning model. In such cases, the student often fails to learn from expert
responses that are either too compact or involve reasoning patterns too complex for the student to
represent (Li et al., 2025; Jiang et al., 2025). Intuitively, under misspecification, the expert’s re-
sponses cannot be faithfully represented by the student policy class, while those responses that are
representable by the student are rarely revealed in i.i.d. expert samples.

Theorem 1 formalizes this intuition by showing that, even when the student class contains a near-
optimal policy and the expert itself achieves perfect performance, learning from i.i.d. expert demon-
strations can still be statistically hard. Specifically, for any offline imitation learning algorithm that
observes only i.i.d. expert demonstrations, the sample complexity required to achieve vanishing
excess risk must scale with the coverage coefficient Ce

⋆ defined as Ce
⋆ := supx∈X ,y∈Y

π⋆(y|x)
πe(y|x) ,

where π⋆ ∈ Π is a reference policy achieving maxπ∈Π V (π). Such lower bound is specific to the
non-realizable setting, as under realizability, one can take π⋆ = πe, in which case Ce

⋆ = 1. Un-
der misspecification, however, Ce

⋆ can be arbitrarily large, serving as a measure of the degree of
mismatch between the expert and π⋆.

Limitation of offline IL under
misspecification

Theorem 1. For any integer K ≥ 2, any coverage parameter Ce
⋆ ≥ 1, and any (possibly

randomized) offline imitation learner A with access to N i.i.d. samples (xi, yi)
N
i=1 with xi ∼

Dx and yi ∼ πe(· | xi), there exist a contextual bandit problem (Dx, r), an expert policy πe,
and a student policy class Π with |Π| = K such that the following hold:

1. The expert is optimal, i.e., V (πe) = 1.
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2. There exists an optimal student policy π⋆ ∈ Π with V (π⋆) = 1.
3. The expert satisfies a pointwise coverage condition with respect to π⋆, that is Ce

⋆ < ∞.

Moreover, the policy π̂ output by A satisfies

1− E[V (π̂)] ≳ min
{
1,

Ce
⋆ log |Π|
N

}
,

where the expectation is over the randomness of learner and sampling.

The proof follows a similar idea to Theorem 6.2 of Rajaraman et al. (2020) and is presented in
Section C.1. The hard instance is constructed so that, at each context, the expert places most of its
mass on an action that attains optimal reward but is unavailable to the student class due to misspeci-
fication, while the unique optimal student action is revealed only through a rare expert sample with
probability 1/Ce

⋆.
3.3 A STRUCTURAL CONDITION FOR EFFECTIVE ONLINE IL.
The information bottleneck discussed in Section 3.2 can be alleviated by actively querying expert
feedback, rather than relying solely on i.i.d. expert samples. However, in non-realizable settings, an
expert with high performance may not necessarily be a good expert, as being a good expert also re-
quires providing meaningful feedback on the learner’s queries. In this section, we consider a setting
in which the feedback on a response y is given by the expert’s conditional probability πe(y | x),
and study a specific class of online imitation learning objectives (Definition 3). The widely used on-
policy distillation algorithm for language model post-training is an instantiation of such objective
with f(πe(y | x)) = log(πe(y | x)) together with an additional entropy regularization term (Sec-
tion A.2). Under this setup, we aim to seek structural assumptions under which imitation learning
can achieve a performance-suboptimality guarantee (measured by excess risk V (π̂)−minπ∈Π V (π))
that could be smaller than the distributional discrepancy between the expert and the learned policy
(as discussed in Section 3.1). As the following motivating example shows, this requires characteriz-
ing the interplay between the reward function and the misspecification structure.

A motivating synthetic example. We use a simple 2D Gaussian toy example (Figure 4) to motivate
our condition. Actions are points a = (x, y) ∈ R2, and policies are Gaussians πµ = N (µ, I2).
The reward depends only on the y-coordinate: r(x, y) = 1[y ≥ 0]. The expert is πe = N (µe, I2)
with µe = (−2, 2). We consider two student policy classes: ΠA = {N (µ, I2) : µx = 0},ΠB =
{N (µ, I2) : µy = µx}. Both classes are misspecified, yet the expected rewards resulting from IL
(with reverse-KL objective as in on-policy distillation) differ sharply. Let π̂A, π̂B be the reverse-KL
projections of πe onto ΠA and ΠB , respectively. Then V (π̂A) ≈ 0.977, V (π̂B) = 0.5. correspond-
ing to excess risks 0.023 and 0.5, respectively.

The reason why distilling from the same expert yields a much higher expected reward in ΠA than
in ΠB is because the two classes impose different misspecification structures relative to the reward.
Here the reward r(x, y) = 1[y ≥ 0] depends only on the y-coordinate. Class ΠA is agnostic to
the reward-irrelevant x-direction by fixing µx = 0 while leaving µy free, hence the reverse-KL
projection can match the expert’s reward-relevant mean µe

y = 2. In contrast, Class ΠB couples the
coordinates via µy = µx. Consequently, minimizing the reverse-KL objective tends to match the
expert along the reward-irrelevant x-direction, resulting in non-optimal performance with respect to
expected reward.

As illustrated in the above toy example, to characterize when imitation learning is effective under
misspecification, one must account for misspecification structure between the student and expert
under a particular reward function. Below we propose a general sufficient condition, which we term
the Misspecification–Reward Alignment Condition.

Effectiveness of online IL under
misspecification

Assumption 1 (Misspecification-Reward Alignment Condition). There exist α > 0, h :
X × Y → R, and b : X → R such that

f(πe(y | x)) = α r(x, y) + h(x, y) + b(x).

7
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Let π⋆ ∈ Π be a reference policy. For any ϵ > 0, assume that for all π ∈ Π satisfying
Jon(π) ≥ Jon(π

⋆)− ϵ,

Ex∼Dx

[
Ey∼π(·|x)h(x, y)− Ey∼π⋆(·|x)h(x, y)

]
≤ δ(ϵ).

Theorem 2. Under Assumption 1, let π ∈ Π be any policy that is ϵ-suboptimal for the online
IL objective Equation (4), i.e.,

Jon(π) ≥ maxπ′∈Π Jon(π
′)− ϵ.

Then we conclude: V (π) ≥ V (π⋆)− ϵ+δ(ϵ)
α .

The proof of Theorem 2 is provided in Section C.2. Assumption 1 views the reshaped expert signal
f(πe(y | x)) as decomposing into three components. The first term αr(x, y) is the reward-aligned
part, where α > 0 quantifies the strength of alignment. The second term h(x, y) is a residual that
captures preferences encoded by the expert beyond reward. And the last term b(x) depends only on
the state. Crucially, Assumption 1 requires that within the ϵ-optimal set under Jon, the residual term
cannot inflate Jon(π) for a reward-suboptimal policy. Two specific cases where Assumption 1 holds
include:

1. When the reshaped expert signal f(πe(y | x)) is highly calibrated with the true reward
r(x, y). Concretely, if for any (x, y) ∈ X × Y , it holds that residual term α ≫ |h(x, y)|,
then the resulting suboptimality ϵ+δ(ϵ)

α ≪ 1 as ϵ → 0.
2. The expert signal encodes preferences beyond reward (captured by the residual h(x, y)),

but these preferences do not distinguish among near-optimal policies in the student class.
Formally, for any π1, π2, with Jon(π1), Jon(π2) < ϵ,∣∣Ex∼Dx

[
Ey∼π1(·|x)h(x, y)− Ey∼π2(·|x)h(x, y)

]∣∣≪ 1.

This characterization explains why the expert is effective for ΠA in the synthetic example.
Remark 3 (Comparison with the error-accumulation view). A classic account of the benefits of
online IL is that online interaction mitigates error accumulation, leading to DAgger-style algorithms
(Ross & Bagnell, 2010; Ross et al., 2011; Lu & Lab, 2025): under offline imitation, small one-
step prediction errors can compound over a horizon of length H , yielding an O(H2ϵ) performance
gap, whereas online interaction can correct for this distribution shift and improve the dependence to
O(µHϵ), where µ is a recoverability coefficient. In contrast, this work studies an orthogonal lim-
itation of offline imitation learning, namely an information bottleneck that arises in non-realizable
settings. Such a limitation appears even in contextual bandits (with H = 1). We further characterize
the interplay between the reward function and the misspecification structure that enables online im-
itation learning in non-realizable settings, a perspective that is absent from previous DAgger-style
analyses.

Finite-Sample Guarantees. Using standard pessimism techniques (Wang et al., 2024), one can
extract a finite-sample result of the objective Equation (4) with the presense of a base model with
good coverage (such condition is also consisitent with empircal since the success on-policy distilla-
tion requires the presence of a strong base model). Details of the algorithm and results are deferred
to Section C.3.

4 CONCLUSION AND DISCUSSION

In this work, we show that misspecification is a key factor contributing to benefits of online imita-
tion learning. We hope our results help clarify what leads to the empirical performance gap between
offline and online IL methods, and suggest several directions that may be worth exploring in future
work. Empirically, when realizability holds, offline IL can already recover the expert’s perfor-
mance, leaving no room for online interaction to help. On the theoretical front, we characterize an
information-theoretic limitation of offline IL under misspecification, and give structural conditions
under which online IL can still be effective even when the discrepancy between expert and stu-
dent is large. This complements prior viewpoints based on error accumulation and reward-agnostic
discrepancy analyses.
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Figure 4: Synthetic example. Actions are (x, y) ∈ R2 and policies are Gaussians N (µ, I2); reward
is r(x, y) = 1[y ≥ 0] (shaded region). Expert πe = N ((−2, 2), I2) (blue). Left: student class
ΠA : µx = 0 (red dashed line) yields a reverse-KL projection with V (π̂A) ≈ 0.977. Right: student
class ΠB : µy = µx (red dashed line) yields V (π̂B) = 0.5.

Table 1: Distributional discrepancy vs. performance gap. The TV distance induced by dis-
cretized response length (5,000-token bins), keyword-frequency gaps, and the performance gap be-
tween DeepSeek-R1-0528 (expert) and DeepSeek-R1-0528-Qwen3-8B (student) on AIME 2024
and AIME 2025. Both the length-based TV distance and the keyword gaps are lower bounds on
the TV distance between the full response distributions, yet they already far exceed the performance
gap, indicating that discrepancy-only guarantees can be overly loose.

Metric Gap (%)

Response length (TV distance) 29.99
Keyword (wait) 29.12
Keyword (maybe) 23.29
Keyword (thus) 24.88
Keyword (alternatively) 6.20

Performance gap 5.46

A PRELIMINARIES

For a set X , let ∆(X ) denote the set of all probability distributions over X . For two distributions
P,Q over X , their Kullback–Leibler divergence is defined by DKL (P∥Q) := Ex∼P

[
log P (x)

Q(x)

]
,

and their total variation distance is defined by DTV(P,Q) := supA⊆X |P (A) − Q(A)| =
1
2

∑
x∈X |P (x) − Q(x)|. We use standard asymptotic notation throughout, and we write a ≲ b

as shorthand for a = O(b), and a ≳ b as shorthand for a = Ω(b).

A.1 PROBLEM SETTING

To provide a clean theoretical sandbox, we abstract language model post-training as a contextual
bandit problem (Rafailov et al., 2023; Xiong et al., 2023; Foster et al., 2025). Let X represent
the set of all possible prompts (contexts) and Y the set of generated responses (actions). A policy
π : X → ∆(Y) specifies a conditional distribution π(y | x) over responses y given a prompt x. Let
r(x, y) : X × Y → [0, 1] be the reward function. We aim to find a policy π within a policy class Π
that achieves high expected reward V (π) := Ex∼DxEy∼π(·|x)r(x, y), where Dx is the distribution
over prompts. We follow standard convention in RL theory and assume the policy class |Π| < ∞ is
finite (Foster & Rakhlin, 2023; Foster et al., 2024; Rohatgi et al., 2025).

Realizability. Realizability is a widely studied assumption in RL theory that asks whether the
student policy class is expressive enough to represent the expert policy. In this work, we identify
realizability as a crucial factor governing the advantage (or lack theoreof) of online IL over offline
IL.
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Definition 1 (Realizability and Misspecification). We say that the expert policy πe is realizable with
respect to the student policy class Π if πe ∈ Π. Otherwise if πe /∈ Π, the setting is non-realizable
(or misspecified).

A.2 IMITATION LEARNING

Imitation learning is a learning paradigm in which the learner improves its policy by leveraging
information provided by an expert policy πe, without direct access to the reward feedback during
training. In this work, we study two settings: offline and online imitation learning.

Offline Imitation Learning. The learner is given a static dataset D = {(xi, yi)}ni=1 of i.i.d. expert
demonstrations, where xi ∼ Dx and yi ∼ πe(· | xi). The dominant approach in this setting
is behavior cloning, which reduces imitation learning to a supervised learning problem with the
following objective:

Definition 2 (Population Objective of Behavior Cloning). Given an expert policy πe and a loss
function ℓ : ∆(Y)× Y → R, the population behavior cloning objective is defined as

LBC(π) := Ex∼Dx
Ey∼πe(·|x)

[
ℓ(π(· | x), y)

]
. (3)

The goal of behavior cloning is to find a policy π ∈ Π that maximizes LBC(π).

A standard instantiation of behavior cloning in LLM post-training uses the negative log-likelihood
loss ℓ(π(· | x), y) = − log π(y | x), which corresponds to the supervised fine-tuning (SFT)
objective.

Online Imitation Learning. In the online setting, the learner can actively query the expert and
receive feedback on its own actions. Learning proceeds in episodes: in the ith episode, the learner
observes a context xi ∼ Dx, executes a certain policy πi to generate a response yi ∼ πi(· | xi) and
subsequently receives expert-provided information evaluated on this response. In existing online
imitation learning formulations based on MDPs (e.g., (Ross & Bagnell, 2010; Foster et al., 2024)),
the expert provides step-wise guidance along a trajectory. In contrast, we adopt a simpler contextual
bandit formulation: in each episode, the learner produces a complete response yi (a sequence of
tokens), and the expert reveals its conditional probability πe(yi | xi) on that response. This form of
density access is natural in language model distillation, where the expert model’s logits are available.
Furthermore, it captures the core interaction pattern of widely used on-policy distillation algorithms
(Agarwal et al., 2024; Gu et al., 2024; Lu & Lab, 2025), and enables a meaningful characterization
of the benefit of online access to expert information beyond a static offline dataset (Section 3).

While the objective and algorithm of online IL can be flexible, in this work we focus in particular
on the following formulation:

Definition 3 (Population Objective of Online Imitation Learning). Given an expert policy πe and a
shaping function f : R → R that maps the expert density to a scalar score, the population objective
of online imitation learning is

Jon(π) := Ex∼Dx
Ey∼π(·|x)[f(π

e(y | x))] . (4)

The goal of online imitation learning is to find a policy π ∈ Π that maximizes Jon(π).

The key difference to the offline objective (Equation (3)) is that the inner expectation is taken over
the student policy π, rather than the expert policy πe.

A prominent instantiation of online imitation learning in language model post-training is on-policy
distillation (Agarwal et al., 2024; Gu et al., 2024), which uses a reverse-KL objective and is opti-
mized in an online, on-policy manner:

max
π∈Π

−Ex∼Dx
[DKL (π(· | x)∥πe(· | x))] . (5)

This reverse-KL objective is an instance of Definition 3 with f (πe(y | x)) = log (πe(y | x)), to-
gether with an additional entropy regularization term that promotes exploration and prevents policy
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collapse:3

− Ex∼Dx [DKL (π(· | x)∥πe(· | x))] = Ex∼DxEy∼π(·|x)[log π
e(y | x)] + Ex∼Dx [H(π(· | x))] ,

where H(π(· | x)) := −Ey∼π(·|x)[log π(y | x)] denotes the policy entropy.
Remark 4 (Why use a contextual bandit formulation?). Previous analyses of imitation learning are
typically framed in the Markov Decision Process (MDP) setting, which involves sequential decision-
making, stochastic state transitions, and rewards assigned at each step. The auto-regressive language
generation we consider is a special case: the state is accumulative with deterministic transition
st = (x, y≤t) = (st−1, yt), and the reward (e.g., whether a math problem is solved correctly) is
defined over the entire trajectory. As a result, this setup is essentially a contextual bandit: given
a context x, the policy π specifies the distribution over the entire response trajectories y. This
formulation also matches the practical objectives used in LLM post-training. In particular, both SFT
(Equation (3)) and on-policy distillation (Equation (5)) are defined at the full-trajectory level, and
can therefore be naturally captured within the contextual bandit framework.

Moreover, in this work, we identify non-realizability as a source of advantage of online over of-
fline imitation learning that is distinct from the classical error-accumulation view. Unlike the latter,
which attributes the benefit of online interaction to the mitigation of compounding errors over long
horizons (Ross & Bagnell, 2010), the advantage arising from non-realizability already appears in
contextual bandits with H = 1. By removing the multi-step structure, the contextual bandit formu-
lation provides a cleaner setting for isolating this source of advantage.

B RELATED WORK

Imitation Learning for LLM Post-Training. Imitation learning (IL), in which a student model
learns from expert demonstrations (e.g., human annotations or distillation from a stronger model), is
a central paradigm for post-training language models. Supervised fine-tuning (SFT) can be viewed
as offline imitation learning, where the model is trained with a log-likelihood objective on the
demonstration data (Brown et al., 2020; Radford et al., 2021; Ouyang et al., 2022). Previous work
shows that SFT amplify existing mechanisms and knowledge acquired during pretraining (Jain et al.,
2023; Prakash et al., 2024). With a small amount of carefully curated data, SFT can already yield
strong instruction-following performance and even unlock more advanced capabilities such as rea-
soning (Zhou et al., 2023; Ye et al., 2025; Muennighoff et al., 2025).

Recent studies comparing SFT with reinforcement-learning (RL) fine-tuning suggest that SFT can
exhibit weaker out-of-domain generalization (Chu et al., 2025) and more severe catastrophic forget-
ting than RL (Chen et al., 2025; ?). However, for relatively weak base models, SFT can be more
sample-efficient than RL for improving reasoning performance (DeepSeek-AI, 2025). Moreover,
SFT (or mid-training) often serves as a warm-start for subsequent RL fine-tuning by improving the
initial policy (Yeo et al., 2025; Gandhi et al., 2025).

Rencently, online imitation learning has emerged as a powerful paradigm for LLM post-training. A
representative instantiation in this context is on-policy distillation, where the student model actively
generating responses and queries the expert for probabilities along these self-generated trajectories
Kim & Rush (2016); Gu et al. (2024). Unlike supervised fine-tuning that optimize a forward-KL ob-
jective on fixed data, online distillation typically minimizes the reverse-KL divergence (or variations
thereof) between the student and expert distributions Gu et al. (2024).These methods have proven
effective in practice Yang et al. (2025); Lu & Lab (2025). However, a theoretical understanding of
when and why on-policy methods outperform offline SFT remains limited, as discussed below.

Theoretical Analysis on Online and Offline IL. Seminal work Ross & Bagnell (2010) shows
that offline imitation learning occur error accumulation, specifically a quadratic dependence with
respect to horizong, and Dagger like algorithms can mitigate error amplification through online
interactions under recoverability assumptions (Ross et al., 2011; Ross & Bagnell, 2014). However,
this line of work only provide algorithm-dependent lower bound, and does not provide end-to-end
separation between offline and online IL (Foster et al., 2024; Rajaraman et al., 2020).

3The shaping function f can be generalized to depend on both πe(y | x) and π(y | x) without affecting our
analysis. This extension fully captures the reverse-KL objective. For simplicity, we focus on shaping functions
that depend only on the expert density.
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Foster et al. (2024) shows that under realizability offline imitation learning with log likelihood loss
(which is adopted in SFT for LLM post-training) cannot be improved by a Dagger-like algorithm in
the worst case in terms of statistical complexity. While online interaction could theoretically yield
improvements under additional assumptions (see the discussion in Section 4 of Foster et al. (2024)),
our empirical results do not provide evidence of such gains under realizability (Section 2). This
motivates our focus on the misspecified setting, where the benefits of online interaction can be more
clearly manifested.

Under misspecification, Rohatgi et al. (2025) frames imitation learning as minimizing the Hellinger
distance between the learned policy and the expert policy. In this setting, they show that offline
learning already achieves optimal statistical complexity for minimizing the Hellinger distance, and
no computational advantage of online interaction is established. However, distributional discrepancy
measures such as the Hellinger distance generally provide only an upper bound on reward subop-
timality and do not constitute valid lower bounds: a large discrepancy does not necessarily imply
poor expected reward of the learned policy.

Another line of work is inverse reinforcement learning (IRL), which aims to recover an underlying
reward function from expert demonstrations (Abbeel & Ng, 2004; Ziebart et al., 2008; Syed &
Schapire, 2007; Chang et al., 2021). Recent work shows that interaction with the environment
can enable efficient imitation learning under misspecification through IRL, given certain structural
assumptions (Espinosa-Dice et al., 2025). However, these results typically assume that the reward
function lies in a finite and realizable hypothesis class, and the IRL algorithms are not commonly
adopted in LLM post-training. Finally, a recent study (Song et al., 2025) also empirically identifies
misspecification, rather than sampling error, as a more fundamental cause of behavior cloning’s
suboptimal performance in partially observed MDPs.

C PROOFS AND ADDITIONAL RESULTS

C.1 PROOF OF THEOREM 1

Proof. Without loss of generality, assume K := |Π| = 2l for some l ∈ N∗. Otherwise, let K ′ =
2⌊log2 K⌋ ≤ K, construct a hard instance for K ′ policies, and then add K − K ′ dummy policies;
this can only make learning harder and does not decrease the minimax risk.

To prove the lower bound of the optimal suboptimality, we construct a joint distribution P over
instances C and experts πe such that for any offline learner π̂(D) based on N i.i.d. expert demon-
strations D,

E(πe,C)∼P [1− E [V (π̂)]] ≳ min

{
1,

Ce
⋆ log |Π|
N

}
.

Let X = {x1, . . . , xl} and Y = {y1, y2, y3}. Define the student policy class Π to consist of
deterministic policies that, for each context xi, choose either y2 or y3:

∀i ∈ [l], π(· | xi) ∈ {δy2
, δy3

}.

Thus |Π| = 2l = K.

Let the context distribution Dx satisfy Dx(xi) = ζ for i ≤ l − 1 and Dx(xl) = 1− (l − 1)ζ.

Let S := {y2, y3}l, and index environments by s = (s1, . . . , sl) ∈ S. For each s ∈ S, define the
expert policy πe

s by, for all i ∈ [l],

πe
s(· | xi) =

(
1− 1

Ce
⋆

)
δy1

+ 1
Ce

⋆
δsi .

Define the reward function rs by

rs(xi, y) = 1[y = y1 or y = si] .

The optimal student policy is π⋆
s (· | xi) = δsi for all i ∈ [l].

Let P denote the uniform prior over instances induced by S: draw S ∼ Unif(S) and set the instance
to be (Dx, rS , π

e
S). Let X (D) be the context which the secret action si is covered by i.i.d. samples

in dataset D.
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Then

E(πe,C)∼PE[1− V (π̂)] = EE(πe,C)∼P [1− V (π̂)]

≥ EE(πe,C)∼P
[(
1− 1

2

)
(1−Dx(X (D)))

]
≥ 1

2E [1−Dx(X (D))]

It remains to upper bound E|Dx(X (D))|. For each i ≤ l−1, the probability that i becomes covered
in one sample is Pr(x = xi, y ̸= y1) = ζ/Ce

⋆. Setting ζ = Ce
⋆/N gives

Pr(i /∈ X (D)) =

(
1− ζ

Ce
⋆

)N

≳
1

e
,

and therefore

E|Dx(X (D))| =
l−1∑
i=1

Pr(i ∈ X (D)) ≲ ζl.

Plugging back yields

E(πe,C)∼PED[1− V (π̂(D))] ≳ ζl ≍ log |Π|
Ce

⋆N
.

C.2 PROOF OF THEOREM 2

Proof. Fix any π ∈ Π that is ϵ-suboptimal for the online IL objective Equation (4), i.e., Jon(π) ≥
maxπ′∈Π Jon(π

′) ≥ Jon(π
⋆)− ϵ.

By Assumption 1, there exist α > 0, h, and b such that for all (x, y),

f(πe(y | x)) = α r(x, y) + h(x, y) + b(x).

Taking expectation over x ∼ Dx and y ∼ π(· | x) yields

Jon(π) = Ex∼DxEy∼π(·|x)f(π
e(y | x))

= αEx∼Dx
Ey∼π(·|x)r(x, y) + Ex∼Dx

Ey∼π(·|x)h(x, y) + Ex∼Dx
b(x)

= αV (π) + Ex∼DxEy∼π(·|x)h(x, y) + Ex∼Dxb(x).

The same decomposition holds for π⋆:

Jon(π
⋆) = αV (π⋆) + Ex∼Dx

Ey∼π⋆(·|x)h(x, y) + Ex∼Dx
b(x).

Subtracting the two identities cancels the b(x) term and gives

Jon(π)− Jon(π
⋆) = α

(
V (π)− V (π⋆)

)
+ Ex∼Dx

[
Ey∼π(·|x)h(x, y)− Ey∼π⋆(·|x)h(x, y)

]
.

Rearranging,

α
(
V (π⋆)− V (π)

)
= Jon(π

⋆)− Jon(π) + Ex∼Dx

[
Ey∼π(·|x)h(x, y)− Ey∼π⋆(·|x)h(x, y)

]
.

Now use Jon(π) ≥ Jon(π
⋆)− ϵ, which implies Jon(π⋆)− Jon(π) ≤ ϵ. Moreover, since Jon(π) ≥

Jon(π
⋆)− ϵ, the second part of Assumption 1 applies and yields

Ex∼Dx

[
Ey∼π(·|x)h(x, y)− Ey∼π⋆(·|x)h(x, y)

]
≤ δ(ϵ).

Combining these two bounds,

α
(
V (π⋆)− V (π)

)
≤ ϵ+ δ(ϵ),

and dividing by α > 0 finishes the proof:

V (π) ≥ V (π⋆)− ϵ+ δ(ϵ)

α
.
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C.3 FINITE SAMPLE GUARANTEE OF LEARNING OBJECTIVE EQ. (4)

In this section, we present a finite-sample guarantee for the online IL objective Equation (4). This
objective is typically optimized in an online and on-policy manner, as in the on-policy distillation
(Gu et al., 2024; Lu & Lab, 2025), where the learner adaptively generates responses according to
the current student policy (similarly to reinforcement learning). Such learning algorithms crucially
rely on a strong base model (DeepSeek-AI, 2025; Zeng et al., 2025), and are typically characterized
theoretically by a coverage coefficient with respect to the base policy (e.g., Foster et al. (2025)):

Cbase
⋆ := sup

x∈X ,y∈Y

π⋆(y|x)
πbase(y|x)

,

Cbase(Π) := sup
π∈Π

sup
x∈X ,y∈Y

π(y|x)
πbase(y|x)

,

where π⋆ ∈ Π is a reference policy (e.g. an optimal student policy).

The sample complexity analysis of fully on-policy algorithms is challenging. Existing results (e.g.,
Xie et al. (2025)) typically require additional assumptions, such as an additional reverse-KL regu-
larization and realizability of the policy class, which are not suitable for our setting. Therefore, we
instead present a simpler algorithm based on pessimistic policy optimization (Wang et al., 2024),
which only samples from the base policy and queries expert feedback, yet already yields meaningful
improvements over offline imitation learning.

Concretely, the learner generates N i.i.d. samples (xi, yi) ∼ πbase, and queries the expert signal
f(πe(yi | xi)). For any policy π ∈ Π, define the inverse-propensity weighted estimator

ĴIPW(π) := 1
N

∑N
i=1

π(yi|xi)
πbase(yi|xi)

f(πe(yi | xi)),

and the empirical regularizer

P̂L(π) := 1
N

∑N
i=1

∑
y∈Y

π(y|xi)
πbase(y|xi)

.

The learned policy π̂ is defined as

π̂ ∈ argmaxπ∈Π

{
ĴIPW(π) − β P̂L(π)

}
, (6)

where β > 0 is a pessimism parameter. With an additional bounded signal value assumption (similar
ones also appear in previous works, e.g., (Xie et al., 2025)), the learned policy in Equation (6)
satisfies the following guarantee:
Theorem 5 (Theorem 3.5 of Wang et al. (2024)). Assume for any x ∈ X , y ∈ Y , |f(πe(y | x))| ≤
Vmax For a base model πbase, a reference student policy π⋆, and some β > 0, the learned policy in
Equation (6) satisfies

Jon(π
⋆)− Jon(π̂) ≤ O

(
Cbase(Π)Vmax log |Π|

N
+

√
Cbase

⋆ Vmax log |Π|)
N

)
.

The positive result in Theorem 5 depends on the coverage coefficients with respect to the base policy
πbase, whereas the lower bound for offline IL in Theorem 1 depends on the coverage coefficient with
respect to the expert policy. Since the base policy is the model before fine-tuning, it is reasonable
to expect that it has much better coverage over student policies reachable during training. Whether
on-policy algorithms can further relax the requirement of a strong base model remains an interesting
open question.

D EXPERIMENTAL DETAILS

D.1 COUNTDOWN TASK

Experimental Setup We utilize the dataset introduced by Pan et al. (2025), which comprises
327,680 training instances and 1,024 test samples.4 To illustrate the task format, we provide a
representative training prompt.

4https://huggingface.co/datasets/Jiayi-Pan/Countdown-Tasks-3to4
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Countdown Task Example

[INST] Using the numbers [5, 94, 9, 44], create an equation that equals 93.
You can use basic arithmetic operations (+, -, *, /) and each number can only
be used once. Show your work in <think> </think> tags. And return the
final answer in <answer> </answer> tags, for example <answer>(1 + 2) /
3</answer>. [/INST]
Let me solve this step by step.

Our implementation is built upon the official codebase of Pan et al. (2025),5 incorporating specific
adaptations for NVIDIA A100 execution from a community fork.6

Training We fine-tune the Qwen2.5-3B-Instruct model (Team, 2024) using Reinforcement
Learning (RL) for 320 steps on 2 NVIDIA A100 GPUs. The training configuration employs a global
batch size of 128 with 5 rollouts per prompt, and a mini-batch size of 64 for optimization. We set
the learning rate to 1 × 10−6 and the KL penalty coefficient to βKL = 1 × 10−3. The maximum
generation length is capped at 1024 tokens. We use a reward function that assigns 1.0 to correct
responses, 0.1 to incorrect but format-compliant responses, and 0 to invalid outputs.

Table 2: Training details of the Countdown task.

Parameter Value Parameter Value
Pretrained model Qwen2.5-3B Batch size 128
Generations/prompt 5 Mini-batch size 64
Max prompt length 2,048 Max response len 1,024
Learning rate 1× 10−6 Training steps 320
Entropy coeff 0.001 Clip ratio 0.2
Rollout engine vllm Rollout temp 1
Validation temp 1 Validation top-k 50
Validation top-p 0.7 Device NVIDIA A100

OOD Evaluation Task In Section 2, we evaluate both in-distribution (ID) and out-of-distribution
(OOD) performance in the Countdown task. For OOD evaluation, we use instances with four
operands only, with larger input and answer ranges.

Table 3: Detailed settings for Countdown tasks used in ID and OOD evaluation.

Setting Number of Operands Range of Input Range of Answer

Train / ID 3–4 100 100

OOD 4 125 300

D.2 MATH REASONING TASKS

GSM8K. We use Llama-3.2-2B (Grattafiori et al., 2024) as the base model. To enable RLVR,
we first fine-tune the model on the OpenR1 dataset (Face, 2025) for 3,064 steps with batch size 64
and learning rate 10−5. For RL training, we run GRPO on GSM8K with global batch size 1,024,
mini-batch size 64, learning rate 10−6, and maximum response length 4,096. For SFT from the RL
expert, we use learning rate 10−5 and batch size 64.

5https://github.com/Jiayi-Pan/TinyZero
6https://github.com/JerryWu-code/TinyZero
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DeepScaleR. We use DeepSeek-R1-Distill-Qwen-1.5B as the base model. For RL, we train with
GRPO on the DeepScaleR dataset (Luo et al., 2025) with context length 8k for 960 steps, using
batch size 64 and learning rate 10−6. For SFT, we train for 15, 360 steps.

Step alignment across methods. One RL training step consists of multiple gradient updates. In
????, we report progress in terms of RL steps. To align SFT with RL on the horizontal axis, we
rescale SFT steps by a constant factor (/10 for Countdown and /16 for GSM8K and DeepScaleR).

D.3 EXPERIMENTAL DETAILS FOR SECTION 3.1.1

For both models, we generate responses with temperature 0.6, top-p 0.95, and a maximum genera-
tion length of 100,000 tokens.
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