
Extended Abstract

Motivation and Problem Statement Reinforcement learning with verifiable rewards (RLVR) for language models is highly
sensitive to the quality of the supervised fine-tuning (SFT) warmstart. Poor initialization limits the diversity of rollouts the
policy can generate, which in turn reduces the signal available for online RL. We investigate how targeted data augmentation
during SFT can improve warmstart quality for the Countdown arithmetic reasoning task. Online RL itself also remains expensive
because methods such as RLOO require repeatedly generating fresh trajectories during optimization (Ahmadian et al., 2024).
We therefore additionally investigate whether replay-based reinforcement learning can improve sample efficiency during RL
fine-tuning.

Method We study how supervised fine-tuning (SFT) data quality and reinforcement learning (RL) optimization design affect
performance on Countdown arithmetic reasoning under a reinforcement learning with verifiable rewards (RLVR) setup. For
SFT, we evaluate augmentation strategies that address approximately ∼60% incorrect examples in the base dataset, including
correction of erroneous traces, append-based trace refinement, and the addition of synthetic arithmetic and GSM8K-style
reasoning problems, all standardized to a consistent <think>/<answer> format. For RL, we study replay-based optimization
with inverse-success weighting inspired by Maximum Likelihood Reinforcement Learning (MaxRL) (Tajwar et al., 2026).
Because replay introduces off-policy data, updates apply importance-sampling corrections to mitigate distribution mismatch.

Novelty We study how SFT augmentation and RLVR optimization design interact in Countdown reasoning, comparing
multiple data augmentation strategies and finding that preserving exploratory traces via append-based correction is more effective
than overwriting or increasing data volume. We further analyze replay-based optimization under fixed gradient budgets in an
RLOO-based framework, identifying a consistent tradeoff between pass@1 (accuracy) and pass@k (coverage) across training
regimes.

Implementation All experiments use Qwen 2.5-0.5B as the base model. Synthetic problems are generated by brute-force
enumeration. Corrections use a verified solver; traces are written to match the original dataset’s style and length. GSM8K
examples are normalized to the same <think>/<answer> format as Countdown, with inline calculator annotations stripped and
operator spacing standardized. Evaluation uses 50 Countdown problems × 16 rollouts, scored by the rule-based verifier.

Results Appending format-consistent corrections to original traces achieves pass@16 of 88%, i.e. +10.0 percentage points
(pp) over baseline, with competitive pass@1 of 36.8% (+5.4pp), suggesting that preserving exploratory reasoning while adding
correctness signal improves high-k performance. Multi-trace augmentation with 3K new problems concentrates its gains at
higher k (+4.0pp at pass@16) with more modest gains at low k (+2.6pp at pass@1), while combining it with fixed OG slightly
improves low-to-mid-k performance (pass@1 of 36.9%) but slightly reduces pass@16 (86%). Adding GSM8K achieves the
strongest pass@1 performance at 39.8% (+8.4pp) while reducing high-k performance, suggesting cross-task transfer primarily
improves single-sample accuracy. Replay-based RL similarly exhibits a clear replay–staleness tradeoff. Moderate replay reuse
improves sample efficiency and can outperform purely on-policy optimization, while larger replay budgets reduce performance
despite importance weighting corrections, suggesting that replay provides useful additional optimization signal but becomes
increasingly sensitive to policy drift as trajectories age.

Discussion The key finding is that how augmentation is applied matters more than how much data is added. Append-based
correction preserves the exploratory search behavior in original traces while adding correctness signal. Multi-trace diversity
improves coverage at higher k, while cross-task transfer from GSM8K improves single-sample accuracy at low k, suggesting
these two mechanisms target complementary parts of the pass@k curve. Replay-based optimization similarly exhibits a tradeoff:
moderate trajectory reuse improves sample efficiency, while aggressive replay introduces instability from stale trajectories.
Limitations include the small evaluation set (50 problems), single model scale, and limited repeated trials due to computational
constraints. Because most experiments were evaluated using a single training run, some reported differences may partially reflect
training stochasticity rather than systematic effects.

Conclusion Effective SFT augmentation for RLVR warmstarting could be done with additive correction, diverse reasoning
paths, and format consistency. Append-based correction is the strongest single intervention; combining it with multi-trace
synthetic examples gives the best overall warmstart profile for downstream RL fine-tuning. Replay-based optimization further
suggests that moderate trajectory reuse can reduce rollout requirements, although aggressive replay introduces instability from
stale trajectories.
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Abstract
We study how SFT data augmentation affects warmstart quality for reinforcement learning with verifiable

rewards on the Countdown arithmetic reasoning task. Using Qwen 2.5-0.5B, we find that appending
format-consistent corrections to original traces achieves pass@16 of 88% (+10.0pp over baseline) while
preserving exploratory diversity. Multi-trace augmentation with 3K new problems improves coverage at

higher k, while GSM8K cross-task mixing improves low-k accuracy; append-based correction dominates at
the highest k, suggesting the mechanisms target different aspects of warmstart quality. Preliminary

experiments establish that replacing wrong examples hurts, and noisy but exploratory traces in the original
dataset carry training signal that cannot be recovered downstream. We further study replay-based RL

optimization and find that moderate replay reuse can reduce rollout requirements while remaining competitive
with on-policy optimization, although aggressive replay introduces instability from stale trajectories.

1 Introduction

Reinforcement learning with verifiable rewards has emerged
as a practical approach to improving reasoning in language
models DeepSeek-AI (2025); Pan et al. (2025). A common
pipeline applies SFT to warm-start the policy before online RL,
using the SFT model as both initialization and KL reference.
The quality of this warmstart shapes the diversity of rollouts
the policy generates and the density of reward signal available
early in training.

A second challenge concerns the cost of online RL itself. Al-
gorithms such as RLOO are typically formulated as on-policy
methods and are most commonly applied using freshly sam-
pled trajectories at each update, requiring repeated rollouts
throughout training (Ahmadian et al., 2024). While standard
formulations assume on-policy data, off-policy reuse of tra-
jectories is possible with appropriate corrections, though it
is less commonly explored in RLVR settings due to potential
instability from distribution mismatch.

Recent work on Maximum Likelihood Reinforcement Learn-
ing (MaxRL) (Tajwar et al., 2026) studies a reweighted per-
spective on policy optimization that connects reinforcement
learning objectives with importance-weighted likelihood max-
imization, providing a motivation for studying alternative
weighting schemes under off-policy data reuse.

We therefore investigate whether explicit trajectory replay,
combined with standard importance-style corrections, can
improve sample efficiency in RLVR settings for arithmetic
reasoning.

The base SFT dataset used in this project
(cog_behav_all_strategies) contains reasoning traces
for Countdown, a task requiring the model to combine a set of
numbers using arithmetic operations to reach a target value.
An analysis of this dataset reveals that approximately 60% of
examples contain arithmetic errors: either wrong final values
(42.5%) or violations of the number constraints (17.5%). This
raises a natural question: does training on wrong examples
hurt, and can targeted augmentation fix it?

We run a series of controlled experiments varying the aug-
mentation strategy while holding the model, task, and eval-
uation protocol fixed. The goal is to maximize pass@k for
k ∈ {1, . . . , 16}, with emphasis on high-k performance as re-
sponse diversity at inference time provides a richer distribution
for downstream RL fine-tuning.

We study (i) how SFT data augmentation affects warmstart
quality and (ii) how replay-based RL can reduce sampling
costs in RLVR training.

2 Related Work

Data quality for SFT warmstarting has received growing atten-
tion in the context of reasoning models. DeepSeek-AI (2025)
show that the “aha moment” in RL, where the model learns
to self-correct, depends critically on the quality of the SFT
initialization. Yang et al. (2024) show that extracting salient
entities from a small domain-specific corpus and generating
diverse text by drawing connections between them enables
more data-efficient knowledge acquisition during continued
pretraining, demonstrated on a long-form QA domain. Lee



et al. (2024) show that preference labels generated by an off-
the-shelf LLM can match human feedback in downstream RL
quality, and that directly using LLM reward scores during
RL outperforms training a separate reward model. Pan et al.
(2025) have shown that even a small, noisy SFT dataset can
serve as an adequate warmstart if it covers the task format,
because RLVR will correct the answer distribution.

Replay-based reinforcement learning has long been used to
improve sample efficiency by reusing previously collected
trajectories, though off-policy training introduces challenges
related to distribution shift, including stale trajectories and
policy mismatch. Recent work on Maximum Likelihood Rein-
forcement Learning (MaxRL) (Tajwar et al., 2026) provides a
reweighted perspective on policy optimization that connects
reinforcement learning with likelihood-based objectives, and
highlights how importance-style weighting can be used to
reinterpret gradient updates under off-policy data. In contrast,
most reinforcement learning with verifiable rewards (RLVR)
systems have primarily focused on on-policy optimization due
to its simplicity and stability, motivating further investigation
into the effectiveness of explicit trajectory replay in reasoning
tasks.

3 Methods

3.1 Base Dataset and Audit

The base SFT dataset contains 1,000 training and 200 test
examples. Each example is a Countdown problem paired with
a reasoning trace in <think> tags and a final expression in
<answer> tags. Our simple scripted analysis finds 40% of
examples are fully correct, 42.5% have correct number usage
but wrong arithmetic, and 17.5% use numbers not in the input
set.

3.2 Preliminary Augmentation Strategies

Preliminary experiments explored three directions to under-
stand what data properties matter for warmstart quality.

Synthetic augmentation. We generate 1,000 new Count-
down problems solved by brute-force enumeration. Each ex-
ample’s <think> block must end with a Final expression:
solution line that is character-identical to the <answer> tag,
directly targeting the connection between the model’s reason-
ing and final answer. Each example shows 1-3 wrong attempts
followed by the correct one, with triple verification before
saving to ensure answer correctness. Although the style of this
reasoning might differ from the original data, synthetic data
provides structure and correct examples:

<think>
Try 3 + 5 * 2 = 13, not 11. Skip.
Try 2 + 9 = 11. Yes!
Final expression: 2 + 9

</think>
<answer> 2 + 9 </answer>

Replacement-based correction. For each wrong example in
the SFT dataset, a verified solver finds a valid expression and

a correction block is injected. Three variants were explored:
appending a self-correction sentence, truncating at a pivot
step 4 if no intermediate results were achieved and injecting
a scripted bridge, and context-aware bridges matched to the
expression structure using an LLM. In all variants, original
wrong traces are replaced.

<think>
1. First, let’s see if we can work backwards from 44:

- 88/2 = 44, so we need to make 2 from the rest

2. Let’s try to get 2 using 83, 10, and 78:
- 83-78 = 5 (getting closer)
- 10/5 = 2 (this could work!) <- truncated here

[LLM or script-generated bridge]:
Wait -- 5 = 83 - 78 is actually the key.
10 / 5 = 2 -- a factor of 44.
Then 88 * 5 = 440, and 440 / 10 = 44. [OK]
</think>
<answer> (88 * (83 - 78)) / 10 </answer>

Stacking. Rather than replacing wrong examples, corrected
versions are stacked alongside originals. The training set
comprises the original 1K noisy traces, 600 programmatically
corrected versions, and 200 LLM-written corrections (∼1,800
total).

Multi-task SFT. We also evaluated mixing the countdown
dataset with GSM8K arithmetic problems normalized to the
same <think>/<answer> format.

3.3 Final Augmentation Strategies

Informed by preliminary findings, the final runs apply two
interventions.

Append-based correction (Fixed OG). Every original trace
is preserved in full. For wrong and invalid examples, 2–4 con-
tinuation steps are appended that explicitly name the error
(wrong arithmetic, illegal number reuse), show corrected inter-
mediate computations, and end with a verification line. Steps
are written to match the numbered-step and sub-bullet format
of the original dataset. Correct examples receive a short ver-
ification step only, e.g. “Let me double-check:”, “Verifying
the solution:”, with a closing “Correct!” / “✓” / “That’s the
target!”. Because corrections are appended in place to each
existing trace, the dataset remains ∼1,000 training examples.

<think>
[full original steps 1-4, including wrong conclusion]

5. Let me write this out cleanly: <- bridge starts
- 83 - 78 = 5
- 10 / 5 = 2
- 88 / 2 = 44
So (88 * (83 - 78)) / 10 = (88 * 5) / 10 = 440 / 10 = 44.

</think>
<answer> (88 * (83 - 78)) / 10 </answer>

Multi-trace augmentation. New Countdown problems not
in the original 1K are generated with up to 3 valid solution
traces each, covering diverse operator combinations. Traces
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follow the original dataset format exactly: motivated explo-
ration, commentary (“too large”, “getting closer”), and a sepa-
rate verification step. We evaluated 3K new traces and found
that scaling to 9K hurt performance, suggesting diminishing
returns from volume without matched format quality.

Combined dataset. The final combined condition merges
2K multi-trace examples with 1K fixed OG traces (∼3,000
total). A further variant adds 3K GSM8K arithmetic problems
normalized to the Countdown format, with inline calculator
annotations stripped and operator spacing standardized, giving
a 6K mixed dataset.

3.4 RL Objective and Training Setup

We study reinforcement learning with verifiable rewards
(RLVR) using a sequence-level policy optimization objective.
Let πθ denote the policy and R(τ) ∈ {0, 0.1, 1} the termi-
nal correctness reward for a trajectory τ (with 0.1 for correct
format but incorrect answer). The objective is:

J(θ) = Eτ∼πθ
[R(τ)].

We estimate policy gradients using a group-based leave-one-
out (RLOO) estimator. Given a set of K trajectories sampled
under the same prompt, the RLOO baseline is computed as
the mean reward of the other trajectories in the group:

bLOO(τi) =
1

K − 1

∑
j ̸=i

R(τj),

yielding sequence-level advantages:
ARLOO(τi) = R(τi)− bLOO(τi).

The resulting policy gradient is:
∇θJ ∝ Eτ∼πθ

[ARLOO(τ)∇θ log πθ(τ)] .

MaxRL-style inverse-success weighting. We apply inverse-
success weighting inspired by Maximum Likelihood Rein-
forcement Learning (MaxRL) to reweight trajectory contri-
butions during optimization. This is motivated by the obser-
vation that, under both on-policy sampling and replay, high-
reward trajectories can become overrepresented in the effec-
tive training distribution, reducing gradient diversity and over-
amplifying dominant successful modes.

Let G(i) denote the group of trajectories used to form the base-
line for trajectory i (or the set of replay-sampled trajectories
in a training step). We define a group-level success estimate:

R̄G(i) = Ej∈G(i)[Rj ],

and the inverse-success weight:

wi =
1

ϵ+ R̄G(i)
.

This weighting increases the contribution of trajectories from
low-success groups and reduces the dominance of frequently
successful ones, preventing the model from collapsing to a few
successful modes already in the replay buffer. This weighting
is applied in both training regimes. In both training regimes,
regardless of number of gradient updates per rollout, training
is performed for exactly 100 gradient updates.

3.5 On-Policy Training (Single-Pass)

Our on-policy baseline performs standard single-pass opti-
mization using freshly sampled trajectories. Each trajectory
is used once per gradient update and then discarded. This
setting uses RLOO advantages together with MaxRL-style
inverse-success weighting, but does not reuse past trajectories.

3.6 Replay-Based Training (Off-Policy Extension)

We extend training with an explicit replay buffer that stores
previously sampled trajectories. Each trajectory can be reused
for multiple optimization steps, controlled by a gradient budget
G ∈ {2, 4, 8}.

Concretely, after each newly generated rollout is added to the
buffer, we uniformly sample G trajectories from the replay
buffer and perform a separate gradient update for each sam-
pled trajectory. This results in G replay-driven optimization
steps per newly generated rollout, increasing sample efficiency
while keeping rollout generation fixed.

Because replayed trajectories are generated under older poli-
cies, we correct for distribution shift using importance sam-
pling. Let πold denote the behavior policy under which a
trajectory was collected. We compute:

ρ(τ) =
πθ(τ)

πold(τ)
.

Policy optimization uses a clipped surrogate objective:

Lpolicy(θ) = −E [min (ρ(τ)w(τ)A(τ), clip(ρ(τ), 1± ϵ)w(τ)A(τ))] ,

where w(τ) is the inverse-success weight and ϵ = 0.2.

3.7 Advantage Estimation

We evaluate two advantage estimators within both training
regimes.

Sequence-level. We use the group-based leave-one-out esti-
mator defined above to compute sequence-level advantages:

A(τi) = R(τi)− bLOO(τi).

Value-based. We train a learned value function Vϕ(st) over
hidden states to predict expected terminal reward from state
st and compute token-level advantages:

At = R(τ)− Vϕ(st),

where R(τ) is the terminal reward. The value function is
trained using Monte Carlo returns, and we apply a short
warmup phase before enabling policy updates.

3.8 Novelty

Our work studies RLVR performance through the joint lens
of supervised fine-tuning (SFT) warmstarting and reinforce-
ment learning optimization. Unlike prior work that treats data
augmentation or RL training in isolation, we systematically
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compare multiple SFT augmentation strategies and show that
preserving original erroneous traces with appended corrections
is more effective than overwriting them, suggesting that ex-
ploratory structure in data plays a key role in downstream RL
performance. We further investigate replay-based optimiza-
tion under fixed gradient budgets in an RLOO-based RLVR
setup, isolating the effect of trajectory reuse under controlled
off-policy corrections. Finally, we identify a consistent sep-
aration between pass@1 (accuracy) and pass@k (coverage),
showing that different augmentation strategies preferentially
improve one regime over the other.

3.9 Experimental Setup

Task and Dataset. We study Countdown arithmetic reason-
ing: given a set of 3–4 integers, the model must produce an
arithmetic expression (using +, −, ×, ÷) that equals a target
value. The base SFT dataset (cog_behav_all_strategies)
contains 1,000 training and 200 test examples, each pairing a
Countdown problem with a reasoning trace in <think> tags
and a final expression in <answer> tags. RL training uses
problem prompts from asingh15/countdown_tasks_3to4.
All experiments use Qwen 2.5-0.5B as the base model, fine-
tuned with full parameter updates in bfloat16 precision.

SFT Training. SFT uses AdamW with learning rate 5 ×
10−5, a cosine schedule with 5% linear warmup, weight de-
cay 0.01, and gradient clipping at 1.0. We train for 6 epochs
with per-device batch size 64 and gradient accumulation over
8 steps (effective batch size 512). Maximum prompt and
response lengths are 512 and 1,024 tokens, respectively. Gra-
dient checkpointing is enabled throughout.

RL Training. On-policy RLOO uses learning rate 1× 10−5

with a constant schedule, per-device batch size 128, gradient
accumulation 128, rollout group size K=8, entropy coefficient
0.001, and KL penalty coefficient 0.001. Sampling during
training uses temperature 1.0 (top-p=1.0, top-k disabled). All
conditions train for exactly 100 gradient updates, fixing the
gradient budget for controlled comparison. Maximum context
length is 2,048 tokens.

Off-Policy Extension. Off-policy runs add a replay buffer
(size 10), PPO clipping with ϵ=0.2, and importance-sampling
corrections. The gradient budget G ∈ {2, 4, 8} controls the
number of replay-driven gradient updates per newly sampled
rollout. Value-baseline conditions train a Monte Carlo value
function (pure terminal reward targets; n=2048 step returns)
with a 50-rollout warmup before policy updates are enabled.
Gradient clipping is applied independently to the backbone and
value head to prevent the 500M backbone from dominating
the value head gradient norm. All off-policy runs otherwise
share the same optimizer and budget settings as the on-policy
baseline.

Baselines. For SFT, the unaugmented Baseline SFT is
trained on the original 1,000 examples without modification,
establishing a data-quality lower bound against which aug-
mentation gains are measured. For RL, the On-Policy Max

RLOO baseline applies RLOO with MaxRL inverse-success
weighting and no replay. This is the natural comparison point
because RLOO is the standard RLVR algorithm in prior work
on small-scale reasoning (Ahmadian et al., 2024; Pan et al.,
2025), and applying MaxRL weighting uniformly across all
conditions isolates the effect of replay from the effect of the
weighting scheme.

Evaluation. We evaluate pass@k for k ∈ {1, 2, 4, 8, 16} on
50 held-out Countdown problems with 16 rollouts each (800
total responses per condition), scored by a rule-based verifier
that assigns reward 1 for a valid expression using exactly the
given numbers that evaluates to the target, and 0 otherwise.
Pass@k is estimated as the probability that at least one of k
independent samples is correct. We report across the full range
of k because pass@1 and pass@16 capture distinct warmstart
properties: pass@1 reflects greedy accuracy, while pass@16
reflects coverage—how often any correct solution appears
in the rollout distribution. High-k coverage is particularly
important for downstream RLVR, where a more diverse rollout
distribution provides denser reward signal early in training.
Evaluation sampling uses temperature 0.6, top-p=0.95, and
top-k=20. The 50-problem evaluation set was chosen to fit
within a single GPU evaluation pass while providing stable
estimates at k=16; we acknowledge in the limitations that this
size constrains statistical power.

Hardware. All training and evaluation runs on a single
NVIDIA H100 GPU via Modal, with a 24-hour job timeout.

4 Results

4.1 Preliminary Augmented Dataset Experiments

Figure 1 shows pass@k curves for five preliminary conditions.
Three findings shaped the final augmentation strategy.

More Countdown examples drive gains at low k. Adding
1K synthetic examples improves pass@1 from 31.4% to
38.8%, despite the format not matching the original dataset
exactly. The gain is concentrated at low k, suggesting the
model learns to commit more decisively to a verified answer.
We attribute this to the explicit try-evaluate-reject structure in
the synthetic traces, which teaches the model that <answer>
should be the last expression confirmed in <think>. For-
mat consistency proved necessary to achieve any pass@k
improvement, and scaling synthetic data beyond 1K yielded
diminishing returns, likely due to the mechanistic nature of
the generated reasoning.

Replacing wrong examples hurts. Programmatically re-
placing the ∼60% of wrong examples degrades performance
across all k. Even arithmetically incorrect traces carry use-
ful signal: they demonstrate exploratory search behavior that
the model needs to learn how to reason, not just what cor-
rect answers look like. This signal cannot be recovered by
downstream RLVR if it was never present in the warmstart.
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Figure 1: Pass@k curves for preliminary augmentation conditions. Replacing wrong examples programmatically (green) is
the only condition that degrades performance across all k. Synthetic augmentation (orange) gives the best pass@1. Stacking
corrected traces (red) achieves the best pass@16. GSM8K mixing (brown) closely tracks stacked fixed at low k and converges
near it at high k.

Stacking corrections preserves diversity while adding cor-
rectness signal. Keeping the original noisy traces and stack-
ing corrected versions alongside them avoids the truncation
problem. This achieves the best pass@16 among prelimi-
nary conditions (+6.0pp over baseline), at the cost of weaker
pass@1, a reasonable tradeoff for a warmstart entering RLVR.

Mixing with GSM8K arithmetic problems gives further
gains at high k, suggesting cross-task reasoning transfer,
though pass@1 remains below the synthetic augmentation
condition.

These experiments establish five design requirements for the
final experiment: (1) verified correct expressions; (2) diverse
reasoning paths; (3) balanced 3- and 4-number difficulty; (4)
trace format and length matched to the original; and (5) addi-
tive rather than replacement correction.

4.2 Final Augmentation Results

Results are shown in Table 1 and Figure 2. Due to the large
number of experiments and computational constraints, it was
not feasible to test multiple seeds.

Appending corrections to original traces is the strongest
single intervention. Fixed OG (append) retains every orig-
inal trace in full and appends 2–4 format-consistent LLM-
generated continuation steps that explicitly name the error,
show corrected arithmetic, and end with a verification line.
This achieves pass@16 of 88% (+10.0pp over baseline) while
keeping pass@1 competitive at 36.8%. Critically, this ap-
proach preserves the full exploratory structure of the original
traces, consistent with the finding from preliminary experi-
ments that truncation is harmful.

Multi-trace augmentation improves high-k coverage but
not single-sample accuracy. Adding 3K new problems with
multiple valid solution traces per problem concentrates its
gains at higher k, improving pass@8 (+5.2pp) and pass@16
(+4.0pp) over baseline, while pass@1 gains are modest
(+2.6pp), below both the synthetic and correction conditions.
Increasing to 9K multi-trace examples did not further improve
performance and in some configurations hurt it, suggesting
diminishing returns from volume alone when trace format and
length distribution are not tightly controlled.

Combining corrections and multi-trace trades high-k cov-
erage for balanced performance. The combined condition
(2K multi-trace + 1K fixed OG) achieves the best pass@8
of 81.8% and edges out fixed OG alone at every k ≤ 9 (e.g.
pass@1 of 36.9% and pass@8 of 81.8% vs 36.8% and 81.4%),
but pass@16 drops to 86% compared to 88% for corrections
alone. This suggests that while multi-trace diversity broadens
mid-range coverage, it partially dilutes the high-k gains from
correction, likely by introducing more varied expressions but
less varied in reasoning and consistently formatted traces.

Adding GSM8K improves pass@1 at the cost of pass@8.
The full combined condition (2K multi-trace + 1K fixed OG
+ 3K GSM8K) achieves the best pass@1 of 39.8% (+8.4pp
over baseline), suggesting cross-task arithmetic transfer from
GSM8K improves single-sample accuracy. However, pass@8
drops to 78.9% compared to 81.8% for the combined condition
without GSM8K, indicating that the addition of out-of-domain
data slightly reduces Countdown-specific coverage at interme-
diate sample budgets.
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Figure 2: Pass@k curves for final chosen augmentation conditions. The green curve (data with appended corrections) achieves
the best pass@16 of 88%. Combining multi-trace new synthetic examples with fixed OG (purple) is slightly better than fixed OG
alone at low-to-mid k ≤ 9 but falls slightly short of it at the highest k. Adding GSM8K (brown) gives the best pass@1 but lower
pass@16 than fixed original SFT. Multi-trace alone (red) is inferior to the correction-based conditions across all k; synthetic 1K
(orange) is competitive at pass@1 but falls behind at k ≥ 2.

Table 1: Pass@k on the Countdown test set, final augmentation conditions.
Condition pass@1 pass@2 pass@4 pass@8 pass@16

Baseline SFT 31.4% 47.0% 61.2% 71.6% 78.0%
Synthetic 1K 38.8% 54.6% 67.0% 74.8% 80.0%
Fixed OG (append) 36.8% 54.8% 70.8% 81.4% 88.0%
Multi-trace v2 (3K) 34.0% 50.9% 66.3% 76.8% 82.0%
Multi-trace (2K) + Fixed OG (1K) 36.9% 55.2% 71.7% 81.8% 86.0%
Multi-trace (2K) + Fixed OG (1K) + GSM8K (3K) 39.8% 56.0% 69.4% 78.9% 86.0%

4.3 Preliminary Off-Policy Experiments

Four rounds of development shaped the final off-policy con-
figuration, each identifying a concrete failure mode and moti-
vating a targeted fix.

Run 1: Baseline comparison. Three conditions were eval-
uated: standard on-policy RLOO, on-policy RLOO with the
MaxRL inverse-success weighting, and off-policy MaxRL
inverse-success weighting with replay enabled (buffer size 10,
G=1) Figure 3.

Run 2: PPO clipping and grad-step sweep. With clipping
in place, the logged importance_ratio_clipped_frac in-
creased monotonically with G, confirming that heavier replay
pushes the policy further from the collection policy before the
buffer refreshes. Among the sweep conditions, G=4 generally
produced the best pass@k, while G=8 began to degrade —
consistent with clipping being insufficient to stabilize very

stale batches. This established that moderate reuse (G=2–4)
is the viable operating range.

Run 3: Learned value function — failure and diagnosis.
Run 1 showed that the RLOO leave-one-out baseline has high
variance when the replay buffer mixes batches from different
policy versions. A learned value function was added as a
lower-variance alternative, with n=4 step returns and a 20-
step critic warmup. The run failed: warmup/value_loss
was flat at ∼0.002 across all 20 warmup steps and RL training
showed no improvement. The root cause was that with n=4
and responses up to 1024 tokens, only the final 4 tokens of each
response received the terminal reward R as their value target;
all other positions bootstrapped from a near-zero initialized
critic. Approximately 99.6% of tokens therefore trained the
critic to predict zero, which it already did. The expected
warmup loss if every token saw the real reward is 0.292 ≈
0.084; the observed loss of ∼0.002 is roughly 4/1024 ≈ 0.4%
of that, confirming the critic received almost no useful signal.
As a consequence, token-level advantages were near zero for
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Figure 3: Pass@k curves for baseline comparisons. “MaxRL" indicates inverse-success weighting was used. Inverse-success
weighting off-policy uses G = 1.

most of the response and the policy received almost no gradient
from the vast majority of its outputs.

Run 4: Fixes and final configuration. Three targeted fixes
addressed the Run 3 failures. First, n was set to 2048, beyond
the maximum response length, so every token’s value target
is the terminal reward R (pure Monte Carlo). This raised the
expected warmup loss to ∼0.084 and provided real signal at
every token position. Second, gradient clipping was applied
independently to the backbone and value head: joint clipping
scaled the value head’s gradient to near zero on every step
because the ∼500M backbone parameters dominated the gra-
dient norm. Third, the warmup was extended to 50 rollouts.
Additional fixes included correcting an argparse default that
silently kept n=4 when not explicitly passed and allowing
backbone gradients to flow during warmup (only policy loss
is zeroed). After these fixes, warmup/value_loss decreased
steadily from ∼0.084, confirming the critic was learning a
meaningful baseline before policy gradients were enabled.

4.4 Final Off-Policy Results

Results are shown in Figure 4 and Table 2. Due to the large
number of experiments and computational constraints, it was
not feasible to test multiple seeds. All off-policy runs use the
RLOO with MaxRL-inspired inverse-success weighting with
PPO clipping (ε=0.2), replay buffer size 10, and Monte Carlo
value targets (n=2048). The on-policy baseline uses the same,
but with no replay buffer (only the most recent rollout is used
for gradient updates).

On-policy RLOO is difficult to outperform at low k. The
on-policy baseline achieves pass@1 of 54.1%, well above
every off-policy variant. Value-baseline conditions cluster
between 33–36% at pass@1 while sequence-level conditions
span 20–32%, degrading sharply with G. That all off-policy
variants underperform at pass@1 despite the MaxRL estima-
tor indicates that importance-sampling correction does not
fully compensate for distribution mismatch from stale replay
trajectories at the single-sample operating point.

Replay reuse exhibits a clear performance–staleness trade-
off. Pass@1 degrades monotonically with G for both base-
line types. For sequence-level baselines the collapse is severe:
32.1% at G=2, 25.8% at G=4, and 20.9% at G=8. For value
baselines the degradation is milder: 36.0%, 35.4%, and 33.1%
respectively, indicating that the learned value function stabi-
lizes training under heavier replay.

Sequence-level G=2 outperforms on-policy at high k.
Despite weak pass@1, the sequence-level G=2 condition
surpasses the on-policy baseline around k=8–9, reaching
pass@16 of 76.0% versus 72.7% for on-policy — a 3.3pp
gain. This reflects a genuine sample-efficiency benefit: fewer
fresh rollouts are needed to achieve the same high-k coverage,
at the cost of substantially worse greedy accuracy.

Value baselines improve robustness under larger reuse bud-
gets. At G=2, the value baseline has slightly lower pass@16
than the sequence-level condition (74.0% vs. 76.0%) but better
pass@1 (36.0% vs. 32.1%). As G increases, the value base-
line’s relative advantage grows: at G=4 it retains pass@16
of 74.0% while the sequence-level condition drops to 68.0%,
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Figure 4: Pass@k curves for off-policy conditions). Replacing wrong examples programmatically (green) is the only condition
that degrades performance across all k. Synthetic augmentation (orange) gives the best pass@1. Stacking corrected traces (red)
achieves the best pass@16. GSM8K mixing (brown) closely tracks stacked fixed at low k and converges near it at high k.

and at G=8 the value baseline maintains a ∼12pp advan-
tage at pass@1 (33.1% vs. 20.9%) despite both converging to
pass@16 of 72.0%. The token-level advantage estimate is less
sensitive to the batch mixing introduced by replay, making it
the more stable choice when trajectory staleness is high.

Value function warmup is critical. An ablation at matched
G=2 with buffer size 10 (Figure 3) reveals a consistent ∼10pp
gap in favor of the value baseline across all k. Without it,
pass@1 collapses to ∼20%, demonstrating that the sequence-
level baseline is insufficient for off-policy batches that mix
trajectories from different policy versions.

5 Discussion

A central finding is that for SFT warmstarting before RLVR,
how augmentation is applied matters more than how much data
is added. Replacing wrong examples removes the exploratory
structure that helps the policy generate diverse rollouts early
in RL training. Appending corrections preserves this structure
while adding a correctness signal. Volume alone, as seen with
9K multi-trace examples, does not substitute for format fidelity
and trace quality/diversity.

A secondary finding is the asymmetry between pass@1 and
pass@16 across conditions. Synthetic examples with struc-
tured try-evaluate-reject reasoning improve pass@1 most,
while data correction and multi-trace augmentation improve
higher-k coverage most. This suggests a distinction between
accuracy (the model reliably commits to the right answer) and
coverage (the model can find a correct answer given multiple

attempts). Both matter for RLVR warmstarting, but through
different mechanisms.

A further observation is that multi-trace augmentation under-
performs in the final evaluation round relative to what its data
volume would predict: despite adding 3K new problems, it
improves pass@1 by only +2.6pp, well below the +7.4pp gain
from the smaller 1K synthetic condition. We suspect this re-
flects format inconsistency within the multi-trace dataset rather
than a limitation of trace diversity itself, consistent with our
broader finding that format fidelity matters more than volume.

A final observation concerns replay-based optimization. Mod-
erate replay reuse improves sample efficiency and can outper-
form strictly on-policy optimization, suggesting that RLVR
does not inherently require fresh trajectories at every update
step. However, increasing replay budgets produces a clear
performance–staleness tradeoff: repeatedly optimizing over
older trajectories eventually degrades performance despite
importance-weighting corrections. This suggests that replay is
beneficial primarily as a mechanism for moderate data reuse
rather than aggressive trajectory recycling (in Table 2, G = 4
performs better than G = 2 and G = 8 when a learned value
baseline is used). We further observe that learned value base-
lines become increasingly important as replay increases (in
Table 2, this is evident from the fact that G = 2 gives us the
best results using the sequence-level baseline). Sequence-level
advantages remain competitive at small replay budgets, but
value-based estimation becomes more robust under larger re-
play settings, suggesting that state-conditioned estimates help
stabilize optimization when replay introduces distribution shift
and stale trajectories.
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Table 2: Pass@k on the Countdown test set, final off-policy RL conditions. On-policy baseline is Max RLOO.
Condition pass@1 pass@2 pass@4 pass@8 pass@16

On-Policy Max RLOO (baseline) 54.1% 64.4% 67.7% 69.2% 72.7%

G=2, Value Baseline 36.0% 49.0% 55.7% 59.9% 74.0%
G=4, Value Baseline 35.4% 50.7% 58.2% 62.4% 74.0%
G=8, Value Baseline 33.1% 47.2% 54.4% 58.6% 72.0%

G=2, Sequence-Level Baseline 32.1% 47.8% 56.4% 61.5% 76.0%
G=4, Sequence-Level Baseline 25.8% 39.4% 47.3% 52.4% 68.0%
G=8, Sequence-Level Baseline 20.9% 33.1% 41.0% 46.6% 72.0%

Limitations include the small evaluation set (50 problems),
single model scale, and limited repeated trials due to computa-
tional constraints. Because most experiments were evaluated
using a single training run, some reported differences may
partially reflect training stochasticity rather than systematic
effects.

6 Conclusion

For SFT warmstarting before RLVR, how augmentation is
applied matters more than how much data is added. Append-
based correction is the strongest single intervention, reach-
ing pass@16 of 88% by preserving exploratory traces while
adding correctness signal. Multi-trace augmentation on its
own concentrates its gains at higher k, and GSM8K cross-task
mixing improves low-k accuracy; however, combining multi-
trace with the append-based corrections improves accuracy
at k ≤ 9 but falls below corrections alone at the highest k.
Based on these findings, we use the multi-trace synthetic +
append-based correction combination as the SFT warmstart
for downstream RL experiments, balancing single-sample ac-
curacy with coverage diversity.

For RL optimization, we find that moderate replay reuse can
improve sample efficiency and outperform strictly on-policy
training, suggesting that RLVR does not inherently require
fresh trajectories for every update. However, larger replay bud-
gets introduce a clear performance–staleness tradeoff, where
repeated optimization over older trajectories eventually de-
grades performance despite importance-weighting corrections.
Value-based baselines become increasingly important in this
regime, indicating that state-conditioned estimates provide
more robust optimization under replay than sequence-level
baselines alone.

Taken together, these results suggest that effective RLVR sys-
tems require both high-quality warmstarts and carefully con-
trolled replay: better initialization improves the distribution of
trajectories available for optimization, while moderate trajec-
tory reuse can reduce online training costs without sacrificing
performance.

Future Directions Future work should evaluate whether the
observed effects of SFT augmentation and replay-based opti-
mization persist at larger scales and across multiple random
seeds, as our experiments were conducted at a single model

scale with limited repeated trials. It would also be valuable
to study more advanced off-policy RLVR methods beyond
RLOO-style updates, including stronger value learning and
more principled sequence-level credit assignment. On the
data side, further work could develop methods that explicitly
balance exploratory trace diversity with correctness, rather
than relying on heuristic append-based or synthetic augmen-
tation strategies. Finally, more principled replay mechanisms
that adaptively control trajectory reuse could help better char-
acterize the performance–staleness tradeoff observed in our
experiments.

7 Team Contributions

• Adhi Daiv: SFT Augmentation experiments and
synthetic data generation; Off-policy RL algorithm
design, implementation, experimental analysis and
write-up.

• Aizada Nurdinova: SFT augmentation experiments;
synthetic data generation and dataset correction
pipeline. Write-up on the augmentation.

• Ellie Sampson: Off-policy RL algorithm, Evaluation
framework; experimental analysis and write-up.

Changes from Proposal Augmentation strategy shifted
from pure synthetic generation to a combined correction-plus-
augmentation approach after preliminary experiments showed
replacement-based correction to be harmful.
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