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Abstract

Direct Preference Optimization (DPO) is well
suited to verifiable reasoning tasks because
preference pairs can be constructed automat-
ically from answer correctness. However, in
iterative DPO, correctness alone does not deter-
mine whether a pair provides a useful training
signal. We distinguish two regimes according
to the origin of the chosen response: On-policy
pairs, where both the chosen and rejected re-
sponses are sampled from the current policy,
and Fallback pairs, where the policy fails to
generate a correct response and the chosen
completion is supplied by a dataset-provided
reference solution. Based on this distinction,
we propose support-aware filtering, which ap-
plies margin-based filtering to On-policy pairs
and a likelihood-based support gate to Fallback
pairs. Experiments on GSM8K and MATH-
500 with Qwen2.5-style 0.5B, 1.5B, and 3B
models show that support-aware filtering yields
its clearest gains on MATH-500 at 1.5B and
3B, while GSM8K and the 0.5B MATH-500
setting are more mixed. Overall, our findings
suggest that preference margins in iterative ver-
ifiable DPO are pair-origin dependent, and that
chosen-response support is a useful signal for
stabilizing fallback supervision.

1 Introduction

Direct Preference Optimization (DPO) provides a
practical approach for aligning language models
with pairwise preferences while avoiding explicit
reward-model training and policy-gradient rein-
forcement learning (Rafailov et al., 2023; Ouyang
et al., 2022). In mathematical reasoning, prefer-
ence labels can often be derived automatically from
answer verification rather than human annotation
(Cobbe et al., 2021; Hendrycks et al., 2021; Light-
man et al., 2024). This naturally leads to an itera-
tive training procedure: sample responses from the
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Figure 1: Support-aware filtering for iterative verifi-
able DPO. On-policy pairs are constructed entirely from
current-policy samples and filtered by implicit reward
margin, while fallback pairs use dataset-provided cho-
sen responses and are filtered by current-policy support.

current policy, verify them, construct preference
pairs, optimize with DPO, and repeat. However,
correctness alone does not determine whether a ver-
ifiable preference pair provides a useful training
signal.

We argue that iterative verifiable DPO contains
an important source of structure that is not cap-
tured by correctness or margin alone: the origin of
the chosen response. If the current policy sam-
ples both correct and incorrect responses for a
prompt, the resulting on-policy pair compares
two trajectories generated by the model being op-
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timized. If the policy fails to generate any correct
response, the chosen completion must instead come
from externally provided fallback solution, form-
ing a fallback pair. Both pair types provide valid
correctness-based preferences, but they play dif-
ferent optimization roles. On-policy pairs support
local preference refinement among policy-sampled
trajectories, whereas fallback pairs may introduce
correct chosen responses that lie outside the current
policy support.

Based on this observation, we propose support-
aware filtering for iterative verifiable DPO. The
method applies margin-based filtering to on-policy
pairs and a likelihood-based support gate to fall-
back pairs, keeping fallback supervision only when
the chosen response remains sufficiently supported
by the current policy. This design is motivated by
recent findings that DPO is sensitive to data dis-
tribution, preference-pair quality, and likelihood
behavior (Zhou et al., 2024; Morimura et al., 2024;
Pal et al., 2024; Yan et al., 2025), while differing
from prior selection methods by explicitly separat-
ing pairs according to chosen-response provenance.
The novelty of our approach is therefore not margin
filtering or fallback supervision in isolation. Rather,
we condition the selection rule on chosen-response
provenance, treating on-policy and fallback pairs as
distinct optimization regimes instead of applying
a single criterion uniformly across the preference
pool.

Experiments on GSM8K and MATH-500 with
Qwen2.5-style 0.5B, 1.5B, and 3B models show
that support-aware filtering gives its clearest gains
on MATH-500 at 1.5B and 3B, while GSM8K
and MATH-500 at 0.5B are more mixed. We
do not claim that support-aware filtering univer-
sally outperforms margin-based or random selec-
tion. Rather, our findings suggest that preference
margins in iterative verifiable DPO are pair-origin
dependent: the same margin can indicate useful
uncertainty for an on-policy pair but support mis-
match for a fallback pair.

2 Related Work

Direct preference optimization and its failure
modes. DPO optimizes a policy directly from
pairwise preferences using a closed-form relation-
ship between the optimal policy and an implicit
reward model (Rafailov et al., 2023), avoiding
the separate reward-modeling and reinforcement-
learning stages used in classical RLHF pipelines

(Ouyang et al., 2022). Subsequent work has stud-
ied variants and limitations of DPO, including
weighted preference optimization (Zhou et al.,
2024), filtered DPO (Morimura et al., 2024), un-
desirable likelihood behavior on preferred exam-
ples (Pal et al., 2024), length exploitation (Park
et al., 2024), and broader training challenges (Yan
et al., 2025). Our work addresses a complementary
data-level issue in iterative verifiable DPO: some
preferred responses are externally injected fallback
solutions rather than samples from the current pol-
icy.

Iterative and self-improving preference opti-
mization. Iterative alignment methods repeatedly
use model-generated data to improve the policy.
SPIN learns through self-play without additional
human annotation (Chen et al., 2024), while self-
rewarding language models use model-generated
judgments for iterative preference optimization
(Yuan et al., 2024). Related methods also target
reasoning, including IRPO (Pang et al., 2024) and
uncertainty-aware IUPO (Li et al., 2025). Recent
evidence suggests that random selection is difficult
to outperform in online DPO with modern LLMs
(Oh et al., 2026). Our results are consistent with
this observation: random matched-budget filter-
ing is a strong baseline, but support information
becomes useful when fallback supervision is off-
support. Closest to our setting are WPO, IRPO, and
IUPO. Unlike WPO, which handles off-policy pref-
erences through weighting, we separate pairs by
chosen-response provenance and apply a support
gate specifically to fallback pairs. Unlike IRPO
and IUPO, our focus is the instability caused by
externally supplied correct responses that were not
sampled from the current policy.

Preference data selection and implicit margins.
Several works study which preference pairs are
most useful for DPO. Active Preference Learning
selects informative examples using uncertainty cri-
teria (Muldrew et al., 2024), while SeRA uses DPO
implicit reward margins for sample selection and
preference bootstrapping (Ko et al., 2025). Less-is-
More and difficulty-based selection further exploit
margin-related signals to improve preference data
selection (Deng et al., 2025; Qi et al., 2025). In con-
trast, we show that the same margin can have dif-
ferent meanings depending on pair origin: for on-
policy pairs, a small margin may indicate a useful
near-boundary comparison, whereas for Fallback
pairs, it may indicate support mismatch between
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the fallback chosen response and the current pol-
icy. Our selection rule is therefore conditioned on
pair origin: margin information is used for policy-
sampled comparisons, while current-policy support
is used specifically for externally supplied chosen
responses.

Verifiable mathematical reasoning. Mathemat-
ical reasoning is a natural testbed for prefer-
ence optimization because correctness can of-
ten be verified automatically. GSM8K evaluates
grade-school math word problems and was intro-
duced with verifier-based solution selection (Cobbe
et al., 2021). MATH contains more challeng-
ing competition-level problems (Hendrycks et al.,
2021), and MATH-500 follows the broader line
of verification-oriented mathematical reasoning
(Lightman et al., 2024).

3 Method

We consider iterative DPO for verifiable reasoning.
Let x denote a prompt and a its ground-truth an-
swer. At iteration t, the current policy πt generates
N candidate responses y1, . . . , yN ∼ πt(· | x). A
verifier V (x, y, a) ∈ {0, 1} determines whether a
response y is correct. We then construct a DPO
preference pair (x, yw, yl), where yw is the chosen
response and yl is the rejected response.

Following DPO, let rt(y | x) = log πt(y | x)−
log πref(y | x) denote the policy-relative implicit
score. We define the implicit reward margin as

mt(x, yw, yl) = β
[
rt(yw | x)− rt(yl | x)

]
. (1)

This margin measures how strongly the current
policy prefers the chosen response over the rejected
response relative to the reference policy.

On-policy pairs. If the sampled responses con-
tain at least one correct response and at least one
incorrect response, we construct an on-policy pair
using a sampled correct response as yw and a sam-
pled incorrect response as yl. Both responses are
generated by the current policy. Under the Bradley-
Terry view of DPO, the preference probability is
σ(mt), and the comparison is most uncertain near
mt = 0. We therefore retain on-policy pairs whose
margins fall within the 10-90 percentile band of the
current round, removing highly saturated compar-
isons while keeping near-boundary examples.

Fallback pairs. If none of the sampled responses
is correct, we construct a fallback pair by using

an external correct response as yw and a sampled
incorrect response as yl. The rejected response
remains on-policy, but the chosen response is sup-
plied by a fallback source. Although this response
is correct under the verifier, it may have low likeli-
hood under the current policy. We therefore com-
pute a length-normalized support statistic:

st(x, yw, yl) = |yw|−1 log πt(yw | x)
− |yl|−1 log πt(yl | x).

(2)

At each round, we compute the median support
score among all fallback pairs and retain only fall-
back pairs whose support score is no smaller than
this median. Equivalently, this support gate keeps
the top 50% of fallback pairs ranked by policy sup-
port. Length normalization is used because DPO-
style objectives can be sensitive to response-length
artifacts (Park et al., 2024). The training set for
round t is the union of the retained on-policy and
fallback pairs. The updated policy then becomes
the generator for the next round. Although the two
pair types are filtered separately within a round,
they are not independent across rounds: updates
from either pair type change the policy, which in
turn changes the next round’s sampled responses,
margins, fallback support scores, and pair compo-
sition. Appendix A gives the DPO-gradient moti-
vation for the support gate.

4 Experiments

Setup. We evaluate support-aware filtering on
GSM8K and MATH-500 using Qwen2.5-style in-
struction models at 0.5B, 1.5B, and 3B scales
(Qwen Team et al., 2024; Yang et al., 2024). For
GSM8K, we use the full training split to con-
struct iterative preference pairs and evaluate on
the GSM8K test split (Cobbe et al., 2021). For
MATH-500, we evaluate on the MATH-500 test set.
For training, we use a fixed 3,000-example sam-
ple from math_full_minus_math500, following
the broader MATH evaluation setting (Hendrycks
et al., 2021; Lightman et al., 2024). The public
GSM8K, MATH, and PRM800K repositories un-
derlying these data and splits are released under the
MIT License. Across both datasets, for fallback
pairs, we use the dataset-provided reference solu-
tion associated with each training example as the
fallback chosen response.

All methods use the same training, generation,
and evaluation configuration across models, bench-
marks, and filtering strategies. We use LoRA-based
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Benchmark Model Base Unfilter Random Small-gap Implicit-
gap

On-policy-
only

Fallback-
only

Ours

GSM8K 0.5B 46.52 48.67 50.87 50.27 47.01 50.64 42.68 51.55
GSM8K 1.5B 68.08 72.78 72.40 71.42 72.33 72.71 69.98 72.93
GSM8K 3B 82.61 86.13 86.05 86.66 86.20 85.82 82.41 86.35
MATH-500 0.5B 21.60 28.40 27.20 26.60 23.80 27.00 19.40 27.00
MATH-500 1.5B 40.17 48.20 48.20 48.00 49.60 48.20 32.60 50.40
MATH-500 3B 58.43 61.00 61.40 60.00 59.00 60.20 59.00 61.60

Table 1: Best greedy exact-match accuracy across iterative DPO rounds. Bold marks the best score in each row.
Unfilter denotes unfiltered DPO, Random denotes random matched-budget filtering, and Implicit-gap denotes
implicit-margin selection. Full round-wise results are reported in Appendix C.

DPO fine-tuning and construct iterative preference
pairs by sampling four responses per prompt; eval-
uation is performed with greedy decoding. Full
hyperparameters are reported in Appendix B.

Baselines. We compare support-aware filtering
against six baselines: unfiltered iterative DPO,
random matched-budget filtering, on-policy-only
training, Fallback-only training, small-gap-only se-
lection, and implicit-margin-only selection. Ran-
dom matched-budget filtering is included because
random selection has been shown to be a strong
baseline in online DPO settings (Oh et al., 2026).
Small-gap-only and implicit-margin-only baselines
test whether margin-based difficulty or uncertainty
alone can explain the gains.

Main results. Table 1 reports the best greedy
exact-match accuracy across rounds. On GSM8K,
support-aware filtering performs best at smaller
model scales, reaching 51.55% with the 0.5B
model and 72.93% with the 1.5B model. At 3B,
small-gap-only selection achieves the strongest re-
sult, reaching 86.66%, while support-aware filter-
ing remains competitive at 86.35%. These results
indicate that GSM8K provides a setting where sim-
pler margin-based heuristics can remain competi-
tive, especially at larger model scale.

On MATH-500, results vary with model scale.
At 0.5B, support-aware filtering reaches 27.00%,
remaining close to random matched-budget filter-
ing at 27.20% but below unfiltered DPO at 28.40%.
At 1.5B, it reaches 50.40%, outperforming all com-
pared baselines in this setting. At 3B, it reaches a
peak accuracy of 61.60%, slightly above random
matched-budget filtering at 61.40%. Because this
difference is small, we interpret the result primarily
as evidence that support-aware filtering remains
competitive with a strong random baseline while
avoiding the instability observed in fallback-only

and implicit-margin training. Fallback-only train-
ing falls to 11.00%, 25.80%, and 36.00% in the
final round at 0.5B, 1.5B, and 3B, respectively;
implicit-margin training at 0.5B also falls sharply
to 8.40%. These results suggest that fallback super-
vision alone, or treating fallback pairs only through
a generic margin criterion, can be ineffective or
unstable.

4.1 Analysis of Pair Origin and Support
The results suggest that pair origin changes how
implicit reward margins should be interpreted in
iterative verifiable DPO. On-policy pairs compare
two responses sampled from the current policy, so
small or moderate margins can indicate useful near-
boundary comparisons. Fallback pairs, however,
use externally supplied fallback chosen responses.
For these pairs, a low or negative margin may re-
flect support mismatch rather than useful uncer-
tainty, because the chosen response can be correct
but poorly supported by the current policy.

Pair construction statistics in Appendix E sup-
port this interpretation. MATH-500 contains a
larger fraction of fallback pairs than GSM8K; at
0.5B, fallback pairs account for 42.0-47.3% of
the retained support-aware training pairs across
rounds. In this low-capability, fallback-heavy
setting, support-aware filtering avoids the severe
degradation of fallback-only and implicit-margin
training but does not outperform unfiltered or ran-
dom selection. We therefore view support-aware
filtering as a stability-oriented rule for iterative ver-
ifiable DPO rather than a universally dominant se-
lection strategy.

To assess sensitivity to training randomness, we
repeat the MATH-500 0.5B and 1.5B experiments
with seeds 43 and 44. Across three seeds, support-
aware filtering obtains 27.20 ± 0.35 at 0.5B and
49.60 ± 0.72 at 1.5B; at 1.5B this is the high-
est mean among the compared methods, although
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differences among the strongest strategies remain
small. Appendix D reports the full multi-seed sum-
mary and pass@5 results.

5 Conclusion
We studied iterative DPO for verifiable mathemati-
cal reasoning and argued that correctness-derived
preference pairs should not be treated as inter-
changeable. We distinguished on-policy pairs,
where both responses are sampled from the current
policy, from fallback pairs, where the chosen re-
sponse is externally supplied when the policy fails
to generate a correct solution. Based on this distinc-
tion, we proposed support-aware filtering, which
applies margin-based filtering to on-policy pairs
and a likelihood-based support gate to fallback
pairs. Experiments on GSM8K and MATH-500
show that the method is strongest on MATH-500
at 1.5B and 3B, while GSM8K and MATH-500 at
0.5B remain mixed and competitive with simpler
filtering heuristics. Overall, our findings suggest
that the usefulness of a verifiable preference pair
depends not only on answer correctness or implicit
reward margin, but also on chosen-response prove-
nance and current-policy support.

6 Limitations

The support gate relies on a simple length-
normalized likelihood statistic, and the filtering
thresholds are fixed across experiments: the 10-90
percentile band for on-policy pairs and the median
support gate for fallback pairs. These choices are
computationally simple and directly tied to policy
support, but they are not the only possible design.
Future work could study alternative support mea-
sures, such as absolute chosen-response likelihood,
reference-normalized likelihood, token-level en-
tropy, or sequence-level rank, as well as adaptive
threshold schedules.

Most primary results use seed 42 with greedy
exact-match evaluation. We additionally repeat
MATH-500 at 0.5B and 1.5B with seeds 43 and
44, and report pass@5 for these robustness runs
(including seed 42 at 0.5B). The GSM8K and 3B
MATH-500 settings remain single-seed, so we con-
tinue to interpret small differences between com-
petitive filtering rules cautiously, especially when
the gap is below one accuracy point. Importantly,
our main conclusion concerns the role of pair ori-
gin and policy support in interpreting preference
pairs, rather than universal dominance of a particu-
lar filtering rule.

The evaluation focuses on mathematical reason-
ing benchmarks with automatic answer verification.
The on-policy/fallback distinction is natural in this
setting because final-answer correctness can be ver-
ified automatically. It remains unclear whether the
same distinction transfers directly to open-ended
instruction following, code generation, or domains
where preference labels are noisy and cannot be
obtained from exact verification. Our experiments
are also limited to Qwen2.5-style models up to 3B
parameters and LoRA-based adaptation, so they do
not establish whether the same behavior persists
for substantially larger models or full-parameter
preference optimization.

Dataset-provided fallback solutions are treated
as correct reference completions, but correctness
does not imply stylistic or distributional alignment
with the current policy. Such responses can differ
in length, reasoning structure, or level of detail
even when they are verifier-correct. The length-
normalized likelihood used by our support gate
provides only a simple proxy for this mismatch
and does not directly measure solution quality or
stylistic compatibility.

Ethical considerations

This work studies post-training methods for mathe-
matical reasoning models. The proposed method
is intended to improve training stability and data
efficiency in verifiable reasoning settings. It does
not directly address broader safety concerns such
as harmful generation, bias, or misuse outside the
evaluated domain. Since the method relies on au-
tomatic verification, care should be taken when
applying it to domains where correctness is am-
biguous or where verifier errors could reinforce
undesirable behavior.
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To see why the support gate is useful, consider the
DPO loss for a preference pair (x, yw, yl):

LDPO = − log σ(mθ). (3)
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Then
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]
. (4)
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θ is

∇θLDPO =− βσ(−mθ)
[
∇θ log πθ(yw | x)

−∇θ log πθ(yl | x)
]
.

(5)

For On-policy pairs, both yw and yl are sampled
from the current policy, so the update refines pref-
erences among trajectories that the model already
generates. For Fallback pairs, however, yw is sup-
plied externally. If yw has very low likelihood un-
der the current policy, the margin mθ can become
highly negative, making σ(−mθ) close to one. The
update is then driven mainly by the score term
∇θ log πθ(yw | x) rather than by a calibrated pref-
erence comparison. This is consistent with recent
analyses showing that chosen responses can dom-
inate DPO optimization and that online DPO can
resemble supervised fine-tuning on chosen comple-
tions under some conditions (Pan et al., 2025). The
support gate therefore keeps fallback pairs whose
chosen responses remain sufficiently close to the
current policy while filtering pairs that are more
likely to induce unstable off-support updates.

B Shared Training and Evaluation
Configuration

The shared training, generation, and evaluation con-
figuration is detailed in Table 2. The table may float
to a nearby page depending on the final ACL lay-
out.

Configuration Value

LoRA rank 16
LoRA alpha 32
LoRA dropout 0.05

LoRA target modules attention and MLP
projection modules

DPO learning rate 5× 10−6

DPO β 0.3
Training epochs per round 1
Scheduler Cosine
Warmup ratio 0.1
Per-device batch size 1
Gradient accumulation steps 8
Maximum sequence length 2048
Maximum prompt length 512
Precision bfloat16
Weight decay 0.0
Maximum gradient norm 1.0
Samples per prompt 4
Sampling temperature 0.7
Sampling top-p 0.9
Maximum generation length 1024
Evaluation decoding Greedy
Evaluation temperature 0.0
Evaluation top-p 1.0

Seed 42 (primary); 43, 44
MATH robustness

Table 2: Shared hyperparameters for training, genera-
tion, and evaluation across all models, benchmarks, and
filtering methods.

Method R1 R2 R3 R4 Best

On-policy-only 48.60 50.64 50.64 49.58 50.64
Implicit 47.01 40.41 35.94 31.69 47.01
Random 48.07 48.82 50.72 50.87 50.87
Small-gap 47.84 48.45 49.73 50.27 50.27
Fallback-only 42.68 40.86 40.03 38.51 42.68
Unfiltered 47.76 48.67 46.40 47.84 48.67
Ours 47.08 49.81 51.55 49.05 51.55

Table 3: Round-wise greedy exact-match accuracy on
GSM8K, 0.5B. Mean base = 46.52.

Method R1 R2 R3 R4 Best

On-policy-only 69.83 70.05 71.95 72.71 72.71
Implicit 70.43 71.72 72.33 72.25 72.33
Random 69.45 70.51 71.19 72.40 72.40
Small-gap 70.36 70.58 71.27 71.42 71.42
Fallback-only 68.54 69.98 67.55 67.70 69.98
Unfiltered 70.20 69.67 71.57 72.78 72.78
Ours 70.20 70.96 71.87 72.93 72.93

Table 4: Round-wise greedy exact-match accuracy on
GSM8K, 1.5B. Mean base = 68.08.

C Full Round-Wise Results

The full round-wise greedy results are reported in
Tables 3, 4, 11, 5, 6, and 7. These tables provide
the per-round values behind the best-accuracy sum-
mary in the main text.
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Method R1 R2 R3 R4 Best

On-policy-only 25.60 27.00 24.40 25.60 27.00
Implicit 23.80 10.40 5.80 8.40 23.80
Random 24.40 25.60 23.60 27.20 27.20
Small-gap 24.60 26.40 26.20 26.60 26.60
Fallback-only 19.40 15.20 14.00 11.00 19.40
Unfiltered 26.80 26.00 24.20 28.40 28.40
Ours 25.20 27.00 26.80 25.20 27.00

Table 5: Round-wise greedy exact-match accuracy on
MATH-500, 0.5B (seed 42).

Method R1 R2 R3 R4 Best

On-policy-only 46.20 48.20 47.80 48.20 48.20
Implicit 46.00 49.40 49.60 48.20 49.60
Random 47.00 46.60 47.40 48.20 48.20
Small-gap 47.60 45.40 48.00 46.80 48.00
Fallback-only 32.60 30.40 24.40 25.80 32.60
Unfiltered 47.20 47.60 48.20 48.00 48.20
Ours 47.40 46.80 48.60 50.40 50.40

Table 6: Round-wise greedy exact-match accuracy on
MATH-500, 1.5B. Mean base = 40.17.

Method R1 R2 R3 R4 R5 R6 Best

On-policy 58.20 59.20 58.20 58.40 60.20 58.80 60.20
Implicit 59.00 56.00 45.20 44.60 42.80 39.00 59.00
Random 59.00 58.60 59.80 57.80 61.40 61.00 61.40
Small-gap 58.60 58.60 58.60 59.40 58.80 60.00 60.00
Fallback 56.20 59.00 52.40 46.40 37.00 36.00 59.00
Unfiltered 58.60 61.00 59.60 58.60 59.40 58.60 61.00
Ours 58.60 60.40 61.20 60.00 61.60 60.60 61.60

Table 7: Round-wise greedy exact-match accuracy on
MATH-500, 3B. Mean base = 58.43

D Additional Robustness Results

Table 8 summarizes best greedy exact-match accu-
racy over seeds 42-44. The 1.5B seed-42 entries
are the primary results reported in Table 1; seeds
43 and 44 are independent repeats. Table 10 reports
pass@5 for the new MATH-500 evaluations. For
these results, pass@5 records whether at least one
of five sampled responses for a problem is judged
correct by the same answer verifier used to con-
struct preference pairs.

E Pair Construction and Filtering
Statistics

The retained pair budget and on-policy/fallback
counts are summarized in Tables 9, 12, and 13.
These statistics show that MATH-500 contains
more fallback pairs than GSM8K.

Method 0.5B 1.5B

On-policy-only 27.47 ± 0.42 49.00 ± 1.22
Implicit 24.00 ± 2.11 49.33 ± 0.46
Random 28.33 ± 1.10 48.87 ± 0.99
Small-gap 27.73 ± 1.10 48.20 ± 0.20
Fallback-only 17.87 ± 1.33 32.60 ± 0.80
Unfiltered 28.73 ± 0.31 48.53 ± 0.42
Ours 27.20 ± 0.35 49.60 ± 0.72

Table 8: Best greedy exact-match accuracy on MATH-
500, mean ± standard deviation over seeds 42-44. Bold
and underline denote the best and second-best mean
within each model scale.

Benchmark Model Raw Kept Kept %

GSM8K 0.5B 5307 3702 69.8
GSM8K 1.5B 2940 2230 75.9
GSM8K 3B 1377 1004 72.9
MATH 1.5B 2181 1496 68.6
MATH 3B 1699 1116 65.7

Table 9: Average retained pair budget for support-aware
filtering across rounds.
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MATH-500 0.5B (3 seeds) MATH-500 1.5B (seeds 43-44)

Method Base Best Final Base Best Final

On-policy-only 45.67 49.00 46.93 62.80 69.70 68.70
Implicit 45.40 42.93 21.07 63.50 68.60 66.50
Random 45.67 47.80 47.00 63.80 68.10 67.20
Small-gap 45.33 48.73 47.40 63.50 66.80 66.40
Fallback-only 45.20 36.87 28.13 64.00 59.10 50.10
Unfiltered 45.80 47.67 45.73 63.50 67.70 66.40
Ours 45.53 45.87 44.53 64.00 69.10 69.10

Table 10: Pass@5 on MATH-500. We report the mean base score, the best score across iterative rounds, and the
final-round score. The 0.5B values average seeds 42-44; the 1.5B values average the two new pass@5 runs with
seeds 43-44.

Method R1 R2 R3 R4 R5 R6 R7 R8 Best

On-policy-only 83.70 82.94 84.61 84.31 85.52 85.22 85.37 85.82 85.82
Implicit-margin 83.55 83.93 84.92 85.75 85.82 86.20 85.44 84.99 86.20
Random 83.09 82.11 83.47 84.23 84.69 84.99 86.05 86.05 86.05
Small-gap-only 82.64 84.00 84.15 84.69 85.22 86.05 86.50 86.66 86.66
Fallback-only 82.41 82.34 82.11 82.03 81.50 81.73 81.12 81.65 82.41
Unfiltered 83.09 84.00 84.99 84.31 84.31 85.97 86.13 85.52 86.13
Ours 82.56 83.24 83.40 85.82 85.45 85.82 85.44 86.35 86.35

Table 11: Round-wise greedy exact-match accuracy on GSM8K, 3B. Mean base = 82.61.

Benchmark Model R1 R2 R3 R4 R5 R6 R7 R8

GSM8K 0.5B 3767/448 3000/406 3111/400 3242/433 - - - -
GSM8K 1.5B 2511/170 1940/159 1960/140 1916/124 - - - -
GSM8K 3B 1139/97 963/85 952/86 865/71 907/60 900/58 881/60 853/54
MATH-500 0.5B 1131/820 923/819 931/835 930/815 - - - -
MATH-500 1.5B 1398/572 840/518 840/516 782/518 - - - -
MATH-500 3B 730/422 689/422 682/427 666/435 688/423 688/421 - -

Table 12: Retained on-policy/fallback pairs per round for support-aware filtering. Each cell reports on-policy kept /
fallback kept.

Benchmark Model R1 R2 R3 R4 R5 R6 R7 R8

GSM8K 0.5B 3767/1491 3846/1348 3952/1332 4047/1444 - - - -
GSM8K 1.5B 2511/564 2434/530 2424/462 2420/413 - - - -
GSM8K 3B 1139/323 1189/283 1172/286 1146/237 1153/198 1136/192 1093/200 1090/180
MATH-500 1.5B 1398/1144 1050/1036 1051/1031 978/1036 - - - -
MATH-500 3B 820/844 863/843 854/854 834/869 862/846 862/842 - -

Table 13: Constructed on-policy/fallback pairs per round before filtering. Each cell reports on-policy raw / fallback
raw.
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