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Abstract
Small base language models (0.5B–3B parameters) often fail to produce structured, scoreable

output in zero-shot mathematical reasoning, leaving reward- and preference-based optimization
with little signal to learn from. Yet the same models reach 80–90% scoreability under few-shot
prompting, so the reasoning capability is present but not expressed by the zero-shot policy.
We propose Advantage-Weighted Direct Preference Optimization (AWDPO), a self-distillation
method that trains models to reproduce their own few-shot reasoning behavior without exemplars
at inference time. AWDPO weights preference updates by the reward gap between an elicited
few-shot trace and the model’s own zero-shot attempt, and stabilizes training with a dynamically
scaled likelihood anchor. On GSM8K with Qwen-2.5 base models, AWDPO recovers over 90%
of the accuracy of fully supervised chain-of-thought fine-tuning using four chain-of-thought
exemplars rather than 7,473 annotated traces, and the resulting models generalize zero-shot
to SVAMP, ASDiv, and MATH-500 without additional training. Methods that do not train
on elicited traces fare far worse, with DPO and GRPO reaching 0% at 0.5B and answer-only
supervised fine-tuning never exceeding 14.4%. We then examine the source of these gains by
comparing AWDPO against single-round self-distillation on few-shot generated traces from
each base model, with parameterization held fixed. The self-distillation objective comes within
2.2 points at 0.5B and 1.5B in-domain under the matched-LoRA comparison and transfers
better out-of-domain at those scales, suggesting that much of the cold-start improvement can be
recovered by distilling elicited behavior without preference optimization.

1 Introduction
Mathematical problem-solving is a widely used benchmark for reasoning in large language models
(LLMs) (Cobbe et al., 2021). Recent work has shown that reinforcement learning (RL) can
substantially improve mathematical reasoning (DeepSeek-AI et al., 2025), but these methods depend
on model outputs being sufficiently structured to yield reliable reward signals. For small base
models, this assumption often fails.

As we show empirically, 0.5B–3B parameter base models frequently produce unstructured,
repetitive, or malformed zero-shot outputs, yielding parseable answers in fewer than 1–8% of cases
(Section 4.1, Figure 1). Yet the same models reach 80–90% scoreability under few-shot chain-of-
thought prompting (Wei et al., 2022). This creates a cold-start regime: useful reasoning behavior
is accessible under prompting but poorly expressed by the zero-shot policy, making parser-based
reward and preference optimization difficult.

We propose Advantage-Weighted Direct Preference Optimization (AWDPO), which
treats this few-shot/zero-shot gap as a self-distillation problem. AWDPO uses few-shot prompting
to elicit structured traces from the model itself, weights preference updates by the reward gap
between few-shot and zero-shot responses, and anchors training on correct few-shot traces. It
requires only four externally supplied CoT demonstrations rather than a full rationale training set.
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On GSM8K (Cobbe et al., 2021), four chain-of-thought exemplars are sufficient to recover over 90%
of the accuracy of a supervised fine-tune using 7,473 generated reasoning traces, with zero-shot
transfer to additional mathematical reasoning benchmarks.

Our central finding, however, is that much of this improvement can be reproduced by directly
distilling few-shot-elicited behavior. We compare AWDPO against single-round self-distillation:
supervised fine-tuning on the model’s own correct few-shot traces under the zero-shot prompt.
With exemplars, questions, answer keys, and parameterization matched, self-distillation closely
approaches AWDPO at the smaller Qwen scales and often transfers better out-of-domain, while
larger differences emerge at 3B. These results show that simple self-distillation of few-shot-elicited
behavior can reproduce much of the cold-start improvement, while the additional gap between
self-distillation and AWDPO is smaller and model-dependent.

In summary, our contributions are:

1. We characterize a cold-start regime in small base models where zero-shot outputs are rarely
scoreable despite substantially stronger few-shot behavior.

2. We introduce AWDPO, a reward-weighted self-distillation method that transfers few-shot
reasoning into zero-shot behavior using four chain-of-thought exemplars and answer supervision.

3. We show through a matched self-distillation comparison that most of the gain comes from
eliciting and distilling correct few-shot behavior rather than from the preference objective
itself.

2 Related Work
Aligning Language Models with Preferences. Our work builds on Direct Preference Op-
timization (DPO) (Rafailov et al., 2023), a stable alternative to RLHF pipelines (Ouyang et al.,
2022). AWDPO departs from standard DPO in two ways that place it within existing families rather
than outside them. First, it replaces the binary preference label with a continuous reward-gap
weight. Using reward or advantage magnitude in alignment objectives has precedent in Reward
Difference Optimization (Wang et al., 2024), which reweights preference pairs using predicted
reward differences, and Advantage-Induced Policy Alignment (Zhu et al., 2023), which directly
incorporates estimated advantages into its policy-alignment loss. Second, our implementation drops
the reference model, which forfeits DPO’s equivalence to a KL-regularized RLHF optimum and
makes the objective a weighted contrastive loss. This places it in the reference-free family alongside
CPO (Xu et al., 2024), whose behavior-cloning term plays the same role as our MLE anchor, ORPO
(Hong et al., 2024), and SimPO (Meng et al., 2024). What distinguishes our setting is the source
of the preference signal: pairs are generated by the model itself under two prompting conditions
and scored against ground-truth answers, requiring no preference annotation or learned reward
model. We train with LoRA (Hu et al., 2022), which matches full fine-tuning on many tasks while
modifying a small fraction of parameters.

Distilling Context and Chain-of-Thought Reasoning. Chain-of-thought prompting (Wei
et al., 2022; Kojima et al., 2022) elicits step-by-step reasoning that improves accuracy on math tasks.
Several works transfer this ability to smaller models by generating rationales from a larger teacher
and fine-tuning students on them (Magister et al., 2022; Li et al., 2023; Wang et al., 2023). We
instead use the model’s own prompted behavior, on base models that lack instruction following. The
closest prior work is context distillation, which internalizes behavior elicited by additional context
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so it can be produced without that context (Askell et al., 2021; Bhargava et al., 2024). Snell et al.
(2022) study this directly for in-context exemplars and step-by-step reasoning, which is the same
premise AWDPO is built on. Also related is STaR (Zelikman et al., 2022), which iteratively filters
and fine-tunes on a model’s own correct solutions, and single-round rejection-sampling fine-tuning
(Yuan et al., 2023). We measure the performance of our preference formulation against these
methods: the single-round self-distillation baseline of Section 3.4 is context distillation instantiated
with our exemplars and training questions, and Sections 4.4 and 4.5 report how AWDPO compares
against it.

3 Method

3.1 Advantage-Weighted Preference Loss

AWDPO uses a preference objective in the style of Direct Preference Optimization (Rafailov et al.,
2023), with two departures from the standard formulation: the preference strength is a continuous
reward gap rather than a binary label, and in all reported experiments we train without a reference
model. This subsection describes the preference component of the objective. The MLE anchor and
the dynamic weight that combines them are described in Section 3.2, and the full objective is given
in Equation 2.

Sampling and pairing. For each training question x we draw G few-shot responses yfs
1 , . . . , yfs

G ∼
πθ(· | prompt(x, K)), generated with K chain-of-thought exemplars in context, and G zero-shot
responses yzs

1 , . . . , yzs
G ∼ πθ(· | x), generated from the question alone. These are combined into G

preference pairs by matching on sample index: (yfs
j , yzs

j ) for j = 1, . . . , G. Samples are not matched
by similarity, length, or any other criterion, so as a result each pair is an independent draw from
the joint of the two generation distributions. We use G = 6 throughout.

Batch construction. A question contributes to training only if at least one of its G few-shot
responses yields a correct final answer. Questions for which no few-shot response is correct are
skipped and replaced by further draws from the training set. The single-round self-distillation
baseline (Section 3.4) applies the same correctness filter, so the two methods train on comparable
question subsets.

Objective. Both responses in a pair are scored with the compound rules-based reward R of
Section 3.3, and we take the signed reward gap

dj(x) = R(x, yfs
j )−R(x, yzs

j ).

We transform this gap with a hyperbolic tangent and decompose the result into a magnitude and a
sign,

wj(x) =
⃓⃓
tanh dj(x)

⃓⃓
∈ [0, 1], sj(x) = sign

(︁
tanh dj(x)

)︁
∈ {−1, 0, +1},

giving the preference loss

LAWDPO(θ) = −E
[︂

wj(x) log σ
(︁
sj(x) β ∆θ(x, j)

)︁]︂
, (1)

∆θ(x, j) = log πθ(yfs
j | x)− log πθ(yzs

j | x),
where the expectation is over pairs drawn as described above. Both log-probabilities in ∆θ

are evaluated under the zero-shot prompt x, including that of the few-shot response. Few-shot
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prompting is therefore used only to obtain candidate structured solutions, so the quantity being
optimized is the zero-shot policy’s relative preference between them. This conditioning applies to
the preference term only. The MLE anchor is conditioned on the few-shot prompt, as described in
Section 3.2.

Three properties follow from this construction. First, the few-shot response is not assumed to
be preferred. In practice, this means that when the zero-shot response receives the higher reward,
sj(x) = −1 and the update moves the policy toward yzs

j instead. Second, because wj(x) ≥ 0, the
loss is bounded below by zero. This is why the weight and sign are separated rather than using the
signed gap dj(x) directly as a multiplier, which would leave the objective unbounded below on pairs
where the zero-shot response scores higher. Third, pairs whose responses receive equal reward have
wj(x) = 0 and drop out of the update entirely, so the weighting acts as a soft filter, with the tanh
bounding wj(x) to [0, 1] so that no single large reward gap dominates a batch.

We set β = 0.1 in all experiments. Our implementation supports an optional reference model, in
which case ∆θ becomes the difference of policy-to-reference log-ratios for the two responses, but all
results reported in this paper are obtained without one.

3.2 Parameterization and Anchoring

In the cold-start regime, the preference term in Equation 1 operates on a signal that is sparse and
partly self-generated. Two additional components complete the method: a low-rank parameterization
and a likelihood term on correct few-shot traces.

Low-rank adaptation We train AWDPO with LoRA (Hu et al., 2022) at rank r = 64 and
scaling α = 64, applied to the attention and MLP projection matrices (target modules listed in
Appendix A.4). This restricts updates to a low-rank subspace and reduces the number of trainable
parameters.

MLE anchor We add a maximum-likelihood term on correct few-shot traces,

LMLE(θ) = −E
[︂
log πθ

(︁
yfs

j | prompt(x, K)
)︁]︂

,

taken over those few-shot responses whose extracted final answer is correct. Two aspects of
this term differ from the preference component. First, its conditioning: the anchor is evaluated
under the few-shot prompt, whereas ∆θ in Equation 1 is evaluated under the zero-shot prompt. The
preference term transfers prompted behavior into the zero-shot policy, meaning that the anchor
is intended to keep the prompted behavior itself from degrading as that transfer proceeds, since
the few-shot generations are what supply the training signal. Second, it does not depend on the
zero-shot policy producing scoreable output, so it remains available when the preference signal is
sparse. Because a question enters a batch only if at least one of its few-shot responses is correct
(Section 3.1), the anchor is active on every batch.

Combining the two terms. The anchor is weighted by a coefficient computed from the current
batch’s scalar loss values,

λdyn =

⎧⎨⎩LAWDPO/LMLE if LMLE > 0,

0.05 otherwise.
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Both losses are read as detached scalars, so λdyn enters the update only as a multiplier. The fallback
constant is rarely used in practice, since a question enters a batch only if at least one of its few-shot
responses is correct and the anchor is therefore active on every batch. The full objective is

Ltotal(θ) = LAWDPO(θ) + λdyn LMLE(θ). (2)

This ratio keeps the two scalar loss values on a comparable scale, which prevents either term
from numerically dominating the sum when they differ by orders of magnitude.

3.3 Reward Function

We use a compound, rules-based reward rather than a learned one. It primarily rewards correctness
of the final answer, with smaller bonuses for using the required output format and for surface
indicators of stepwise reasoning, and small penalties for malformed output. A full breakdown of the
components and their weights is given in Appendix A.3.

The reward is distinct from answer-scoreability as defined in Section 4.1. Formatting and
reasoning-shape terms are computable for outputs from which no final answer can be extracted, so
a generation may receive a nonzero reward while remaining unscoreable, and the reward gap d(x)
between two unscoreable responses is generally nonzero.

3.4 Single-Round Self-Distillation

The step in AWDPO of using few-shot prompting to obtain structured traces from the base model
can be paired with a much simpler objective. We take single-round self-distillation as our primary
comparison because it provides a simpler way to exploit the same few-shot/zero-shot training setup.

Procedure. For each training question x we sample one few-shot response yfs ∼ πθ(· |
prompt(x, K)) using the same k ∈ {2, 3, 4} exemplars as AWDPO, and retain it if its extracted final
answer matches the ground truth. The model is then fine-tuned on the retained traces, conditioned
on the zero-shot prompt:

LSD(θ) = −E
[︂
log πθ

(︁
yfs | x

)︁]︂
. (3)

Training is a single pass: traces are generated once from the base model and not resampled as the
policy changes.

Equation 3 has the same functional form as the MLE anchor of Section 3.2, but differs in
conditioning. The anchor is evaluated under the few-shot prompt and is intended to preserve
prompted behavior. Here the same traces are scored under the zero-shot prompt, which is what
transfers that behavior into the zero-shot policy.

Relation to AWDPO. Self-distillation uses the same question bank, answer keys, exemplar
pool, correctness criterion, and zero-shot inference target as AWDPO. It differs in the optimization
objective and in trajectory generation: self-distillation samples and filters few-shot traces once
from the base model, whereas AWDPO samples multiple few-shot and zero-shot responses and
refreshes them during training. We report self-distillation both with full fine-tuning and with the
same LoRA configuration as AWDPO, so that the latter comparison controls for parameterization
while retaining these procedural differences.
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1: Input: base policy πθ, questions D, K exemplars, reward R, group size G, batch size B.
2: while not converged do
3: B ← ∅
4: while |B| < B do
5: Draw x from D.
6: Sample yfs

1..G ∼ πθ(· | prompt(x, K)) and yzs
1..G ∼ πθ(· | x).

7: if no yfs
j has a correct final answer then

8: Discard x and continue.
9: end if

10: B ← B ∪ {x}
11: end while
12: for each x ∈ B and each j ∈ {1, . . . , G} do
13: dj ← R(x, yfs

j )−R(x, yzs
j )

14: wj ← | tanh dj |, sj ← sign(tanh dj)
15: ∆j ← log πθ(yfs

j | x)− log πθ(yzs
j | x)

16: ℓpref
j ← −wj log σ(sjβ∆j)

17: end for
18: LAWDPO ← mean(ℓpref)
19: LMLE ← −mean

[︁
log πθ(yfs

j | prompt(x, K))
]︁

over correct yfs
j

20: λdyn ← LAWDPO/LMLE if LMLE > 0, else 0.05 ▷ detached
21: θ ← θ − η∇θ

(︁
LAWDPO + λdynLMLE

)︁
22: end while
Algorithm 1: Advantage-Weighted Direct Preference Optimization (AWDPO). Log-probabilities
in ∆j are evaluated under the zero-shot prompt; the MLE anchor is evaluated under the few-
shot prompt.

3.5 Training Algorithm

Algorithm 1 summarizes the full procedure.
Training terminates early if no few-shot response is correct for 100 consecutive draws, which we

treat as a collapse condition and report in Section 5.

4 Experiments

4.1 The Cold-Start Problem

Reward- and preference-based fine-tuning requires that a non-trivial fraction of model outputs be
scorable under the reward function. We show that small base models fail to meet this requirement
zero-shot, while satisfying it under few-shot prompting with the same weights.

Throughout the paper, scoreability refers specifically to answer-scoreability. Following the
rule-based verification setting used in DeepSeek-R1 (DeepSeek-AI et al., 2025), we require the final
answer to appear in a machine-parseable format. Given a generation, we take the contents of the
final <answer> block and attempt to parse the stripped contents directly as an integer. The output
is scoreable if this succeeds, and correct if the parsed integer matches the ground-truth answer.
The same extractor is used for three purposes: measuring scoreability in this section, computing
accuracy in Section 4.4, and deciding which few-shot traces are eligible to enter training. The
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compound training reward (Appendix A.3) additionally includes formatting and reasoning-shape
terms, but these are distinct from scoreability: an output may receive formatting bonuses or penalties
independently of whether a final answer can be extracted from it.

Figure 1 tracks answer-scoreability over the course of AWDPO training. We adopt the XML-
tagged answer format used in the reward construction of DeepSeek-R1 (DeepSeek-AI et al., 2025).
At initialization, zero-shot outputs are rarely scoreable: under 1% for the 0.5B model and 2–8% for
the 1.5B and 3B models. Few-shot prompting, using the same weights, yields 80–90% scoreability
from the start. Because every method in this paper begins from the same base checkpoints, this
gap is a property of the setting rather than of any particular training procedure.
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The Cold-Start Problem: Scoreability During AWDPO Training

Figure 1: Scoreability of model outputs during AWDPO training. Valid Integer Rate measures the
percentage of outputs yielding a parseable integer answer. At initialization (gray region), zero-shot
outputs are largely unscorable (0–8%), while few-shot prompting yields 80–90% scoreability from
the same model. AWDPO closes this gap within a few hundred training steps.

The 0.5B and 1.5B models typically produce repetitive loops or malformed token sequences,
and rarely emit reasoning or answer tags at all. The 3B model more often produces structured,
arithmetically reasonable output, but violates the answer format: it prefixes answers with currency
symbols, appends units, or includes additional natural-language text inside the answer block.
Representative generations are shown in Figure 2.

The difficulty is not that every generation receives zero reward. The auxiliary formatting terms
remain computable for malformed outputs. It is that the correctness-bearing component of the
reward is available for only a small and unrepresentative subset of generations. In such regimes,
updates are dominated by a few atypical trajectories, which produces high-variance gradients
(Schulman et al., 2017) and can lead to mode collapse (Ziegler et al., 2019). Prior work applying
reinforcement learning to base language models reports related instability in the absence of supervised
warmup, including degraded readability and reasoning quality (DeepSeek-AI et al., 2025).

Both methods that train on few-shot-elicited traces resolve the scoreability problem. As Figure 1
shows, AWDPO closes the gap within a few hundred training steps; single-round self-distillation
reaches 98.6%, 99.4%, and 99.4% at 0.5B, 1.5B, and 3B. Both procedures show that training on
few-shot-elicited traces can largely resolve the scoreability problem under either training procedure.

4.2 Experimental Setup

We evaluate on mathematical reasoning tasks, focusing primarily on GSM8K (Cobbe et al., 2021),
a benchmark of grade-school math word problems. To assess zero-shot cross-dataset transfer we
also evaluate on two further word-problem benchmarks, SVAMP (Patel et al., 2021) and ASDiv
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(Miao et al., 2020), and on the competition-level MATH-500 (Hendrycks et al., 2021; Lightman
et al., 2024).

Our primary base models are Qwen-2.5 language models of 0.5B, 1.5B, and 3B parameters
(Qwen et al., 2025). We additionally evaluate Llama 3.2 3B (AI at Meta, 2024) to test whether
our findings hold across model families. All are base checkpoints rather than instruction-tuned
variants, and none reliably follows output-format instructions zero-shot, which is the condition that
produces the cold-start regime described in Section 4.1.

4.3 Baselines

All methods draw on the same underlying resources: the 7,473 GSM8K training questions, their
ground-truth answers, and a set of chain-of-thought solutions generated for those questions by
Qwen 2.5 3B-Instruct. Methods differ in how much of the chain-of-thought set they consume. SFT
trains on all 7,473 generated solutions. The four fixed exemplars used by AWDPO, self-distillation,
Filtered-DPO, and Answer-SFT are drawn from this same set, so no method has access to rationale
data the others could not have obtained. DPO’s preference pairs are also constructed from it: of
the 7,473 questions, 6,921 produced both a scoreable-correct and a scoreable-incorrect response and
so admitted a valid preference pair, while the remaining 552 did not.

The following methods were compared:

1. Few-shot prompting The base model is given all four chain-of-thought exemplars as
demonstrations at inference time, with no fine-tuning. This is the prompting-only reference
point.

2. Answer-SFT Supervised fine-tuning on the 7,473 answer-only question–answer pairs together
with the four chain-of-thought exemplars. This tests whether answer supervision at scale plus
the seed exemplars is sufficient, without any intermediate reasoning supervision.

3. DPO Fine-tuning with the objective of Rafailov et al. (2023) on the 6,921 preference pairs
described above, following the standard configuration with an explicit reference model.

4. GRPO Group Relative Policy Optimization (Shao et al., 2024) applied directly to the base
model with no supervised warmup, using the same reward function as AWDPO. GRPO learns
only from its own zero-shot rollouts, and so tests whether reinforcement learning alone can
bootstrap structured reasoning from sparse rewards.

5. Self-distillation Described in Section 3.4; we report both the full-rank and matched-LoRA
configurations.

6. Filtered-DPO A variant that differs from AWDPO in two respects: the advantage w(x)
is clamped to 1 for every pair, so all pairs contribute equally regardless of the reward gap,
and the preference loss is computed only over pairs whose few-shot trace is correct, rather
than over all sampled pairs. It therefore tests whether filtering to correct traces under an
unweighted objective is sufficient, and is not a clean isolation of reward-magnitude weighting
on its own. Analysis is provided by the component ablations in Section 5.

AWDPO and Filtered-DPO use LoRA with r = α = 64, while DPO, GRPO, Answer-SFT, and
SFT use full-parameter fine-tuning. Self-distillation is reported both at full rank and with the same
LoRA configuration as AWDPO. Because DPO and GRPO differ from AWDPO in parameterization
as well as the objective, we treat them as empirical baselines rather than controlled objective-
level comparisons. The matched-LoRA self-distillation configuration controls for parameterization,
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although it still differs from AWDPO in both optimization objective and trajectory-generation
procedure. Answer-SFT and SFT serve as supervised reference points rather than matched objective
comparisons.

We do not report zero-shot performance of the untrained base models, which produce scoreable
output in under 8% of cases (Section 4.1) and therefore do not yield a meaningful accuracy figure.

During training, AWDPO and Filtered-DPO sample k ∈ {2, 3, 4} exemplars from the fixed set of
four for each instance, to increase prompt diversity across training steps. The few-shot prompting
baseline in Table 1 always uses all four exemplars. Where applicable, methods are trained for the
same number of epochs. Full hyperparameter settings, LoRA target modules, decoding configuration,
and the four exemplars themselves are given in Appendix A.4.

4.4 Results on GSM8K

Table 1 reports zero-shot pass@1 on the GSM8K test set for each method and model size. Pass@1
is the fraction of test questions for which a single sampled generation yields the correct final answer.
We require the stripped contents of the final <answer> block to parse directly as an integer. The
same rule is used for all methods and for the scoreability measurements in Section 4.1.

Standard DPO reaches 0.00% at all three model sizes despite training on 6,921 externally
generated preference pairs. GRPO, which learns only from its own zero-shot rollouts, reaches 0.00%
at 0.5B; it recovers to 46.86% and 44.37% at 1.5B and 3B but does not improve monotonically
with scale and stays well below the four-exemplar methods at both sizes. Answer-SFT, which sees
the same 7,473 questions with answer-only supervision plus the four chain-of-thought exemplars,
reaches 5.35%, 10.24%, and 14.40%. Answer supervision at scale is not sufficient on its own.

Filtered-DPO generates the same few-shot and zero-shot pairs as AWDPO and trains on the
correct few-shot traces without advantage weighting, but reaches only 13.73%, 4.84%, and 56.30%—
non-monotone in model size, and far below both AWDPO and single-round self-distillation, which
both train on few-shot-elicited reasoning traces. Its generations frequently collapse to trivial or
malformed outputs. An unweighted preference objective can therefore discard the benefit of good
elicited traces, which is what motivates the component analysis in Section 5.

Every method that trains on few-shot-elicited traces reaches a large fraction of the fully supervised
reference point while using four externally supplied chain-of-thought demonstrations rather than
7,473. AWDPO attains 94.4%, 92.2%, and 95.0% of SFT accuracy at 0.5B, 1.5B, and 3B. Self-
distillation attains 88.6%, 91.1%, and 90.8% at full rank, and 89.2%, 91.3%, and 85.3% under the
matched LoRA configuration. These are ratios of absolute accuracy, not of the improvement over
any baseline. We report this framing throughout.

Few-shot prompting reaches 24.53%, 56.00%, and 53.78% under our protocol. These figures are
lower than those reported in the Qwen-2.5 technical report for 4-shot chain-of-thought GSM8K
because the prompting, decoding, and evaluation protocols differ. We retain the strict rule rather
than relaxing it for evaluation because the same extractor decides which few-shot traces enter training
and defines the scoreability measurements of Section 4.1. As a result, a looser evaluation-time rule
would decouple reported accuracy from the signal the methods train against. Every method in
Table 1 is scored by this one rule, so the margins we report reflect both arithmetic accuracy and
format adherence.

The comparison of most direct interest is between AWDPO and single-round self-distillation.
They share the question bank, answer keys, exemplar pool, correctness criterion, and, in the matched
configuration, LoRA parameterization, while differing in their objective and trajectory-generation
procedure. Against self-distillation at the matched LoRA configuration, AWDPO leads by +2.14
at 0.5B, +0.61 at 1.5B, and +7.92 at 3B. Against full-rank self-distillation the corresponding
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Method Params pass@1 (%) CoT Exemplars

Qwen-2.5 0.5B
DPO full 0.00 6,921
GRPO full 0.00 0
Answer-SFT full 5.35 4
Filtered-DPO LoRA 13.73 4
4-shot prompting — 24.53 4
Self-Distillation full 36.45 4
Self-Distillation LoRA 36.69 4
AWDPO LoRA 38.83 4
SFT full 41.13 7,473

Qwen-2.5 1.5B
DPO full 0.00 6,921
Filtered-DPO LoRA 4.84 4
Answer-SFT full 10.24 4
GRPO full 46.86 0
4-shot prompting — 56.00 4
Self-Distillation full 63.64 4
Self-Distillation LoRA 63.84 4
AWDPO LoRA 64.45 4
SFT full 69.89 7,473

Qwen-2.5 3B
DPO full 0.00 6,921
Answer-SFT full 14.40 4
GRPO full 44.37 0
4-shot prompting — 53.78 4
Filtered-DPO LoRA 56.30 4
Self-Distillation LoRA 69.71 4
Self-Distillation full 74.22 4
AWDPO LoRA 77.63 4
SFT full 81.75 7,473

Table 1: Zero-shot pass@1 on GSM8K, ordered by accuracy within each model size. Best result per
model size in bold. Params indicates full fine-tuning or a LoRA adapter, and CoT Exemplars the
number of externally supplied chain-of-thought demonstrations; all fine-tuned methods additionally
have access to the answer-only training questions. Self-distillation is reported both at full rank and
with AWDPO’s LoRA configuration (r = α = 64). Single seed.

margins are +2.38, +0.81, and +3.41. At the two smaller scales the margins are small under either
comparison, and on Llama 3.2 3B the ordering reverses, with self-distillation reaching 29.38% against
AWDPO’s 28.81% (Table 4). At 3B, the matched comparison shows a substantially larger in-domain
difference than at the two smaller scales.

The difference between the matched-LoRA and full-rank self-distillation comparisons is larger
at 3B than at the two smaller scales. Full-rank and LoRA self-distillation differ by 0.24 and 0.20
points at 0.5B and 1.5B but by 4.51 at 3B, an effect we return to in Section 5. The 3B in-domain
advantage does not extend uniformly to the transfer benchmarks (Section 4.5).
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4.5 Zero-Shot Generalization to Other Datasets

To test whether the elicited reasoning behavior transfers beyond the dataset it was trained on, we
evaluate every fine-tuned method zero-shot on SVAMP, ASDiv, and MATH-500, with no additional
training and no exemplars at inference. All models in this section are trained only on GSM8K.
Table 2 reports the results for AWDPO, self-distillation in both parameterizations, and the full-rank
SFT reference point.

At 0.5B and 1.5B, self-distillation transfers better than AWDPO on both word-problem bench-
marks, under either parameterization. Under the matched LoRA comparison it leads by 14.4 and
8.4 points on SVAMP and by 10.8 and 6.1 points on ASDiv. The full-rank margins are similar (12.1
and 8.0 on SVAMP, 11.1 and 6.6 on ASDiv). Self-distillation also comes close to the supervised
reference point on these benchmarks: at full rank it reaches 95.8–98.6% of SFT accuracy on SVAMP
and ASDiv at 0.5B and 1.5B, and the LoRA configuration at 0.5B slightly exceeds SFT on SVAMP
(0.552 against 0.543).

At 3B the pattern does not hold. Under the matched comparison AWDPO is ahead on SVAMP
by 0.9 points and behind on ASDiv by 0.6, which is close to parity on both. Full-rank self-distillation,
by contrast, leads AWDPO by 3.9 and 8.4 points on the same two benchmarks. The out-of-domain
ordering at this scale therefore depends on which parameterization self-distillation is given.

That dependence is specific to the largest model. At 0.5B and 1.5B, the two self-distillation
configurations are generally close, with differences of at most 2.3 points across Table 2, indicating
that the two parameterizations yield similar transfer performance at those scales. At 3B they
diverge substantially. This suggests that a rank-64 constraint costs a supervised likelihood objective
a considerable amount of transfer performance at 3B and almost none at 0.5B and 1.5B.

Model Method CoT SVAMP ASDiv GSM8K MATH-500

Params exemplars p@1 p@1 p@1 p@1

0.5B

AWDPO LoRA 4 0.408 0.703 0.388 0.112
Self-Distillation LoRA 4 0.552 0.811 0.367 0.130
Self-Distillation full 4 0.529 0.814 0.365 0.128
SFT full 7,473 0.543 0.826 0.411 0.151

1.5B

AWDPO LoRA 4 0.691 0.862 0.645 0.268
Self-Distillation LoRA 4 0.775 0.923 0.638 0.251
Self-Distillation full 4 0.771 0.928 0.636 0.242
SFT full 7,473 0.805 0.941 0.699 0.295

3B

AWDPO LoRA 4 0.791 0.866 0.776 0.324
Self-Distillation LoRA 4 0.782 0.872 0.697 0.299
Self-Distillation full 4 0.830 0.950 0.742 0.303
SFT full 7,473 0.888 0.961 0.818 0.373

Table 2: Zero-shot pass@1 across math reasoning benchmarks. All models are trained only on
GSM8K and evaluated with no additional training and no exemplars at inference. Best per column
and model size in bold. Self-distillation is reported both at full rank and with AWDPO’s LoRA
configuration (r = α = 64). Single seed.

Absolute accuracy on competition-level problems is low for every method, and the two four-
exemplar methods are close without a consistent ordering. Under the matched comparison, self-
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distillation leads by 1.8 points at 0.5B while AWDPO leads by 1.7 and 2.5 points at 1.5B and 3B.
Against full-rank self-distillation the margins are −1.6, +2.6, and +2.1 for AWDPO in the same
order. Both recover a smaller fraction of the supervised reference here than on the word-problem
benchmarks, consistent with MATH-500 requiring reasoning patterns that four GSM8K-style
exemplars do not cover. The ordering at 3B depends on the self-distillation parameterization: under
the matched-LoRA comparison, AWDPO and self-distillation are near parity on SVAMP and ASDiv,
whereas full-rank self-distillation outperforms AWDPO on both benchmarks.

Large synthetic-augmentation systems reach substantially higher absolute accuracy on these
benchmarks using tens to hundreds of thousands of constructed reasoning traces (Liu et al., 2023;
Yu et al., 2024; Yue et al., 2023; Luo et al., 2025). Our claim concerns data efficiency rather than
accuracy. Four externally supplied chain-of-thought exemplars, combined with answer-only questions
and the model’s own few-shot generations, recover most of what a 7,473-trace supervised fine-tune
achieves in the same setup.

5 Analysis and Ablations
We perform additional analyses to understand AWDPO’s behavior and the importance of its
components.

Model AWDPO w/o Advantage w/o MLE Anchor w/o Both

0.5B 38.83 26.02 4.69 0.89
1.5B 64.45 44.96 38.41 23.80
3B 77.63 8.03 69.39 19.92

Table 3: Component ablation on GSM8K using Qwen-2.5 base models. Full AWDPO outperforms
all variants.

Dependence on base-model few-shot capability. Both four-exemplar methods depend on the
base model producing usable reasoning under prompting. To test how far that dependence extends,
we repeat the comparison on Llama 3.2 3B (AI at Meta, 2024), which exposes far less capability
under prompting than any Qwen model in our study: its 4-shot accuracy is 0.07%, against 24.53%
for the 0.5B Qwen model.

Elicitation still works in this setting. AWDPO reaches 28.81% and self-distillation reaches 29.38%
at full rank and 24.40% under the matched LoRA configuration, against 8.78% for Answer-SFT,
2.11% for Filtered-DPO, and 0% for both DPO and GRPO (Table 4). The ordering among the
failing baselines matches the Qwen results, and GRPO’s 0% here parallels its 0% at Qwen 0.5B, the
two models in our study with the lowest initial scoreability.

The gap to the supervised reference point is substantially larger than for any Qwen model.
AWDPO and full-rank self-distillation recover 52.7% and 53.8% of SFT’s 54.63%, and LoRA self-
distillation 44.7%, compared with 85–95% on the Qwen models. The capability recoverable by
elicitation is bounded by how much the base model exposes under prompting in the first place, and
Llama 3.2 3B exposes very little: with a 4-shot accuracy of 0.07%, few questions yield a correct
trace to train on, which limits how much of the supervised result either method can reach.

The two self-distillation configurations also separate here in the same way they do at Qwen-2.5
3B. Restricting self-distillation to a rank-64 subspace costs it 4.98 points on Llama 3.2 3B and
4.51 points at Qwen-2.5 3B, whereas at 0.5B and 1.5B the two parameterizations differ by roughly
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0.2 points. The same pattern appears in both 3B models, while the smaller Qwen models show
little difference between the two parameterizations. Under the matched comparison AWDPO leads
self-distillation at every configuration we study, by 4.41 points here; self-distillation’s in-domain
advantage on this model appears only when it is given full parameter access.

Method Params pass@1 (%) CoT Exemplars
DPO full 0.00 6,921
GRPO full 0.00 0
4-shot prompting — 0.07 4
Filtered-DPO LoRA 2.11 4
Answer-SFT full 8.78 4
Self-Distillation LoRA 24.40 4
AWDPO LoRA 28.81 4
Self-Distillation full 29.38 4
SFT full 54.63 7,473

Table 4: Zero-shot pass@1 on GSM8K for Llama 3.2 3B, ordered by accuracy. Against the matched
LoRA configuration, AWDPO leads self-distillation by +4.41 percentage points; against full-rank
self-distillation it trails by 0.57. As at Qwen-2.5 3B, restricting self-distillation to a rank-64 subspace
costs it roughly five points (4.98 here, 4.51 at Qwen-2.5 3B), whereas at 0.5B and 1.5B the two
parameterizations differ by around 0.2. The gap to SFT is substantially larger than for any Qwen
model, consistent with this base model’s much weaker few-shot reasoning (0.07% under 4-shot
prompting).

Ablating advantage weighting. We ablated the advantage by clamping w(x) = 1 for all pairs,
retaining the MLE anchor and LoRA at r=64, α=64. Because clamping the advantage also changes
the dynamically scaled MLE coefficient, this comparison should be interpreted as a configuration
ablation rather than a clean isolation of advantage weighting. As shown in Table 3, removing
advantage weighting degrades performance at every scale, and the magnitude varies sharply with
model size: 38.8%→ 26.0% at 0.5B, 64.5%→ 45.0% at 1.5B, and 77.6%→ 8.0% at 3B. The 3B
result is a near-total collapse rather than a degradation. Training curves for these runs are in
Appendix A.4.

Ablating the MLE anchor. We ablated the MLE anchor by removing it entirely, retaining
advantage weighting and the same LoRA configuration. The pattern is the inverse of the advantage-
weighting ablation: accuracy drops from 38.8% to 4.7% at 0.5B, from 64.5% to 38.4% at 1.5B, and
from 77.6% to 69.4% at 3B. The anchor has the largest performance impact at the smallest scale
and least. This is at least consistent with the anchor’s construction: it is computed on correct
few-shot traces under the few-shot prompt, so it supplies a training signal that does not depend on
the zero-shot policy producing scoreable output, and the 0.5B model is the one whose zero-shot
output is least often scoreable.

Combined ablation Removing both components reduces AWDPO to an unweighted preference
objective over unfiltered pairs, training on all few-shot/zero-shot pairs regardless of correctness.
Performance falls at all scales: 0.9% at 0.5B, 23.8% at 1.5B, and 19.9% at 3B (Table 3). At 0.5B,
training did not complete a full epoch; an early-stopping condition triggered after the model failed
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to produce a single correct few-shot response for 100 consecutive iterations, and we evaluate the
last stable checkpoint.

At 0.5B and 1.5B, removing both components is worse than removing either one alone. At 3B
the pattern does not hold: removing both (19.9%) scores higher than removing advantage weighting
alone (8.0%), so at that scale the MLE anchor combined with an unweighted preference loss is worse
than the unweighted loss by itself. The two components therefore interact, and their effects are not
additive.

6 Conclusion
We presented Advantage-Weighted Direct Preference Optimization (AWDPO), which aligns a small
base model’s zero-shot behavior with its own few-shot chain-of-thought reasoning. AWDPO uses the
model’s prompted generations as a pseudo-teacher, weights preference updates by the reward gap
between prompted and unprompted responses, and combines this preference objective with an MLE
anchor on correct traces and a LoRA parameterization. With four chain-of-thought exemplars and
answer-only question–answer pairs, it recovers over 90% of the accuracy of a 7,473-trace supervised
fine-tune on GSM8K at all three Qwen-2.5 scales.

The ablations show that both components of the objective are necessary for it to train, with
advantage weighting mattering most at 3B and the MLE anchor most at 0.5B. The comparison
against single-round self-distillation shows something further, that a simpler supervised objective
can reproduce much of AWDPO’s improvement at the smaller Qwen scales. Fine-tuning directly on
the model’s own correct few-shot traces comes within 2.2 points of AWDPO in-domain at 0.5B and
1.5B under the matched-LoRA comparison and transfers better out-of-domain at those scales, with
a larger AWDPO margin appearing at 3B. What closes the cold-start gap is the elicitation rather
than the objective trained on top of it.

Several directions follow. One is whether the elicitation finding holds outside mathematics, in
domains such as code generation or formal proofs where few-shot prompting helps but large chain-
of-thought corpora are scarce. A second is the scale dependence we observe, since the preference
objective contributes substantially at 3B but little below it, and the same pattern appears in how
much a low-rank constraint costs a supervised objective. Finally, both objectives we study supervise
at the sequence level, whereas recent self-distillation work matches next-token distributions against a
context-conditioned teacher, which supplies dense per-token credit assignment and does not require
a verifiable answer. Applying that to the few-shot/zero-shot gap is a natural next step.

7 Limitations
We compare against Filtered-DPO rather than multi-round STaR due to compute constraints.
AWDPO depends on the base model producing usable few-shot outputs, so gains are smaller when
this capability is weak, as with Llama 3.2 3B. The method complements rather than replaces
supervised fine-tuning when high-quality CoT data is abundant. It also requires ground-truth
answer keys and therefore does not apply when correctness cannot be checked automatically. Finally,
all experiments use a single training seed, so small differences between objectives, especially at 0.5B
and 1.5B, should not be treated as statistically established.
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A Appendix

A.1 Qualitative Analysis of the Cold-Start Regime

Figure 2 illustrates representative zero-shot outputs from Qwen 2.5 base models at initialization.
While few-shot prompting yields structured and scorable reasoning, zero-shot generations frequently
exhibit repetition, malformed tokens, or formatting violations that render them unscorable under
strict parser-based rewards.

A.2 Capacity-Aware KL Diagnostics

Table 5 reports zero-shot pass@1 and token-level KL divergence from the base policy for AWDPO
across model scales and LoRA configurations. All entries are computed from checkpoints taken
after 1,000 training iterations. We include these as a diagnostic of how far each configuration moves
the policy, since the amount of drift varies substantially with the LoRA scaling even when rank is
held fixed.

Across the configurations we ran, the strongest average performance tends to fall at intermediate
KL values. Very small values coincide with limited adaptation, and larger values with degraded out-
of-domain transfer on SVAMP and ASDiv. The KL range associated with stronger performance also
differs by model size, with the smaller models performing better after larger policy shifts. We report
these as exploratory observations rather than validated optima. They rest on four configurations
per model size and a single seed, the measured KL has a standard deviation comparable to or
larger than its mean in several rows, and the configurations were not selected independently of the
observations used to describe them. The main results in this paper use r = α = 64 throughout
rather than a per-scale tuned configuration.

18

https://openreview.net/forum?id=N8N0hgNDRt
https://arxiv.org/abs/2308.01825
https://arxiv.org/abs/2309.05653
https://arxiv.org/abs/2306.02231


Qwen 2.5 0.5B

"To find the number of females who wear glasses in the town, we need to follow these
steps:\n\nStep 1: Determine the total number of females in the town.\nSince 2,000
males live in the town, the number of females is 2,000.\n\nStep 2: Calculate the
number of females wearing glasses.\nThirty percent of the female population wears
glasses. To find this number, we can calculate 30% of the total number of
females:\n0.30 * 2,000 = 600\n\nSo, 600 females wear glasses in the
town.\n\nenerima\nenerima\n5,000 people live in a small town. 2,000 males live in
that town and the rest of the population are females. Thirty percent of the female
population wears glasses. How many females wear glasses?... [repeats 3×, no tags]

Qwen 2.5 1.5B

On Sunday Trey is going to do some chores at home. First, he wants to make a To Do
list and count up how many things he has to do that day and how long it should take.
He has several items under ’clean the house,’ ’take a shower’ and then ’make dinner.’
In total there are 7 things to do to clean the house; 1 thing to do to take a shower;
and 4 things to do to make dinner. If everything on Trey’s list takes 10 minutes to
do, how many hours will it take to complete Trey’s
list?\ns\u0142aw\ns\u0142awassistant\n On Sunday Trey is going to do some chores at
home. First, he wants to make a To Do list and count up how many things he has to do
that day and how long it should take. He has several items under ’clean the house,’
’take a shower’ and then ’make dinner.’ In total there are 7 things to do to clean
the house;... [gibberish tokens, numbers change each repetition]

Qwen 2.5 3B

<reasoning>\nMartha needs to knit 3 hats, 3 scarves, 3 pairs of mittens, 3 pairs of
socks, and 3 sweaters. Each item has a different knitting time, so we need to
calculate the total time for each item and then sum them up.\n\n- Hats: 3 hats * 2
hours per hat = 6 hours\n- Scarves: 3 scarves * 3 hours per scarf = 9 hours\n-
Mittens: 3 pairs * 2 mittens per pair * 1 hour per mitten = 6 hours\n- Socks: 3
pairs * 2 socks per pair * 1.5 hours per sock = 9 hours\n- Sweaters: 3 sweaters * 6
hours per sweater = 18 hours\n\nSumming up all the times, we get 6 hours + 9 hours +
6 hours + 9 hours + 18 hours = 48 hours.\n\n</reasoning>\n<answer>\nIt will take
Martha 48 hours to knit all the outfits.\n</answer> [text in answer, not integer]

Figure 2: Representative zero-shot outputs at initialization. The smaller models produce no answer
tags; the 3B model produces structure but does not produce a parseable integer response.

A.3 Reward Function Details

Our compound rules-based reward function is composed of several weighted components, designed
to be computed automatically without human annotation. The components are:

1. Correctness: A binary reward (+1.0) if the final numeric answer extracted from the <answer>
tags matches the ground truth. This is the dominant component of the reward.

2. Format: A small bonus (+0.1) for correctly using the XML-style <reasoning>...
</reasoning> and <answer>... </answer> tags.

3. Reasoning Heuristics: Modest bonuses for signals of structured reasoning. This includes a
small reward (+0.05) for the presence of stepwise markers (e.g., ‘first’, ‘next’, ‘therefore’) within
the <thinking> block. This reward is capped to avoid encouraging unnecessary verbosity.
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Model Rank α SVAMP@1 ASDiv@1 GSM8K@1 MATH-500@1 Avg@1 KL KLstd

3B

64 64 0.767 0.876 0.749 0.349 0.685 0.007 0.040
64 128 0.833 0.931 0.760 0.357 0.720 0.021 0.171
128 128 0.690 0.790 0.731 0.288 0.625 0.017 0.085
64 256 0.818 0.877 0.736 0.345 0.694 0.232 0.999

1.5B

64 64 0.691 0.862 0.631 0.258 0.610 0.013 0.069
32 64 0.676 0.875 0.626 0.251 0.607 0.026 0.186
64 128 0.701 0.839 0.629 0.263 0.608 0.086 0.500
128 128 0.778 0.897 0.641 0.267 0.646 0.066 0.421

0.5B

64 64 0.408 0.703 0.334 0.104 0.387 0.281 0.831
32 64 0.427 0.735 0.346 0.134 0.411 0.250 0.811
16 32 0.384 0.581 0.366 0.107 0.359 0.094 0.320
32 32 0.450 0.672 0.375 0.114 0.403 0.074 0.263

Table 5: Zero-shot pass@1 and token-level KL diagnostics across model scales and LoRA settings.
Every row is evaluated at a checkpoint taken after 1,000 training iterations. These figures therefore
differ from the fully-trained results in Tables 1 and 2.

4. Penalties: Small negative rewards are applied for malformed outputs, such as failing to
produce an integer in the answer tag (-0.1) or excessive repetition of phrases (-0.1).

A.4 Training Details

Hyperparameter details for each GSM8K AWDPO training run are as follows:

• Batch Size/number of generations: 6

• Training Epochs: 1

• Learning Rate: 1e-5

• Temperature: 0.2

• AdamW optimizer

• Cosine LR scheduler

• rank = 64

• α = 64

• modules: We apply LoRA adapters to all seven linear projections in each transformer block —
the attention projections (q proj, k proj, v proj, o proj) and the MLP projections (gate proj,
up proj, down proj)

• dropout: 0.05

• β=0.1

• max prompt length: 2000 tokens

• max completion length: 500 tokens
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(a) Qwen 2.5 0.5B model (b) Qwen 2.5 1.5B model

(c) Qwen 2.5 3B model

Figure 3: Training Dynamics of the Filtered-DPO Baseline (abbreviated F-DPO) Across Model
Scales. Progression of the zero-shot accuracy reward over one training epoch for the Qwen-2.5
models. The x-axis represents training steps, and the y-axis is the reward for final answer correctness.
These plots highlight the instability of the unweighted, filtering-based baseline: (a) the 0.5B model’s
performance oscillates heavily, (b) the 1.5B model’s training collapses entirely, and (c) the 3B
model’s trajectory flattens and degrades. This contrasts with the stable improvement seen with our
proposed AWDPO method.

All training used a single random seed on one A100 80GB, averaging ∼7 hours per model. The
settings above are shared by every method we trained, except that the preference-specific and
LoRA-specific entries do not apply to all of them: β and the number of generations per question
apply only to AWDPO and Filtered-DPO, and the LoRA rank, scaling, dropout, and target modules
apply only to the methods marked LoRA in Tables 1 and 2.
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The following examples are the 4 few-shot examples used for all methods that used few-shot
examples:

Figure 4: The four fixed chain-of-thought exemplars used by AWDPO, self-distillation, Filtered-
DPO, and Answer-SFT. These are drawn from the Qwen 2.5 3B-Instruct generations described
in Section 4.3. Newlines in the raw prompt are shown as \n. During AWDPO and Filtered-DPO
training, k ∈ {2, 3, 4} of these are sampled per instance; the few-shot prompting baseline uses all
four.

Exemplar 1
QUESTION:\nMatt can make a batch of a dozen cookies using 2 pounds of flour. He uses 4 bags
of flour each weighing 5 pounds. If Jim eats 15 cookies how many cookies are
left?\n\nRESPONSE:\n<reasoning>\nTo solve this problem, we first need to determine the total
amount of flour available, then find out how many batches of cookies can be made, and finally
subtract the number of cookies eaten by Jim.\n\nFirst, let’s calculate the total amount of
flour. Matt has 4 bags, each weighing 5 pounds, so the total weight of flour is 4 x 5 = 20
pounds.\n\nSince a batch of cookies uses 2 pounds of flour, the total number of batches that
can be made is 20 / 2 = 10. Since each batch makes a dozen (12) cookies, the total number of
cookies made is 10 x 12 = 120.\n\nJim eats 15 cookies, so the number of cookies left is 120 -
15 = 105.\n\n</reasoning>\n<answer>\n105\n</answer>

Exemplar 2
QUESTION:\nBert fills out the daily crossword puzzle in the newspaper every day. He uses up a
pencil to fill out the puzzles every two weeks. On average, it takes him 1050 words to use up
a pencil. How many words are in each crossword puzzle on
average?\n\nRESPONSE:\n<reasoning>\nTo determine the average number of words in each crossword
puzzle, we need to divide the total words it takes to use up a pencil by the frequency of
using a pencil, which is every two weeks.\n\nLet’s first convert the frequency to a number of
days: 2 weeks * 7 days per week = 14 days.\n\nWe can then divide the total words by the
number of days: 1050 words / 14 days = 75 words per day.\n\nSince there is one crossword
puzzle per day, the average number of words in each crossword puzzle is equal to the words
filled per day.\n\n</reasoning>\n<answer>\n75\n</answer>

Exemplar 3
QUESTION:\nTo keep himself busy in class, Michael makes rubber-band balls. He makes two
sizes, large and small. A small ball uses 50 rubber bands. A large ball requires 300 rubber
bands. Michael brought a 5,000 pack to class and already made 22 small balls. How many large
balls can he make with the remaining rubber bands?\n\nRESPONSE:\n<reasoning>\nTo solve this
problem, we need to calculate the total number of rubber bands used by Michael and subtract
that from the remaining rubber bands.\nMichael already made 22 small balls. Since each small
ball uses 50 rubber bands, the total number of rubber bands used by the small balls is 22 x 50
= 1100.\nNext, we subtract this amount from the total number of rubber bands he has: 5000 -
1100 = 3900.\nNow, we know that each large ball requires 300 rubber bands and Michael has 3900
remaining. We can divide the remaining rubber bands by 300 to determine how many large balls
he can make: 3900 / 300 = 13.\n</reasoning>\n<answer>\n13</answer>
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Figure 4 (continued)

Exemplar 4
QUESTION:\nAt Roosevelt high school there are 600 students in the senior class. A fifth of
the students are in the marching band. Of the students in the marching band, half of them
play a brass instrument. Of the students that play a brass instrument, a fifth of them play
the saxophone. Of the students that play the saxophone, a third of them play the alto
saxophone. How many students play the alto saxophone?\n\nRESPONSE:\n<reasoning>\nLet’s break
down the problem step by step:\n\n- A fifth of the total number of students in the senior
class are in the marching band.\n- Half of the students in the marching band play a brass
instrument.\n- A fifth of the students that play the brass instrument play the saxophone.\n- A
third of the students that play the saxophone play the alto saxophone.\n\nTo solve the
problem, we need to calculate the number of students in each group.\n\n1. First, find the
number of students in the marching band: 1/5 of 600 = 600 * (1/5) = 120 students.\n\n2.
Then, find the number of students that play a brass instrument: 1/2 of 120 = 120 * (1/2) = 60
students.\n\n3. Next, calculate the number of students that play the saxophone: 1/5 of 60 =
60 * (1/5) = 12 students.\n\n4. Finally, calculate the number of students that play the alto
saxophone: 1/3 of 12 = 12 * (1/3) = 4 students.\n\nSo, 4 students play the alto
saxophone.\n\n</reasoning>\n<answer>\n4\n</answer>

A.5 Training Dynamics

Figure 5 provides a descriptive view of AWDPO’s training dynamics, plotting the total reward R
and the accuracy reward on the training set over the course of training for each model. As training
progresses, the few-shot/zero-shot reward gap narrows while the zero-shot final-answer correctness
component increases. The “accuracy reward” curve isolates the component of R corresponding
to final-answer correctness. In these runs, we do not observe a divergence in which total reward
improves while the correctness component deteriorates. These curves therefore serve as a descriptive
sanity check that changes in the training objective are accompanied by improved final-answer
correctness.
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(a) Qwen 2.5 0.5B model (b) Qwen 2.5 1.5B model

(c) Qwen 2.5 3B model

Figure 5: Reward progression of AWDPO across model scales. The x-axis reports the cumulative
number of training observations processed, rather than optimizer updates; Figure 1 uses optimizer
updates as training steps.
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