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Abstract

Test-time scaling methods such as majority vote
aggregation and iterative refinement (e.g., self-
reflection or multi-agent inference) improve rea-
soning performance by leveraging multiple solu-
tion samples. However, their efficacy depends
not only on raw performance, but critically on
the distribution of errors across samples. When
errors concentrate, (a) aggregation accuracy de-
grades, as the majority vote may select a shared
mistake, and (b) confidence in common mistakes
may suppress exploration in iterative refinement.
We argue that improving correctness alone is not
sufficient to mitigate these issues; to this end, we
propose to explicitly shape error distributions to
improve aggregation. First, we introduce a theo-
retically grounded diverse failure reward that in-
centivizes calibrated disagreement within model
errors. We prove that this reward directly opti-
mizes majority-vote accuracy: policies achieving
higher reward attain higher expected majority-
vote performance, and vice versa. We further
show that this theoretical property generalizes to
iterative refinement. Second, we introduce anti-
votes, in which the model predicts the most com-
mon mistake alongside its solution, allowing prob-
ability mass on dominant errors to be reweighted.
We identify conditions under which anti-votes
are guaranteed to improve majority-vote accuracy.
Empirically, across three model families of vary-
ing sizes and four benchmarks, we show that both
approaches substantially improve majority vote
and iterative refinement performance without de-
grading single-sample accuracy.
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1. Introduction

Improving LLM reasoning typically relies on two comple-
mentary levers: training, which shapes how models generate
solutions, and inference-time scaling, which uses extra com-
pute at test time to extract better answers. Inference-time
scaling includes methods such as chain-of-thought prompt-
ing (Wei et al., 2022), majority vote (Wang et al., 2023),
best-of-N sampling (Gui et al., 2024), iterative refinement
(e.g., backtracking or self-reflection) (Madaan et al., 2023),
and budget forcing (Muennighoff et al., 2025).

Among these, two widely used tools are (i) majority vote,
which aggregates several sampled answers into one predic-
tion, and (ii) iterative refinement, where the model updates
its answer after seeing additional context. The success of
these two methods depends on a factor that is easy to over-
look, namely the distribution of errors across samples. As
exemplified in Figure 2, if many samples repeat the same
mistake, majority vote can select that shared error, and re-
finement can become biased toward it if not properly guided
towards exploring lower density alternative solutions. Such
behavior is not a corner case and was observed in several
prior works (Wolfram & Schein, 2025; Zhang et al., 2025;
Feng et al., 2025). In many settings, model errors are indeed
highly concentrated (see Figure 3) and frequency often be-
comes a proxy for correctness during inference-time scaling,
leading to diminishing returns from additional sampling.

This perspective suggests that correctness alone is an insuf-
ficient training target when the goal is to improve inference-
time aggregation, such as majority vote or iterative refine-
ment. What matters is not only whether an individual sam-
ple is correct, but how errors are distributed across samples
when the model is wrong. Majority vote is most effective
when the correct answer is stable and incorrect answers are
dispersed. Similarly, iterative refinement benefits when tra-
jectories continue to explore alternative hypotheses, rather
than collapsing early onto a single incorrect solution that
dominates subsequent updates. These observations point to
a common underlying objective to pursue: shaping the error
distribution induced by the model’s policy.
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Figure 1. Outline of D-FUSEr framework. (1) Data Collection: We generate training data by sampling responses using off-the-shelf
models. The target model is tasked with generating a refined response conditioned on the distribution of these responses. (2) D-FUSEr
Reward: Our reward function consists of the correctness reward, and failure reward. The failure reward is applied only when the model’s
answer is incorrect, and differs from the most common incorrect answer in the previous round. (3) Training: With the collected data and
the defined reward function, any reinforcement learning framework can be applied to train the models. We also introduce anti-votes, in
which the model predicts the most likely incorrect answer alongside its solution, which is not illustrated in this figure.

Contributions: In this paper, we propose Diverse Failure
Unified Success via Error Distribution Shaping (D-FUSEr),
a unified framework for improving inference-time scaling
by explicitly controlling how errors are distributed across
samples. The starting point of D-FUSEtr is distributional
reflection, a refinement paradigm in which self-reflection is
conditioned on the distribution of previously sampled candi-
dates, rather than on a single prior response. Distributional
reflection prevents self-reinforcing errors by allowing the
model to reason about rare answers nearly as much as more
common ones. This capability is especially important in
the presence of error concentration, where most probability
mass is assigned to a small set of distinct but incorrect an-
swers. In such settings, conventional self-reflection often
fails, as refinement steps amplify the same error rather than
correcting it. Building on this perspective, D-FUSEr pro-
vides two complementary mechanisms for making effective
use of distributional reflection:

First, we introduce a theoretically grounded training objec-
tive, the diverse failure reward rp_gysg:, which encourages
calibrated and diverse errors while preserving single-sample
accuracy. We show that optimizing this reward directly
improves expected majority-vote accuracy, both in the zero-
shot setting and when combined with iterative refinement,
by reducing the dominance of correlated failures.

Second, we propose anti-votes, an inference-time mech-
anism in which the model explicitly predicts likely incor-
rect answers. Anti-votes enable direct down-weighting of
dominant errors during aggregation, further mitigating er-
ror concentration. We identify sufficient conditions under
which anti-votes strictly improve majority-vote accuracy,
and confirm empirically that they yield consistent gains in
practice. Moreover, we provide a theoretical guideline on
how to optimally weight anti-votes with the original votes.

Across three model families (Qwen-2.5, Llama-3, and

Gemma-2), spanning sizes from 2B to 14B, and multiple
benchmarks (MMLU-Pro, BBH, GPQA, and RBENCH),
we demonstrate that combining diverse failure reward or
anti-votes with distributional reflection improves both ma-
jority vote and iterative refinement without, including on
unseen benchmarks. We also analyze the empirical structure
of model errors and show that error distributions are often
highly concentrated, with most probability mass assigned to
a small number of distinct incorrect answers. This analysis
highlights the necessity of error distribution shaping.

2. Preliminaries

Consider a task instance  with m possible answers. A
policy 7y generates a textual response o ~ mp(- | x), from
which a discrete answer is extracted:

Z :=ans(o) € [m] :={1,...,m}.

Let y € [m] be the correct answer.

Majority vote aggregation. Given n independent sam-
pled textual responses o;, . . ., 0, ~ To(+ | ) with answers
Z; := ans(o;), let N = (Ni,...,N,,) denote the vote
counts, where IV; is the number of times answer j appears
and 3°7" N; = n. The majority-vote outcome is
Zmaj = arg max N,
j€lm]

Iterative refinement. Consider a 7T-step refinement pro-
cess; at round ¢ + 1, the policy conditions on the task = and
a refinement context C'*) derived from previous outputs:

05t+1) ~ 779(~ | x7c(t))7 te [T}, and ¢ € [TLL

with C1) empty. At each round, an answer Zi(t)

ans(ogt)) is extracted, and aggregation may be applied to
samples from the final round. The refinement context is
method-specific and defined in subsequent sections.
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3. Methodology

In this section, we describe the methodology of our frame-
work, D-FUSEr (Diverse Failure Unified Success via Error
Distribution Shaping). First, we introduce distributional
reflection, an inference-time refinement paradigm that con-
ditions updates on the distribution of previously sampled
solutions. Second, we propose two mechanisms for shap-
ing error distributions: diverse failure reward training and
anti-votes. Finally, we describe the details of our training.

3.1. Distributional Reflection

Standard self-refinement methods condition each update on
a single previous response or its critique. While effective in
some settings, this approach can fail when the model repeat-
edly produces the same incorrect answer, causing refinement
trajectories to collapse. To address this limitation, we intro-
duce distributional reflection, which conditions updates on
the distribution of solutions produced by the model.

Let 5/ € A™ denote the empirical distribution of the
n
answers Zi(t)izl at round ¢ > 1, where A™ denotes the
m-dimensional probability simplex.
1 n
~(t t .
5= LSz g,
i=1

Distributional reflection generates a new response by condi-
tioning on this empirical answer distribution:

0£t+1) ~ g ( | 17713(15)) ’

This allows the model to reason about which answers are
common, which are rare, and how concentrated its uncer-
tainty is, rather than reacting only to a single prior attempt.

Zi(t-i-l) . (t+1)

= ans(o; ).

In practice, the distribution p*) is summarized into a com-
pact context C' <(12t (x). In our experiments, this context con-
sists of the empirical distribution over answer choices (for
example, the number of times each option is selected), along
with one representative full response for each answer choice.

We provide an example prompt in Appendix G.

Relationship with Multi-agent Debate. Like multi-agent
debate (Du et al., 2023), distributional reflection exposes
a model to multiple solutions. However, debate conditions
on a small set of individual responses (typically from dif-
ferent models), without encoding their relative frequency or
dominance, and thus does not reflect the underlying solution
distribution. In contrast, distributional reflection conditions
explicitly on an approximation of the model’s own prior
distribution, making errors and uncertainty directly visible.

3.2. Error Concentration

A key challenge for both majority vote and distributional
reflection is error concentration. When a model is incorrect,
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Figure 2. Tllustration of how error diversity affects inference-time
scaling. Left: When errors are concentrated, majority vote selects
an incorrect answer. When errors are diverse, incorrect vote mass
is dispersed and the correct answer is more likely to prevail. The
key intuition is that while there are only a few ways to solve a
problem correctly, there are many ways to make mistakes. Right:
Greater error diversity also encourages solution space exploration
without sacrificing the correctness. This can be especially helpful
when one of the minority answers is the correct answer.

it often assigns most probability mass to a small number of
distinct wrong answers, as we empirically verify in Figure 3.
In this regime, the majority vote tends to select the common
mistake, and refinement may reinforce it. We define the
empirical majority answer as (omitting the round number)
Z~maj i= arg max,c(m) p;, and the majority error mode as

Loy 1= arg max _pj,

je[m\{y}
with ties broken uniformly at random. If all samples are
correct, Ze,, is undefined. Our goal is to reduce error con-
centration by shaping the distribution of incorrect answers
while preserving average correctness.

3.3. Diverse Failure Reward

We first introduce an implicit mechanism for shaping error
distributions via training. For a sampled answer Z, we
define Diverse Failure Reward as

rp-ruse:(Z; y, Zerr) =1{Z ¢ {y, Zerr}} . I{Zerr is defined}.

Intuitively, when the model is wrong, it is rewarded for
being wrong in a way that differs from the most common
incorrect answer. The total reward is given by

R(Z7 Y, Zerr) = 71corr(Z; y) + 1/2 TD—FUSEr(Z; Y, Zerr)7

where 7corr(Z5y) 1= 1{Z = y}, In Section 4, we show
that optimizing the expected D-FUSEr reward improves ex-
pected majority-vote accuracy and reduces collapse during
refinement. Our reward design can be used with any reward-
based training method. In our experiments, we train with
Dr. GRPO (Liu et al., 2025b) for its strong performance.

3.4. Anti-votes

While the reward shapes errors implicitly through training,
anti-votes provide an explicit inference-time mechanism for
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down-weighting shared mistakes. In addition to an answer,
each sampled response may include an anti-vote A; € [m],
indicating a prediction of the common mistake. Given n
samples, we define the empirical anti-vote distribution
1 n
G = > 1{4; =}

i=1

Note that anti-votes are also compatible with iterative re-
finement, while we omit the superscript ¢ here for simplicity.

We then compute a reweighted score
Sj=Dj —n4;

where > 0 controls the strength of the anti-vote con-
tribution. The final prediction is given by Zintimaj =
arg max;e [y, Sj-

4. Theory

In this section, we provide a set of theoretical re-
sults/guarantees for our methods. We first characterize when
one error distribution yields higher majority-vote accuracy
than another, then show that our reward rp.pusg, steers
errors in this direction. We further give sufficient conditions
under which this guarantee extends to iterative refinement,
and conclude by discussing when anti-votes are strictly ben-
eficial and what properties of an anti-vote distribution are
preferred. We defer all proofs to Appendix B.

We start by introducing some global notations. Given two
LLMSs’ answer distributions p and p’, suppose without loss
of generality that the correct answer is y = 1 and p;, p; >0
for any j € [m]. Lete = (p2,...,pm)/(1 — p1) and
e = (ph,...,p},)/(1 — p') be the error distributions. Let
AccMY (p;n) be the majority-vote accuracy with n i.i.d./
samples from distribution n.

4.1. Error Entropy and Majority-vote Accuracy

Definition 4.1 (Majorization). Let v,v’ € R™ be two
vectors, and let v+ and v"* denote the vectors obtained by
sorting the entries of v and v’ in non-increasing order. Then,
v weakly majorizes v/, i.e., v = v/, if Zf vf > Zf v;—i for
any k € [m]. Moreover, v strictly majorizes v', i.e., v > v’,
if the above inequality is strict for at least one k.

Definition 4.2 (Error Entropy). We say an error distribu-
tion e has a higher error entropy than e’ if ¢ = ¢’

Next, we show that higher error entropy leads to lower
majority-vote accuracy.

Proposition 4.3 (Higher Error Entropy Lowers Majority
Accuracy). Given two answer distributions p,p’ € A™
with p; = py € (0,1), if ¢’ = e, then Acc™Y (p;n) >
Acc™V(p'sn) forn > 1.

Corollary 4.4 (Uniform Error Maximizes Majority Accu-
racy). Fixing p1, the uniform error distribution maximizes
the majority-vote accuracy.

Corollary 4.4 follows directly from Proposition 4.3 as the
uniform error distribution has a strictly lower error entropy
than any other error distribution e € A™1,

4.2. Error Entropy and Reward

Now, we relate error entropy to the proposed reward func-
tion. Consider an LLM with answer distribution p € A™.
The reward function draws 7 i.i.d./ reference samples from
p to identify the majority mistake Ze,, € [m]\{y}, with
uniform tie-breaking. Given a new answer Z ~ p, the total
reward is R(Z;y, Zewr) = 1[Z =yl + 5 - W{ Z # Zew }-
We denote the expected reward as

R(p;n) =Ez 7., [R(Z;Y, Zer)] -

In this subsection, we characterize when a higher expected
reward R(p;7) corresponds to a higher majority-vote accu-
racy, and conversely. First, we show that, conditioned on the
same accuracy, the uniform error minimizes the expected
reward.

Theorem 4.5 (Uniform Error Maximizes Expected D-
FUSEr Reward). Given an answer distribution p € A™
with a fixed accuracy p, for any n. > 2, the expected reward
R(p; 1) is maximized if and only if e is uniform.

Putting Corollary 4.4 and Theorem 4.5 together, we know
that among distributions with the same accuracy, expected
reward and majority-vote accuracy share the same maxi-
mizer, which is the uniform error distribution.

We next show that when m = 3, higher expected reward
implies higher majority-vote accuracy, and vice versa, i.e.,
optimizing 7p.pyusgr Optimizes majority vote accuracy. '

Theorem 4.6 (D-FUSEr Reward-Majority Accuracy
Equivalence). Given an answer distribution p € A3 with a
fixed accuracy p1, the majority-vote accuracy Acc™Y (p;n)
strictly increases in R(p,n) for n > 2, and vice versa.

4.3. Iterative Refinement

Next, we study a setting where an LLM iteratively refines
its beliefs over multiple rounds, which can be molded by
a transition function . The model observes a sample of n
solutions in round ¢, and updates is solution distribution via
pH) = 4 (p® N®) € A™, where N®) is the vote-count
vector. Next, we identify conditions under which a lower
error entropy leads to higher majority-vote accuracy over
successive inference rounds.

'We focus on m = 3 as 1) error distributions are highly concen-
trated on the top-3 answers (Fig. 3), 2) theoretically, this restriction
yields cleaner and more intuitive analysis.
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Definition 4.7 (Monotone Updating Rule (Informal)). An
updating rule ~ is monotone if it preserves order in both
error entropy and accuracy in expectation.

We defer the formal definition of monotonicity to Sec-
tion B.7, and show that LLM updating is indeed monotone
in figure 13. The following theorem shows that higher error
entropy (i.e., higher D-FUSEr reward) leads to higher next-
round majority-vote accuracy under any monotone updating
rule. Since the result applies to an arbitrary round ¢, we
suppress the superscript of t.

Theorem 4.8 (Higher D-FUSEr reward Increases Nex-
t-Round Majority Accuracy). Suppose m = 3, let
p,p’ € A3 be two answer distributions such that p; = p}
and R(p;n) > R(p';A) for an n > 2. If the updating
rule vy is monotone, then the majority accuracy of n > 1
i.i.d. votes drawn from v(p, N) is weakly higher than that
under (p', N') where N and N' are the vote counts from

p and p' respectively.

4.4. Anti-Votes

As introduced in Section 3.4, anti-votes provide an
inference-time mechanism for diversifying concentrated
mistakes. We support this idea by showing when anti-votes
are beneficial and what anti-vote distribution is desired.

For ease of analysis, we introduce a modified anti-vote rule
adapted from Section 3.4. Under this rule, an anti-vote for
answer j does not directly penalize j; instead, it redistributes
mass to the remaining answers via a convex combination
with parameter . This modification is asymptotically equiv-
alent to the anti-vote rule in Section 3.4, while enabling a
simpler characterization in terms of the mixed distribution
rla) = ap + (1-— a)% € A™. We present our
results in terms of « to align with the proofs presented in
the Appendix, see Section B.9 for full details.

Proposition 4.9 (When Anti-Votes Help). Suppose m = 3
and the answer distribution is p = (p1,p2,p3) € A3 with
p2 > p3. If 1 < 1 —2py and g2 > qs, there exists an
a < 1 such that R(r(a);n) > R(r(1);n) for any i > 2
and Acc™ (r(a);n) > Acc™Y (r(1);n) for any n > 3.

Proposition 4.9 provides a sufficient condition under which
incorporating anti-votes strictly improves performance over
using votes alone. Intuitively, the requirement ¢; < 1 — 2p;
ensures that the anti-vote predictor does not place excessive
mass on the correct answer, while ¢o > ¢3 means that it
more reliably targets the common mistake rather than the
rarer one.

In Section B.11, we characterize regimes in which anti-votes
are not accurate enough to guarantee a strict improvement,
and show that whenever a strict benefit is attainable, anti-
votes that better predict the common mistake are always

preferred.

The Optimal Weight . We now provide a theoretical
guideline of how to select the optimal 7 in the original im-
plementation described in Section 3.4. Aggregation with
weight 7 selects the answer maximizing p; — 71q;, where p
and ¢ are the empirical distributions estimated by a finite
number of samples. In the large-sample regime, correct ag-
gregation requires that the ground-truth label y be separated
from all incorrect answers along the direction determined
by 1. This leads to the following analytical guideline:

* & argmax, 111111j¢y{(]3y —p;) —n(Gy — q}-)} = max;.y, %,

n
where the maximization ranges over competitors with ¢; >
gy. Intuitively, 1 should be chosen just large enough so
that the most dangerous incorrect answer—one with both
high answer probability and low anti-vote probability—is
down-weighted relative to y. This choice maximizes the
worst-case margin between y and all competing answers,
balancing answer accuracy against anti-vote information.
Formal derivations and finite-sample refinements are de-
ferred to Section B.12.

5. Experiments

In this section, we present the results of our experiments. We
begin by describing the experimental setup in Section 5.1,
followed by a comparison of performance across models
trained with the diverse failure reward in Section 5.3. We
conclude by presenting our results on using anti-votes in
Section 5.5. See Appendix C for full setup details and
Appendix D for additional results.

5.1. Setup

Datasets We evaluate our framework on four benchmarks
that include various factual and mathematical reasoning
tasks: BBH (Suzgun et al., 2023), MMLU-Pro (Wang et al.,
2024), GPQA (Rein et al., 2024), and RBENCH (Guo et al.,
2025b).

Models We select a wide variety of open-source large lan-
guage models to evaluate the effectiveness and reliability
of our methods. We use Qwen2.5-3B-, -7B-, -14B-Instruct
(Qwen et al., 2025), Gemma-2-2b-it (Google et al., 2024),
and Llama3.1-8B-Instruct (Grattafiori et al., 2024).

Baselines. We compare our method with the following
baselines: For training-free baselines, we compare with
Zero-shot inference, self-reflection (Madaan et al., 2023),
Zero-shot GRPO (Shao et al., 2024), and Self-Reflect GRPO
(Li et al., 2025).

Evaluations. We present results for both in-distribution
tasks and and out-of-distribution (OOD). For OOD eval-
uations, models are trained on a composite training de-
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Figure 3. Distribution of correct and incorrect solutions from each model. The cumulative probability mass of the first three most common

answers is displayed above the bar.

rived from all datasets, other than the one in question, i.e.,
for OOD results on BBH, models are trained on training
data from MMLU-Pro, GPQA, and RBENCH. We present
OOD results for all datasets. For in-distribution evalua-
tions we maintain a disjoint training and evaluation split.
Due to the small size of GPQA and RBENCH, we present
in-distribution results for MMLU-Pro and BBH. All experi-
ments are reported OOD, unless specified otherwise.

5.2. Distribution of Errors

Before outlining the results for our method, we first show
that off-the-shelf models tend to yield concentrated error
distributions. In Table 3 we see the distribution of solutions
for both correct (blue) and the top-4 most common incorrect
answers (red). In this table we make two key observations.
First, we see that the vast majority of the distribution is con-
centrated on the first 3 most common answers, supporting
our assumptions in Section 4. Second, we found that the
top-1 error (i.e., the most error among all samples), consis-
tently dominates the other top-2, -3, and -4 errors, typically
taking up more than 75% of the total mass on all errors.

5.3. D-FUSEr: Diverse Error Reward

Majority-Vote Accuracy Next, we present our main re-
sults for D-FUSEr. In Table 1, we present the performance
of each method when taking majority vote over 20 samples;
for OOD results each method is trained using a composite
training set sourced from all benchmarks except the listed
benchmark. In these tables, we observe a common trend:
models trained with our reward rp_pysg: exhibit superior
majority vote performance in most settings.

D-FUSEtr is particularly strong in the OOD setting. The
superior OOD performance of D-FUSEr is two-fold. First,
D-FUSEr uses Distributional-Reflection, which provides
the model a richer overview of its own prior distribution
over solutions, allowing the model to better reason about the
possible solution space as a whole. Second, the D-FUSEr
reward teaches the model to better handle situations in which
common mistakes are present by explicitly penalizing the
repetition of high-frequency errors.

[00))) In Distribution
BBH GPQA MMPRO RBENCH BBH MMPRO
Qwen-2.5-14B
— Untrained —
Zeroshot 8774106 444413 682405 584409 877406 682405
Self-reflect 892406 451414 690405 589410 892406 69.0104
Dis-reflect 872106 439414 653405 561410 872406 653105
— Trained —
GRPO 852406 467113 647105  S1.7111 899105  69.5+04
Reflect-GRPO 843106 433413 653405 525410 90.1igs 692405
Dist-Reflect 8824106 492415 701404 609410 923405 693105
D-FUSEr (ours) 919404 489414 7354104 656409 914105 757404
Llama-3.1-8B
— Untrained —
Zeroshot 69.840.9 364414 550405 405409 6984108 550405
Self-Reflect 723407 357413 556405 393409 723408 55.6405
Dis-Reflect 657409 31.6414 456405 367409 657405 45.6405
— Trained —
GRPO 66.2408 357413 493405 460410 772407 594404
Reflect-GRPO 645108 382412 506405 377409 66.6409 527405
Dist-Reflect 715409 338413 485405 379409 740408 505404
D-FUSEr (ours) 734405 458413 522405 549409 748108 5394+05
Gemma-2-2B
— Untrained —
Zeroshot 48.0408 271411 310404 166407 480410 31.0404
Self-Reflect 4684108 272411 349105 234108 468109 349:04
Dis-Reflect 4444010 261410 313104 253108 44409 313405
— Trained —
GRPO 468409 2964190 358105 4lliio 575408 409405
Reflect-GRPO 471408 319413 342404 375409 590409 405405
Dist-Reflect 479409 319413 323105 416410 560409 39.6405
D-FUSEr (ours) 51.2409 377114 39.6405 423110 652:05 43.0.05

Table 1. Majority-vote accuracy (%). Best is bold; second-best is
underlined (per column). Full result in Appendix D.

Error Concentration We now investigate a complemen-
tary question “does rp_pyser result in less concentrated er-
rors?”. To measure this we define error concentration for-
mally: let err; be fraction of votes for the i most common
error. Then error concentration is calculated as the £3-norm
on the top-4 most common errors, i.e.,

error concentration := errf + errg + err% + err?1

Note that error concentration has a maximum value of 1,
meaning that all the error mass is concentrated full in err; .
Figure 4 confirms that this is indeed the case. We see that er-
ror concentration for D-FUSEr is typically the lowest among
all training baselines. In some cases, D-FUSEr has lower er-
ror concentration than the untrained model, implying that D-
FUSE:tr is an effective tool for reducing the solution collapse
commonly associated with most post-training techniques.
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[010))) In Distribution
BBH GPQA  MMPRO RBENCH BBH MMPRO
Qwen-14B
GRPO 845109 453400 647107 4944114 858109 650407
Reflect-GRPO 838109 413419 649107 516414 86.0409 651407
Dist-Reflect 878105 4844209 662107 60.5i14 915i07 692106
D-FUSEr (ours) 894,05 475120 698i06 599114 89.5:08 717106
Llama-8B
GRPO 652112 325418 475407 453414 708112 529407
Reflect-GRPO  59.2415 36.0419 463107 37.0413 66.1412  50.0107
Dist-Reflect 69.8:15 337119 370407 379413 68.1i15 504407
D-FUSEr (ours) 622415 394119 50.6107 427414 665115 519407
Gemma-2B
GRPO 454413 279418 355407 406414 554413 37.di07
Reflect-GRPO 463113 31.5418 337107 363113 545413 377407
Dist-Reflect 468413 319115 318406 415414 552413 385407
D-FUSEr (ours) 47.0413 349119 37.6407 405414 615115 414,07

Table 2. Average accuracy (%) at the final round. Best is bold and
second-best is underlined.

Average Accuracy. Table 2 reports the average accuracy
of each method. We first observe that although D-FUSEr
is designed to optimize majority-vote accuracy, it also im-
proves average accuracy, outperforming accuracy-only base-
lines in some settings. That said, D-FUSEr’s advantage
is less pronounced for average accuracy than for major-
ity vote. This observation further supports our hypothesis
that optimizing for test-time scaling with majority vote re-
quires explicitly accounting for the distribution of errors,
rather than correctness alone: even when its average accu-
racy gains are more modest, D-FUSEr consistently achieves
stronger improvements in majority-vote accuracy.

Second, Dist-Reflection trained solely with a correctness ob-
jective outperforms both GRPO and Reflect GRPO. In Dist-
Reflection, the model conditions on an approximation of its
own solution distribution when generating new responses.
We hypothesize that the success of of Dist-Reflection (even
without rp_gysg: is due to the fact that the model is able to
observe its own prior during training; allowing for greater
exploration. This exploration is further compounded when
also using rp_pusg;. We attribute the increased average ac-
curacy of D-FUSEr to these two complementary incentives
for exploration: exposure to diverse solutions through Dist-
Reflection and an explicit reward signal that encourages
diverse failures.
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Figure 5. Optimality gap, measured in terms of difference in
majority vote accuracy.

5.4. Optimality Gap

Lastly, we study the optimality gap of each method with
respect to the theoretical optimum policy under rp_gysgr,
which is derived from Theorem 4.5. While the underlying
policy is complex (an LLM), optimality is defined over
the solution distribution. In particular, the theorem implies
that the optimal solution distribution assigns uniform mass
over incorrect answers. This makes the theoretical optimum
easy to compute: for each method, we keep all correct
predictions fixed and redistribute the probability mass of
errors uniformly over the top-4 incorrect answers. The
optimality gap is then defined as the difference between the
majority-vote accuracy of this optimized distribution and
the observed majority-vote accuracy.

Across all datasets and methods, we observe a non-trivial
optimality gap, indicating that increased error uniformity
would improve majority-vote performance for every pol-
icy. Notably, D-FUSEr consistently achieves the smallest
optimality gap, implying that its induced error distribution
is closest to the theoretical optimum. This shows that D-
FUSETr not only improves accuracy, but does so by shaping
errors in a manner aligned with the optimal policy charac-
terized by our theory.

5.5. Results: Anti-votes

We illustrate the effect of anti-votes on the RBENCH dataset
in Figure 6. Results for all datasets are provided in Ap-
pendix E. In each plot, Anti-vote (Fixed) denotes the best
performance achieved using a fixed anti-vote strength (7)),
while Anti-vote (Dynamic) corresponds to the performance
obtained by applying our theoretically derived anti-vote for-
mula, which is question-dependent. For each question, 20
votes and 10 anti-votes were used. As shown in the fig-
ure, anti-votes consistently improve majority-vote accuracy
across datasets and model sizes, demonstrating substantial
potential for mitigating error concentration. We also note
that these results are obtained using off-the-shelf models,
indicating that majority-vote aggregation can benefit sub-
stantially from anti-votes without additional training.

While the theoretical formula may not be easily operational-
ized in practice, these results indicate that majority-vote
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Figure 6. Experimental Results: Anti-votes. Majority-vote accuracy with and without anti-votes across all models (round 0, without
distributional reflection). Anti-vote (Fixed) reports the best performance achieved using a fixed anti-vote strength 7, and Anti-vote
(Dynamic) applies our theoretical formula for optimal anti-vote strength. Anti-votes consistently improve majority-vote accuracy over the
baseline, highlighting the potential of anti-votes for mitigating error concentration. Results for all datasets are provided in Appendix E.

aggregation could benefit significantly from anti-votes given
a sufficiently accurate predictor. We leave the problem of
training such a predictor for future work.

6. Related Works

Inference-time Scaling. Inference-time scaling refers to
a class of techniques that improve model performance by
allocating additional computation at inference rather than
at training time. One of the earliest and most influential ex-
amples of inference-time scaling is chain-of-thought (CoT)
prompting (Wei et al., 2022; Kojima et al., 2022), which
encourages models to reason step by step. CoT prompting
has since become a foundation for many state-of-the-art
reasoning models (Guo et al., 2025a).

Subsequent work on inference-time scaling can be broadly
categorized into two groups. The first focuses on sampling
and aggregation; models generate multiple outputs and com-
bine them using majority vote or self-consistency (Wang
et al., 2023; Yao et al., 2023; Brown et al., 2024; Yao et al.,
2023). The second emphasizes iterative refinement; models
improve an answer through multiple rounds of self-feedback,
critique, or structured search (Madaan et al., 2023; Zhou
et al., 2024; Yao et al., 2022; Du et al., 2023). However,
both approaches largely treat the model’s error distribution
as fixed and do not explicitly address correlated failures.
Our work complements inference-time scaling methods by
focusing on how errors are distributed across samples.

Improving LLM Reasoning Diversity. Another line of
related work focuses on encouraging diversity in LLM re-
sponses. This literature can be broadly categorized into
several groups. The first includes prompting-based methods
that promote response diversity, such as prompt perturba-
tion or paraphrasing (Naik et al., 2023; Wang et al., 2025b),
multilingual prompting (Wang et al., 2025a), or prompting
models to reason using distinct methodologies or target dif-
ferent final answers (Liu et al., 2025a; Liang et al., 2024;
Hegazy, 2024). The second category explores branching
and search over intermediate reasoning states, as in Tree-
of-Thoughts (Yao et al., 2023) or Monte Carlo Tree Search—

based approaches (Zheng et al., 2025). A third line of work
focuses on training models to improve such branching, often
using process-level reward models that score intermediate
reasoning steps (Chia et al., 2024; Khalifa et al., 2026; Li &
Li, 2025; Yang et al., 2025). Finally, model merging (Yang
et al., 2024) and token-level mixing of multiple models dur-
ing generation (Sanyal et al., 2025) aim to increase diversity
by combining multiple models at the token or weights level
during inference.

Despite the breadth of work aimed at improving reasoning
diversity, relatively few studies examine how diversity in-
teracts with downstream aggregation mechanisms such as
majority vote. In contrast, we explicitly identify and analyze
this connection, showing that the distribution of errors plays
a central role in aggregation performance. Our approach
directly addresses this gap by shaping the error distribution
through a novel reward scheme that encourages more uni-
form error distribution. Lastly, we note that our work is
also related to the uncertainty quantification literature (e.g.,
Kuhn et al. (2023)), where researchers studied measuring
uncertainty over a distribution of responses.

7. Conclusion

We introduced D-FUSEr, a unified framework for improv-
ing inference-time scaling by explicitly controlling how
errors are distributed across samples. Starting from distri-
butional reflection, we provided two complementary mech-
anisms for reducing error concentration in inference-time
scaling: (a) diverse failure reward, a theoretically grounded
training objective which encourages calibrated and diverse
errors while preserving single-sample accuracy, and (b) anti-
votes, an inference-time mechanism in which the model
explicitly predicts likely incorrect answers alongside its
solution. Empirically, across three model families of vary-
ing sizes and four benchmarks, we showed that both ap-
proaches substantially improve majority vote and iterative
refinement performance without degrading single-sample
accuracy. Together, these results demonstrate that shaping
error distributions is a practical and theoretically grounded
way to improve both aggregation and refinement at infer-
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ence time. We hope our perspective motivates future work
on aggregation-aware training and self-reflection methods
that explicitly account for the error distributions.

Limitations. We note that our analysis relies on discrete
answer spaces with well-defined answer extraction, making
generalization to open-ended settings unclear. Moreover,
distributional reflection introduces extra inference and train-
ing cost. Anti-votes require a sufficiently accurate predictor
for full potential, which we leave for future work. For
open-ended questions, clustering algorithms or LLM-based
categorization could enable our framework, but this deserves
separate investigation. We further discuss the limitations of
our theoretical framework in Section B.1.

Impact Statement

This work introduces D-FUSEr, a training pipeline that
shapes the distribution of LLM errors to improve the efficacy
of test time scaling (majority vote). While this can increase
efficacy by reducing the impact of shared errors, it does
not completely remove errors. De-corelating errors can
also make model responses more noisy, models should be
tested for such pathologies before deployment. Beyond
shaping errors, it is important to note that D-FUSEr does
not expand model capabilities or introduce new behavioral
modes beyond those of the base model, and will have similar
impacts to other reasoning based post-training methods.
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A. Direct majority-vote accuracy optimization is insufficient

A natural question to ask is, why use a proxy reward like DFUSER instead of optimizing majority vote directly. We find
there is both an empirical and conceptual issue with this direct optimization. In Table 9 we show that directly optimizing
majority vote accuracy leads to worse performance. We next outline “why” this is a case with an illustrative example.

Why optimizing majority vote directly fails. Consider computing the contribution of a single new answer Sy, given
other answers S1, . .., Sy (with M even for simplicity). The new answer can only change the majority vote outcome in two
settings:

1. Exactly M /2 of the existing answers are correct and M /2 are incorrect. Here, Sy is the tiebreaker, if it is correct, the
majority vote is correct, and vice versa.

2. Exactly M /2 — 1 answers fall on one side. Then Sy, can either create or break a tie.

Crucially, both settings are unlikely events, they require the existing pool to be near-perfectly split. Moreover, even if we
encounter the cases above, the reward reduces to rewarding individual correctness, since Sy single-handedly dictates the
outcome. The result is that directly optimizing majority vote accuracy collapses to a sparse version of an average accuracy
reward.

Alternatively, we could reward based on the number of correct answers in the majority. This would get rid of the sparsity
issue, but we again recover something very similar to average accuracy.

Why use D-FUSEr. This is precisely what motivated D-FUSEr: rather than trying to optimize the majority vote objective
directly, we target the error distribution. This provides a denser training signal that is theoretically guaranteed to improve
majority vote accuracy (Theorem 4.6). Designing a more sophisticated technique to make direct majority vote optimization
viable is an interesting direction.

Below we include a comparison of directly optimizing majority vote for Qwen-2.5-14B-Instruct: As predicted, Direct-Maj
underperforms Dist-Reflect, confirming the credit assignment issue.

(010))] In Distribution
BBH GPQA MMPRO RBENCH BBH MMPRO
— Untrained —
Zeroshot 87.7 44 4 68.2 58.4 87.7 68.2
Self-Reflect 89.2 45.1 69.0 58.9 89.2 69.0
Dist-Reflect 87.2 43.9 65.3 56.1 87.2 65.3
— Trained —

GRPO 85.2 46.7 64.7 51.7 89.9 69.5
Reflect-GRPO 84.3 433 65.3 52.5 90.1 69.2
Dist-Reflect + Direct-Maj (new)  87.1 449 66.2 57.8 87.0 67.2
Dist-Reflect 88.2 49.2 70.1 60.9 92.3 69.3
D-FUSEr (ours) 91.9 48.9 73.5 65.6 914 75.7

Table 3. Majority-vote accuracy (%) for Qwen-2.5-14B. Best is bold.

B. Theoretical Results and Deferred Proofs

B.1. Assumptions

We first provide additional context for the assumptions used in our theoretical results.

Assumption of three alternative answers Our analysis fixes m = 3 for clarity, but the conclusion of Theorem 4.6 extends
approximately to larger answer spaces. Suppose the mass on mistakes outside the top two incorrect answers is bounded,

P4+ -+ -+ pm < € for some small . Then, in the worst case, the entire € mass concentrates on a single incorrect answer,
maximizing its chance of outvoting the correct answer, and the resulting loss in majority accuracy is bounded by something

12
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proportionally small to €. Since the top three answers empirically carry nearly all the probability mass (Figure 15), one can
expect that ¢ is small in practice.

Monotonicity assumption We do not expect LLMs to satisfy the monotone update rule exactly, but both our experiments
and prior work indicate it holds approximately at the answer level. Figure 13 shows that error concentration increases across
refinement rounds, consistent with monotone updating. Estornell & Liu (2024) similarly find that in multi-agent debate,
majority opinions at one round are likely to be reinforced at the next round, and Oh et al. (2025) describe such systems as an
“echo chamber” for majority opinions.

Fixed single-sample accuracy assumption Our theory holds single-sample accuracy p; fixed in order to isolate the effect
of the error distribution on majority-vote accuracy. This is a modeling choice rather than a property of our method: in
practice the training objective combines the correctness reward with the diverse failure reward, so the model is incentivized
to preserve accuracy while diversifying its errors. The theory thus characterizes why error shaping helps when accuracy
is held constant, and the empirical results confirm that the composite objective improves majority-vote accuracy without
degrading single-sample accuracy.

B.2. Proof of Proposition 4.3

Proof. Recall that we use N to denote vote counts. Conditioning on the number of correct answers N1 = nq, the error-count
vector N_q := (Na, ..., N,,) follows a multinomial distribution Multinomial(n — n; e). Let max(N_;) = max;>o N;
be the error plurality. Then, the majority vote of the n answers agrees with the ground truth if and only if max(N_1) < n
(assuming worst-case tie-breaking). The following lemma shows that, for any fixed number of correct answers n, this event
becomes more likely when the error distribution has a lower entropy.

Lemma B.1. Ife’ = e, then foranyn > 1and 0 < ny < n,

Pr(max(N_1) <ni) > Pr(max(N’,) <ni),
where N_1 ~ Multinomial(n — ny;e) and N’ | ~ Multinomial(n — ny;e’).
Lemma B.1 suggests that majorization is a sufficient condition for an error distribution being less desirable than another, as
it has a higher probability of reaching an incorrect majority answer. The following result formally states this.
The proposition then follows from Lemma B.1 by taking the expectation over V;.
By Lemma B.1, since ¢’ = ¢, for every n > 1 and every 0 < n; < n,

Pr(max(N_;) <ni) > Pr(max(N",) <nq).
Therefore, for any n; € {0,...,n},

f;r(Plurality =1|Ny=n1) > P;I"(Plurality =1| Ny =ny).

Finally, taking expectation over IN; and using the law of total probability completes the proof. O
Proof of Lemma B.1. First, Schur (1923) established the condition which suggests that, for any Schur-concave function

¢, v’ > v implies that ¢(v") < ¢(v) . Therefore, the key to the proof is showing that ¢(e) := Pr(max(N_1(e)) < nq) is
Schur-concave in e with N_; ~ Multinomial(n — n; e). We can explicitly write down the analytical expression of ¢(e)

given the multinomial variable. Let S = {n_1 = (na,...,ny) € {0,...,n1 — 1} 1 | 3", n; = n — ny}. To avoid
ambiguity, we index the entries of vector e with the answer ID, with e; = p; /(1 —py) fori =2,... ,m.
¢(e) =Pr(Ny <ni,...,Np < n) (1)
m oMk
n_1€8 k=2

Let I, = {s = (s1,...,8,) €EZ" | Z?zl s; =kand s; > 0Vi}. Asubset S C I is said to be Schur-concave index set
ifse€ S,s € I,and s = ¢, then s’ € S. Marshall et al. (1979) prove the following result, which directly applies to the
Schur-concavity of the multinomial distribution.

13
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Lemma B.2 ((Marshall et al., 1979), Example 3.J.2.b). Let k,n > 1andlet S C I} be a Schur-concave index set. Then,

i

the polynomial Hg(p1,...,pn) = Y cq NI %y is Schur-concave on [0, 00)™.

si

It is straightforward to see that S in Equation (1) is a Schur-concave index set. Therefore, Theorem B.2 implies ¢(e) being
Schur-concave in e, which completes the proof. O
B.3. Proof of Proposition 4.5

Proof. We first rewrite the expected reward considering the randomness of the new sample Z. Because Z and Z,,;, are
independent,

R(p;n) = p1 = APr(Z = Zer) = p1 — A(1 — p1)E[ez,,,]-
Because p; is fixed, we only have to show that E[ez, ] is minimized iff e is uniform.

Let K be the number of incorrect answers among the n reference samples. Then K ~ Bin(7, 1 — p;), and conditional on
K =k, the incorrect counts (Na, ..., N,,) satisfy

(Na,...,Np) | (K = k) ~ Multinomial(k; e).

Let Ji(e) € {2,...,m} denote the (uniform-tie-broken) index of the most frequent incorrect answer among these k samples.
Because Z is independent of the reference samples,

Pr(Z = Zmaj) = E[ps )] = (1 = p1) Y _ Pr(K = k) Fy(e),
k=0
where Fy;(e) := E[e, ()]. Because Pr(K = k) is independent of e, it suffices to show that for each k, Fy(e) is minimized

if and only if e is uniform.

We prove this using the idea of induction. First, if ¥ = 0, Jy(e) is uniformly selected and F(e) is independent of e. Fix

k > 1 and choose two indices a,b € {2, ..., m}. Define e’ by replacing (e,, e,) with their average:
av, v €q +€p av .
Ve =)'t = 5 et =e; (j #a,b).

The following lemma shows that e®¥® is always preferred.

Lemma B.3. F)(e*V8) < Fi(e), and the inequality is strict for k > 2 unless e, = ey,.

Starting from any e, repeatedly pick two coordinates that are unequal and replace them by their average. By Lemma
B.3, this operation strictly decreases Fj(e) as long as k > 2, which happens with a positive probability because i > 2.
Iteratively applies this operation leads to the uniform distribution and along the way F}; strictly decreases. This completes
the proof. O

Proof of Lemma B.3. Suppose that among the k incorrect samples, S = N, + N, of them fall into {a, b}. Then, conditioned
on S = s, we have

. e
Na|S’:s~Bm(s,u)7 u = R
€q t+ €p
while under e*¥® the corresponding parameter is u = % Crucially, the distribution of S is identical under e and e*'.

Therefore, whenever the majority mistake is neither a nor b, Ji(e) = Ji(e*¥#) and the target function is the same under the
two error distributions.

Let T' = max;>2 j+q. IV; be the maximum number of votes for the incorrect answers that are not a, b. Conditioned on
T =1t¢€{0,...,k— s}, the only randomness comes from N,, i.e. the binomial distribution between the votes in {a, b}.
Let t' = max(t, [5]), it is sufficient to show that

flu) = uf;r(Na >t)+ (1 —u) f;r(Na <s-—t), 3)

14
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is minimized when u = 1 for any s, ¢, and is strictly minimized for some s, . Here, f(u) = Fy(e) | s,t where the condition
s is on the number of samples in {a, b} and ¢ is the number of samples for the majority mistake that is not a, b. We prove the
property of f in two steps.

f(u) is symmetric.
Define
A(u) == Pr(N, > t).

By symmetry of the binomial distribution,
Pr(N, <s—t')= 1Pr (No >t')= A1 —u),
and therefore
flw) =uvA(u)+ (1 —u)A(l — ).
This immediately implies the symmetry f(u) = f(1 — u), meaning that u = % is the only possible interior minimizer.
f(u) is strictly increasing on u € (3, 1).

Suppose 1 < t' < s, which happens with a positive probability because & > 2. Then, it is easy to see that the binomial tail
A(u) is strictly increasing in  on (0, 1):

forall u € (0,1).
Next, differentiating f(u) = uA(u) + (1 — u)A(1 — u) gives
f'(u) = A(u) + ud' (u) — A1 —u) — (1 —uw)A'(1 — u)
= (A(u) — A(1 —u)) + (ud’(v) — (1 —uw)A'(1 —u)).

Since A is strictly increasing and u > 1 — u for u > 1, the first term (A(u) — A(1 — u)) > 0 for any u > 1. It remains to

show that the second term is non-negative. Let C' := s( f,:ll) > 0. Then

uA'(u) = Cul (1 —u)*~",
(1—w)A'(1—u)=C(1—u'u".
Thus uA’(u) > (1 — u)A’(1 — u) is euuivalent to u! (1 — u)*~* > (1 — u)"u*~!". Dividing by the positive term

w$V (1 —w)5" yields
u2t'—s > (1 . u) 2t,—s.

Since u > % and 2t' — s > 0 by definition, the inequality holds.

We have shown that f(u) is strictly increasing on u € [%,1]. By symmetry, f(u) is strictly decreasing u € [0, 3]. Therefore,
f(w) is strictly minimized at u = %, and the minimizer is unique. O
B.4. Proof of Theorem 4.6

We first present the following lemma.

Lemma B.4 (Strict monotonicity of MV accuracy form = 3). Let p = (p, (1—p)u, (1—p)(1—u)) € A3 with p € [0,1] and
u € [1/2,1]. Let Acc™Y (p(p, w); n) denote the majority-vote accuracy of n i.i.d. draws from p with uniform tie-breaking.
Then:

1. Acc™Y (p(p, w);n) is strictly increasing in p for fixed v if n > 1.

2. AccMV (p(p,u);n) is decreasing in u for fixed p if n > 1, and strictly decreasing if n > 3.
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Proof of Lemma B.4. Letp = (p, (1 — p)u, (1 — p)(1 — w)) and draw n i.i.d. samples. Let k denote the fotal number of
mistakes, i.e.,
k:=n— Ny,

sok ~ Bin(n,1 — p)and Ny =n — k.

Condition on k. Then the k mistakes are i.i.d. over {2, 3} with probabilities (u,1 — u), hence
Ny | k ~ Bin(k, u), N3 =k — Na.

Define the conditional majority-vote accuracy
9k (p, u) := Pr(MV outputs label 1 | k).

Then
Acc™ (p(p,u);n) = ZPr(Bin(n, 1—p)=k)gr(p,u). )
k=0

Part (1): strictly increasing in p (for fixed u, n > 1). Fix u. For each k, label 1 has n — k votes and the others have k
votes in total. If we decrease k by 1 (equivalently increase N by 1), the majority advantage of label 1 weakly improves for
every realization of (N2, N3), hence gy (p, u) is (weakly) decreasing in k. Moreover, go(p, ) = 1 and g,,(p, u) = 0, so the
sequence {gx(p, u) }}_, is not constant.

Now as p increases, 1 — p decreases, so the binomial & ~ Bin(n,1 — p) shifts stochastically to smaller values. Since
gx(p,w) is decreasing in k and not constant, the expectation in equation 4 is strictly increasing in p.

Part (2): nonincreasing in u (for fixed p, n > 1). Fix p and n > 1. Given the number of total mistakes k, MV outputs
label 1 iff label 1’s count n — k is at least the maximum of Ny and k — N5 (with uniform tie-breaking on ties). Equivalently,
label 1 wins iff
Noelk—(n—k),n—k]=[2k—n, n—k].
Let
t:=n—k, a := max(0, 2k — n), b := min(k, t).

Then g (p, u) can be written as a weighted central-binomial mass

gk (p,u) = }b: w, (i) (1 —u)ke, 5)

Tr=a

where w,, € (0, 1] are the (uniform) tie-breaking weights, and w, = wy_, (swapping labels 2 and 3 preserves the rule and
tie-breaking). By the symmetry argument in Lemma B.3, this weighted central binomial mass is nonincreasing in u on
[1/2, 1]. Taking expectation over k in equation 4 shows that Acc™Y (p(p, u); n) is nonincreasing in w for all n. > 1.

Part (3): strictly decreasing in v (for fixed p, n > 3). If n > 3, then with positive probability k € {1,...,n — 1} and
the winning region {a, .. ., b} is nontrivial. Lemma B.3 then implies that g (p, u) is strictly decreasing in u for such k on
(1/2,1]. Therefore Acc™Y (p(p, u); n) is strictly decreasing in u.

O

Proof of Theorem 4.6. Without loss of generality, suppose ps > p3, and let p(u) = (p1, (1 — p1)u, (1 — p1)(1 — u)) where
€ [3,1]. Let N = (Ny, Na, N3) ~ Multinomial(n; p(u)) be vote counts from n i.i.d./ draws. To establish the claim, it

suffices to show that if n > 3, as w increases on [%, 1],

1. The accuracy of the majority vote Acc™Y (p(u); n) is strictly decreasing; and

2. the expected reward R(p(u);7) is strictly decreasing.
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The first point follows from Lemma B.4.
For the second point, let S € [72] denote the number of incorrect reference samples and condition on S = s > 1. Write
Ny | (S =s) ~ Bin(s,u) and ¢ := s/2. A direct calculation yields
R(p(u);n) = p1 — A1 — p1) D(u),
where, conditioning on S = s,
D(u) | (S=s)=uPr(X >1t)+ (1—u) Pr(X <t)+ 3 Pr(X =1¢).
Lett' := |t] +1=|s/2] + 1. Then Pr(X > ¢) = Pr(X >t') and Pr(X < t) =Pr(X < s—1t). Hence

D) | (S=s)=uPr(X >t)+(1—u) lz;r(X <s—t)+1 P;r(X =t). (6)

u

Comparing equation 6 with equation 3 in the proof of Lemma B.3, we are exactly in the same “symmetric binomial tail +
mixture weight” form (with parameter u and the above t'). Therefore, for every fixed s > 1 and ¢’ > 1 (meaning that . > 2)
the quantity D(u) | (S = s) is strictly increasing in u on (3, 1].

Since Pr(S > 1land 7 — S > 1) > 0 when n > 2, taking expectation over S preserves strictness: D(u) = E[D(u) | S]is
strictly increasing in u on (3, 1]. Consequently,

R(p(u);n) = p1 — A1 — p1)D(u)

is strictly decreasing in w on (%, 1].

This implies the monotonicity in the expected reward and the majority-vote accuracy, which completes the proof. O

B.5. Proof of Theorem 4.8

Proof. Let (pf, (1 —p})et) := ~(p, N) and (pF, (1 — piT)e/*) := v(p, N’). By the following lemma, we can couple
(N, N') so that N| = N; and max (N4, N5) > max(N2, N3) almost surely. Under this coupling, ¢’ = (N4, N3)/(n —
N{) = € = (N3, N3)/(n — Ny) almost surely. Then, the monotonicity of -y implies p; > pi" ¢'* = et and p > p/".

Lemma B.5 (Multinomial coupling for m = 3). Letp = (p1, (1 — p1)q, (1 —p1)(1 — q)) and p’ = (p1, (1 — p1)¢’, (1 —
p)(1 —¢)) withq,q' € [1/2,1] and ¢ > q. Let N ~ Mult(n; p) and N’ ~ Mult(n; p'). Then there exists a coupling of
(N, N") such that

N{ =N; and max(Nj, Nj) > max(Na, N3) a.s.

It remains to show that the next-round majority-vote accuracy is higher under p* than that under p’*. For m = 3,
et = (ut, 1 —u'7T) = et = (uT,1 — u™) means that the updated incorrect-label concentration parameter satisfies
u'T > uT. By Lemma B.4, the majority-vote accuracy is nondecreasing in p; and nonincreasing in u.

Therefore,
Acemv ((p, N); n) > Acemv ((p', N'); n) almost surely under the coupling.

Taking expectations over the coupling completes the proof. O

Proof of Lemma B.5. Since p; = p), draw N7 ~ Bin(n,p;) and set N = N;. Let K = n — N;. Conditional on Ny,
the remaining counts satisfy Ny ~ Bin(k, q) and Nj ~ Bin(k,q'), with N3 = k — Ny and Ni = k — Nj. Define
M = max(N3, N3) = max(Na,m — Ny) and M’ = max (N5, N) = max(N5,m — NJ).

For any ¢t > [m/2], we have {M < ¢} = {m —t < N, < t}, a symmetric central interval event. For binomial
distributions with parameter ¢ > 1/2, the probability of such a central interval is nonincreasing in ¢. Hence, for all ¢,
Pr(M <t) > Pr(M’ <t),because ¢’ > ¢. This implies that M’ first-order stochastically dominates M. By Strassen’s
coupling theorem (Strassen, 1965), there exists a coupling with M < M’ almost surely. Combining with the shared k yields
the desired coupling of (N, N'). O
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B.6. Proof of Lemma B.8

Proof. Fixing an i € [n], we first compute the marginal distribution of ;. For any label j € [m],

1 1—gq;

Pr(Ti=j)=> PrAi=a)Pr(Ti=jl Ai=a) =Y qo-—— = —4.

4 / m—1 m—1

a#j a#j
Therefore, for any j € [m],
1 _ .
Pr(Z = j) = a Pr(X; = j) + (1 — @) Pr(Ti = j) = ap; + (1 @) 2 =,

which shows Z; ~ r. O

B.7. Formal Definition of Monotone Updating Rule

Here, we formalize the definition of the monotone updating rule and provide an illustrative example. To better illustrate
our results, we focus on an arbitrary round ¢ and omit the superscript. Moreover, we define a permutation-specific
notion of majorization (Definition 4.1). For vectors v,v’ € R™ and permutations o, o’ of [m], we write v/ =, , v if

Zf Upi(iy 2 Zf Vy(;) forall k € [m)].
Definition B.6 (Monotone Updating Rule). Given any answer distributions p = (p1, (1 — p1)e) and p’, and answer
count vectors N = (Ny, (n — Ny)e) and N, for any permutations o, o’ of {2,...,m} (if exist) such that ¢’ =, , e and
€ =or o & let (pf, (1 —pF)et) :=y(p, N) and (piF, (1 — pF)e’t) := v(p/, N’) be the next-round answer distributions.
An updating rule vy is monotone if:

* itis error entropy monotone, i.e. €'t =,/ , et

* it is accuracy monotone: If additionally p; > p} and Ny /n > Nj/n’, then pj > p/T.
Example 1 (Linear aggregation). It is easy to verify that the linear updating rule y,, is monotone, where

Y, N) = pup+ (L= )N/, a€0,1].
First, majorization is preserved under convex combinations, implying that error entropy-monotonicity holds. Moreover, the
updated accuracy satisfies p; = up; + (1 — u) N1 /n, which is nondecreasing in both p; and Ny /n.
B.8. Proof of Proposition 4.9

Proof. Let s := (1 — ¢)/2 be the distribution of the compensate vote. By Lemma B.8, for m = 3 the mixture rule is
equivalent to vanilla majority vote on n i.i.d. draws from

r(a) = (rl(a), ro(Q), 7‘3(04)) = a(p1,p2,p3) + (1 — a)(s1, 82, 83).

Parameterize any = = (x1,22,73) € A% as
ple) := 1,

When ¢; <1 — 2p; and g5 > g3, let
S3 — S2

C p2—pstsz— s
We show that Acc™Y (r(a*);n) > Acc™V (r(1); n). By Lemma B.4, it is sufficient to show that p(r(a*)) > p(r(1)) and

u(r(a®)) < u(r(1)).

First, because s; > p1, forany a < 1, 1 (@) = ap1 + (1 — a)s1 > p1 = r1(1). Therefore, p(r(a*)) > p(r(1)). Second,
it is easy to observe that

*

(07

€10,1).

* P283 — S2p2
ro(a®) = r3(a*) = )
(o) (o) P2 — P3 + 83 — S2

1

implying that u(r(a*)) = 3 < ;B = u(r(1)). By Lemma B.4, Acc™Y (r(a*);n) > Acc™Y (r(1); n).
Furthermore, by Theorem 4.6, R(r(a*); ) > R(r(1); @) for 7 > 2. This completes the proof. O
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B.9. Mixture Voting Rule

To facilitate analysis, we reformulate anti-voting as a mixture voting rule.

Definition B.7 (Mixture Voting Rule). Let p,q € A™ be the distributions of votes and anti-votes, respectively, and let
a € [0,1]. For each i € [n],

1. Draw a vote Z; ~ p and an anti-vote A; ~ q.
2. Given A; = a, draw a compensate vote T; uniformly from [m] \ {a}.
3. Output a single vote Z; = X; with probability « and T; otherwise.

The final decision is made by applying vanilla majority voting to Z;.

This reinterpretation converts anti-voting into a standard majority-vote procedure applied to a mixture of two types of votes,
allowing the results from previous subsections to be applied directly.?

Lemma B.8 (Vote-count Equivalence of Mixture Voting). Under Definition B.7, the output votes Z1, . .., Z, are i.i.d.
with distribution r (o) ap + (1-— a)% €A™,

Lemma B.8 shows that mixture voting is distributionally equivalent to vanilla majority voting on n i.i.d. samples from r,
under the same tie-breaking rule. We therefore study (i) when anti-votes help (i.e., when some o < 1 outperforms o = 1)
and (ii) which anti-vote distribution g is preferred, by analyzing majority-vote accuracy under the induced multinomial
distribution r(c). Recall that Acc™Y (p; n) is the majority-vote accuracy of 7 i.i.d./ samples from p.

B.10. Proof of Proposition B.9

Proof. We prove the proposition by showing that for any «/ € [0,1] and any n > 1, we can find an « € [0, 1] such
that Acc™Y (r(a);n) > Acc™Y (r/(a/);n). We apply the same notation as in Proposition 4.9. Let s := (1 — ¢)/2 and
s":= (1 — ¢')/2 be the distributions of the compensate vote. We have s; = s] < p1, s2 < s3, and so < s5. Parameterize
any x = (w1, T2, 23) € A3 as

p(x) =1, u(zx) ==

max{zy, x3} c {1 1]
204

1—581 2

An important point is & = ——2=22— € [0, 1), where r2(a) = r3(a) and u(r(@)) =

N[

Case 1: o’ € [@,1]. For this case, we set & = «’. This implies that r1 () = 71 (<), which in turn suggests that p(r(a)) =
p(r' (a’)). Next, we show that u(r(a)) < u(r’(c)). If so, by Lemma B.4, Acc™Y (r(a);n) > Acc™Y (+/(a’); n). Because
o > @, it is easy to observe that

ro(a) > ra(a).
Moreover, because sh > s2,
rh(a’) = aps + (1 — a)sh > aps + (1 — a)sy = ra(a).
Similarly, because s =1 — s8] — 85 <1 — 81 — $2 = s,
ri(a) = aps + (1 — a)sh < aps + (1 — a)sz = r3(a).
Therefore, r5(c’) > ro(a) > r3(a) > r4(a’). Putting everything together, we have ri(a) = ri(a/),

max(ry(a’),r5(a’)) = rh(a’) > max(ra(a),r3(a)) = r2(«). This suggests that u(r(«)) < u(r’(«’)), which com-
pletes the proof for case 1.

Case 2: o/ € [0,@). For this case, we set a = a. Note that u(r(@)) = %, which is the minimum value. It suffices to show
that p(r'(a’)) < p(r(a)) for any o’ € [0, &). This is straightforward because o/ < & implies that 7} (/) < r1(&). This
completes the proof. O

We use mixture voting for analytical clarity. Although it is not exactly equivalent to the anti-voting in Section 3.4, the two rules are
asymptotically equivalent as the number of votes grows.
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B.11. Accurate Common Mistake Predictors Benefit Anti-Voting

We next turn to settings where anti-votes are not guaranteed to be strictly better, while noting that they are always weakly
beneficial since setting o = 1 recovers the baseline. In such cases, we show that whenever anti-votes are strictly beneficial,
a predictor that more accurately identifies the common mistake is preferred.

Proposition B.9 (Better Common-Mistake Predictors Improve Majority Accuracy). Suppose m = 3 and the vote
distribution is p = (p1,p2,p3) € A3 with ps > p3. Consider two anti-vote distributions q,q' € A® satisfying q1 =
g1 > 1—=2py, g2 > g3, and g2 > ¢b. Let r(a) = ap+ (1 — a)q and r'(a) = ap + (1 — «)q'. Then, for any n > 1,
max, Acc™V (r(a);n) > max, AccMY (7 (a); n).

B.12. The Optimal 7 in Anti-Voting

Recall the anti-vote setting in Section 3.4. For a fixed question, we obtain n i.i.d. model outputs, each consisting of an
answer Z; € [m] and an anti-vote A; € [m], interpreted as a prediction of the most common mistake. Since the same
model and prompt are used independently, the pairs (Z;, A;)?_; are i.i.d. draws from a joint distribution P(Z, A). This joint
distribution determines aggregation behavior.

To understand how the anti-vote weight 7 should be chosen, it is helpful to consider a geometric view of P(Z, A) (Figure 7
presents a three-choice example). Each answer j corresponds to a point (p;, ¢;) in the plane, where the x-axis represents the
expected fraction of answer votes and the y-axis represents the expected fraction of anti-votes. When n — oo, empirical
frequencies concentrate at these points almost surely, so aggregation reduces to a deterministic comparison of linear scores.
In this limit, standard majority vote (1 = 0) selects the answer with the largest p;, while very large 7 selects the answer with
the smallest ¢;. Intermediate values of 1) interpolate between these two extremes by tilting the maximization direction.

Case m = 3. Suppose there are three possible answers, with ground truth y and two incorrect answers b and c. In the
(p, q)-plane, the three answers correspond to points (py, ¢y ), (Db, gb), and (pe, ¢c). As n — oo, the aggregation rule selects
the answer maximizing p; — 7q;, which geometrically corresponds to projecting these points onto a direction with slope —7.

If (py, qy) lies strictly between (py, g») and (p., g.) along some direction, then there exists a nonempty interval of 1 values
for which y strictly dominates both incorrect answers. More precisely, provided the denominators are nonzero, any

Pv—Py Py—Pc
ne (qb—qy’ qy—qc)

ensures that p, — 17gy > py — 1qp and py — 1gy > P. — Nq., S0 that the aggregation outcome equals y with probability one
in the infinite-sample limit.

When n < oo, the realized vote counts fluctuate around their expectations. Although an exact characterization of the optimal
7 is analytically intractable, the same geometry provides useful intuition. For a fixed 7, the probability of correct aggregation
depends on the margin between the score of y and the largest competing score. Larger margins imply greater robustness to
sampling noise. Consequently, a natural heuristic is to choose 7 to maximize the separation between y and its strongest
competitor. In the two-error case, this corresponds to selecting the direction orthogonal to the line connecting (py, g,) and
(pe, qc), yielding the heuristic choice

* _ Pb—Pc
n qb—qc '

While this choice is approximate, it becomes increasingly accurate as n grows.

Case m > 3. When there are more than two incorrect answers, the same reasoning generalizes. Consider the set of points
{(pj,q;) : j # y} corresponding to all incorrect answers. Among these, only points on the Pareto frontier are relevant
competitors: these are points that cannot be simultaneously improved by increasing p; and decreasing ¢;. Equivalently, they
form the outer boundary of the convex hull of the incorrect answers.

For any candidate direction determined by 7), aggregation compares the projection of (p,, g, ) against the maximum projection
over this frontier. The most robust choice of 7 is therefore the one that maximizes the worst-case separation between y and
all incorrect answers. Formally, let d; denote the vector from a frontier point j to ¥, and let

1
e = —— (1, —
n /;1_'_772( 77)
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Figure 7. An illustration of the optimal majority vote with prediction of mistakes when m = 3.

be the unit direction associated with n. The optimal direction solves

n* = argmax min (d;, €,),

noj
where the minimum ranges over all frontier points. This choice maximizes the smallest margin between y and any competing
answer, balancing answer accuracy and anti-vote information to achieve the most robust aggregation.

C. Additional Experimental Details

Checkpoint Selection. For each training run, we select a checkpoint that has highest average reward on 1000 randomly
chosen samples from the unfiltered train set. These samples effectively serve as the validation set.

Temperature Setting. For all inference generations, we use the temperature that yields the best performance for each model.
Our training results show that controlling error diversity provides performance gains beyond those achievable by increasing
temperature alone. In practice, temperature tuning has mixed effects across models: while some models benefit from higher
temperatures, others suffer from reduced coherence and accuracy. For Gemma-2 we found this to be temperature 1.0, for
the Qwen family we found this to be temperature 1.2 and for llama we found this to be 0.8. Temperature was selected for
majority vote accuracy.

Data Construction. Training data are generated offline by sampling tasks (x, y) from a fixed dataset and estimating p
using the current or a frozen policy. By avoiding on-policy rollouts during training, this approach substantially reduces
computational overhead and improves training throughput.

Training examples: For vanilla GRPO we train directly on round O prompts (one example per question). For the other
methods, Reflect-GRPO, Trained Dist-Reflection, and D-FUSEr we create the data by generating 4 sample trajectories per
question. For our method we do not use round O prompts.

Data filtering: After the construction above, we filter the data according to difficulty. Any question that the model can
answer more than 90% accuracy or less than 10% accuracy is dropped (to avoid settings with O advantage value). For
fairness we apply the same filtering to all methods.

Training Configurations All training methods are trained using 1 epoch. For all experiments we use using GRPO training
we use a learning rate of 1le—6 with 5 = 0.0 and a group size of 16.

In table 4 the average total GPU hours averaged across all datasets. Total hours is calculated as num_GPUs * hours
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Table 4. Average GPU hours per method, averaged across datasets.

Method Qwen-14B Qwen-7B  Qwen-3B Gemma-2B Llama-8B

GRPO 160 120 112 128 136

Reflect-GRPO 224 192 160 184 200

Dist-Reflect 240 208 184 208 224

D-FUSEr 248 200 176 208 184
-Reflect Untrained == Self-Reflect Untrained —q‘:::(-7148— Self-Reflect GRPO Dis-Reflect GRPO = D-FUSEr

RBENCH
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Figure 8. Per round performance of Qwen-2.5-14B.

D. Additional Experimental Results for rp_pysgr

(010))] In Distribution
BBH GPQA MMPRO RBENCH BBH MMPRO
— Untrained —
Zeroshot 48-0i0.8 27-1i1.1 31.010.4 16.6i0.7 48.0i1_0 31-0i0.4
Self-Reflect 46.8:|:0_8 27.2:|:1_1 34.9:‘:0.5 23-4:t0.8 46.8:|:0,g 34.9:‘:(),4
Dis-Reflect 44.4:&1,0 26.1:&1,2 31.3:‘:0.4 25-310.8 44.4:&0,9 31.3:‘:()‘5
— Trained —
GRPO 46.8409 29.6112 358405 A4ldliio  57.510s 409405
Reflect-GRPO 47~1:|:0‘8 31.9:|:1‘3 34.2:‘:0'4 37.5:‘:0'9 59.0:|:0‘9 40.5:‘:0'5
Dist-Reflect 47941009 319413 323405 41.641.9 56.0409 39.6405

D-FUSEr (OUI‘S) Sl.zio_g 37-7i1.4 39.610.5 42.311.0 65-2i0.8 43-0i0.5

Table 5. Majority-vote accuracy (%) for gemma-2B. Best is bold; second-best is underlined (per column).

D.1. Per-round Performance Comparison

E. Additional Experimental Results on Anti-votes.

We present our experimental results on anti-votes for all datasets in Figure 16.
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(010))) In Distribution
BBH GPQA MMPRO RBENCH BBH MMPRO
— Untrained —
Zeroshot 69.8:&0‘9 36.4:&1‘4 55.0:|:0.5 40.5:|:0.9 69.8:&0,8 55.0:‘:0.5
Self-Reflect 72'3i0.7 35'7i1.3 55.6i0.5 39-3i0.9 72'3i0.8 55.6i0_5
Dis-Reflect 65.7:|:0_g 31.6:|:1_4 45.6:|:045 36.7;‘;0,9 65.7:|:0.8 45.6:‘:0.5
— Trained —

GRPO 662108 357413 493405 460410 772407 594404
Reflect-GRPO 64.5:|:0_8 38.2:|:1_2 50.6:|:0_5 37.7:|:0_9 66.6:|:0.9 52.7;};0,5
Dist-Reflect 715409 338413 485105 379409 74.0408 50.5404
D-FUSEr (ours) 73-4:|:O.8 45.8:&1‘3 52.2:|:0.5 54.9:|:0.9 74.8:&0,8 53.9:‘:0.5

Table 6. Majority-vote accuracy (%) for llama-8B. Best is bold; second-best is underlined (per column).
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(010))] In Distribution
BBH GPQA MMPRO RBENCH BBH MMPRO
— Untrained —
Zeroshot 58.7i0_9 27-2i1.2 48.210.5 28.910.9 58.7i1_0 48.2i0,5
Self-reflect 63.8:|:0_8 29.2:|:1_3 50.7:‘:0.5 35.6:‘:0.9 63.8:|:0,g 50.7:‘:0'5
Dis-reflect 582408 294414 422404 345408 582409 422405
— Trained —
GRPO 575100 31.0413 465105 419410 69.64109 546405
Reflect-GRPO 56.5:|:0,9 29.8:|:1,2 44.1:‘:0.4 34.9:‘:09 64.0:|:(),9 52.2:‘:0'5
Dist-Reflect 604119 32.6414 485404 441441 6284109 503105

D-FUSEr (OUI‘S) 67-7i0.8 35-3i1.2 51.710.5 46.611.1 72-0i0.8 52.6i0,5

Table 7. Majority-vote accuracy (%) for Qwen-2.5-3B. Best is bold; second-best is underlined (per column).

(010))] In Distribution
BBH GPQA MMPRO RBENCH BBH MMPRO
— Untrained —
Zeroshot 80.8i0_7 33.8i1_2 43.61044 47.611.1 80.8i0_7 43.6i0,5
Self-reflect 83.8:|:0_6 35.7:|:1_2 62.6i0.5 48.9:|:0.9 83.8:|:0_6 62.6:|:0.5
Dis-reflect 76.3:|:()‘8 32.8:|:1‘4 41.7:‘:0.4 36.3:‘:1'0 76.3:|:0‘7 41.7:‘:0'5
— Trained —
GRPO 777107 377413 572404 431409 852406 62.6405
Reflect-GRPO 73~4:|:0.8 34.6:|:1,3 57.6:‘:0.4 40.4:‘:1.0 83.6:|:0,7 62.0:‘:(),5
Dist-Reflect 823407 381413 60.8405 56.610.9 909,05 6354105

D-FUSEr (ours) 85-4i0.6 41-5i1.4 61.910.5 59.310.9 87~5i0.6 66.2i0,5

Table 8. Majority-vote accuracy (%) for qwen-7B. Best is bold; second-best is underlined (per column).

(010))] In Distribution
BBH GPQA MMPRO RBENCH BBH MMPRO
— Untrained —
Zeroshot 87-7i0.6 44~4i1.3 68.21045 58.410,9 87-7i0.6 68.2i0,5
Self-reflect 8924106 451414 69.0405 5894110 8924106 69.040.4
Dis-reflect 87.2:|:0,6 43.9:|:1,4 65.3:‘:0.5 56.1:‘:1(} 87.2:|:(),6 65.3:‘:(],5
— Trained —
GRPO 852406 467413 647105 51.7411 8994105 69.54104
Reflect-GRPO 84.3:|:0_6 43.3:|:1_3 65.3:‘:0.5 52.5:‘:1.0 90.1:|:0,5 69.2:‘:(),5
Dist-Reflect 882406 4924115 T70.1404 60.941.0 923,05 6934105

D-FUSEr (OUI'S) 91-9i0.4 48.9i1_4 73.51044 65.610,9 91~4i0.5 75-7i0.4

Table 9. Majority-vote accuracy (%) for qwen-14B. Best is bold; second-best is underlined (per column).
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(010))) In Distribution
BBH GPQA MMPRO RBENCH BBH MMPRO
Qwen-3B
GRPO 574413 294418 454,97 41.6414 60.7415 469407
Reflect-GRPO 544:&13 27.0:&1,7 42.6:‘:0.7 34.6:‘:1.3 563:|:13 43.2:‘:()‘7
Dist-Reflect 5804120 323115 421407 42241 4 60.641 .o 497407

D-FUSEr (OllI'S) 59.1:|:1_2 31-4:|:1.8 49.3:|:0.7 41.7:|:1.4 63.9:|:1_2 50.6:‘:0.7

Qwen-7B
GRPO 775411 367119 568107 414114 790410 569107
Reflect-GRPO 73-3i1.1 34-2i1.9 56-5i0.7 39-1i1.4 76.6i1_1 57.2i0.7
Dist-Reflect 807410 375419 608107 541414 87.6.0s 62.0407

D-FUSEr (ours) 81.2i1,0 36.7i1,9 59.110.7 55.711.4 81.3i1,0 65.110.7

Qwen-14B
GRPO 845,00 453400 647i07 494.1, 858409 650407
Reflect-GRPO 83.8:&0,9 41.3:&1,9 64.9:‘:0.7 51.6:‘:1.4 86.0:|:()‘9 65.1:‘:()‘7
Dist-Reflect 87.840s8 484459 662107 60.541 4 915,07 692406

D-FUSEr (OllI'S) 89.4:|:0_8 47.5:|:2_0 69.8i0.5 59-9:I:1.4 89.5:|:0_8 71'7:t0.6

Gemma-2B
GRPO 454313 279418 355107 40.6414 554413 371407
Reflect-GRPO 46.3i1_3 31-5i1.8 33.710.7 36.3i1.3 54-5i1.3 37-7i0.7
Dist-Reflect 46.8:|:1_3 31~9:|:1.8 31.8:‘:0.6 41.5:‘:14 55.2:|:1,3 38.5:‘:(),7
D-FUSEr (ours) 47-0i1.3 34-9i1.9 37.610.7 40.511.4 61.5i1 2 41.410.7
Llama-8B
GRPO 652419 325415 475107 453114 708115 529.0-
Reflect-GRPO 59.2:&1,2 36.0:&1,9 46.3:‘:0.7 37.0:‘:1.3 66.1:|:1‘2 50.0:‘:0‘7
Dist-Reflect 698,15 337119 37.0407 379413 68.1110 504407

D-FUSEr (OllI‘S) 62.2:|:1_2 39.4:|:1_9 50.6:‘:0.7 42.7:‘:1.4 66.5:|:1_2 51.9;‘;0.7

Table 10. Average accuracy (%) at the final round. Best is bold and second-best is underlined within each base-model block (per column).
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Figure 16. Experimental results on anti-votes for all datasets.
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F. Additional Results: Anti-vote Accuracy

Table 11 shows the anti-vote accuracy for predicting the dominant mistake.

Qwen3B Qwen7B  Qwenl4B Gemma Llama

BBH 32.6 26.5 26.0 21.8 389
GPQA 31.0 26.1 28.8 17.4 30.4
MMPRO 58.0 57.1 18.2 50.9 62.1
RBENCH 39.3 61.7 353 85.8 47.9

Table 11. Anti-vote accuracy (%) for predicting the dominant mistake.

G. Prompt Examples

Here we provide prompt examples used in our experiments.

Round 0 or zeroshot prompt:

Instruction. Please answer the following multiple choice question as accurately as possible. Make sure to first
define the premises of the questions, and make sure that the answer is consistent with the premises. To answer the
question, you must think step-by-step and provide detailed reasoning for your steps. You must then give your final
answer as a letter by saying “Final Answer:” at the end of your response.

Question. Today, Emily went to the soccer field. Between what times could they have gone?

We Know that
* Emily woke up at 10am.
* Linda saw Emily waiting at the train station from 10am to 12pm.
* Ashley saw Emily fixing their computer at the electronic store from 12pm to 1pm.
* John saw Emily walking towards the Statue of Liberty from 1pm to 2pm.
* The soccer field was closed after 8pm.

Options.

(A) 12pm to 1pm

(B) 10am to 12pm

(C) 2pm to 8pm

(D) 1pm to 2pm

Self-Reflection Prompt:

You previously provided an initial answer to a multiple choice question. Here is your response:

Your Response. To answer this question, let’s analyze the given information step-by-step and determine the possible
time intervals during which Emily could have gone to the soccer field. 1. **Emily’s Waking Time**, Emily woke
up at 10am. 2. **Linda’s Observation**, Linda saw Emily waiting at the train station from 10am to 12pm. 3.
**Ashley’s Observation**, Ashley saw Emily fixing their computer at the electronic store from 12pm to 1pm. 4.
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**John’s Observation**, John saw Emily walking towards the Statue of Liberty from 1pm to 2pm. 5. **Soccer
Field Closure**, The soccer field was closed after 8pm. Let’s identify the time slots during which Emily was
not accounted for, - From 10am to 12pm, Emily was at the train station. - From 12pm to 1pm, Emily was at the
electronic store. - From 1pm to 2pm, Emily was walking towards the Statue of Liberty. Therefore, the time slots
when Emily was not accounted for are, - 10am to 12pm - 12pm to 1pm - 1pm to 2pm Given that the soccer field was
closed after 8pm, Emily could have gone to the soccer field before 8pm. The only time slot within these constraints
is from 2pm to 8pm, as all other times are either before Emily was last seen or after the soccer field was closed.
Final Answer, (C) 2pm to 8pm

Instruction. You should reflect on your initial answer and provide a revised answer to the following multiple choice
question. Make sure to first define the premises of the question, and ensure the answer is consistent with those
premises. To answer the question, think step-by-step and provide detailed reasoning. You must then give your final
answer as a letter by saying “Final Answer:” at the end of your response.

Question. Today, Emily went to the soccer field. Between what times could they have gone?
We Know that
* Emily woke up at 10am.
* Linda saw Emily waiting at the train station from 10am to 12pm.
* Ashley saw Emily fixing their computer at the electronic store from 12pm to 1pm.
* John saw Emily walking towards the Statue of Liberty from 1pm to 2pm.
* The soccer field was closed after 8pm.
Options.
(A) 12pm to 1pm
(B) 10am to 12pm
(C) 2pm to 8pm
(D) 1pm to 2pm

You and several other models have provided initial answers to a multiple choice question. Because there are many
responses, you will be shown (i) the distribution of predicted answers (top-3), and (ii) one example response for
each of those answers.

Predicted answer distribution (top-3).
* Answer C was given 17 times out of 20.
* Answer D was given 2 times out of 20.

* Answer B was given 1 time out of 20.

Example responses (one per answer above).

(Answer: C).

Let’s analyze the question step-by-step to determine when Anthony could have gone to the dance studio. 1. Anthony
woke up at 8am. 2. William saw Anthony driving to the water park from 10am to 12pm. 3. David saw Anthony sitting
on a rooftop from 12pm to 1pm. 4. Richard saw Anthony buying a phone at the electronics store from 1pm to 4pm. 5.
The dance studio was closed after 4pm. Now, we need to identify a window of time when Anthony could have gone to
the dance studio without contradicting any of the given information. ... Final Answer, (C)
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(Answer: D).

Let’s analyze the given information step-by-step to determine the possible times Anthony could have gone to the
dance studio. 1. Anthony woke up at 8am. 2. William saw Anthony driving to the water park from 10am to 12pm. 3.
David saw Anthony sitting on a rooftop from 12pm to 1pm. 4. Richard saw Anthony buying a phone at the electronics
store from 1pm to 4pm. 5. The dance studio was closed after 4pm. ... Final Answer, (D) 10am to 12pm

(Answer: B).

To determine the correct time Anthony could have gone to the dance studio, let’s analyze the given information
step-by-step. 1. Anthony woke up at 8am. 2. William saw Anthony driving to the water park from 10am to 12pm. 3.
David saw Anthony sitting on a rooftop from 12pm to 1pm. 4. Richard saw Anthony buying a phone at the electronics
store from 1pm to 4pm. 5. The dance studio was closed after 4pm. ... Final Answer, (B)

Revision instruction You should take these answers into consideration when providing your revised answer to the
following multiple choice question. Since the final answer will be aggregated via majority vote, it is important that
you consider the distribution of answers given by other models and avoid echoing common mistakes. Remember
that your initial answer or the partners’ answers might be incorrect.

Make sure to first define the premises of the question, and ensure the answer is consistent with those premises. To
answer the question, think step-by-step and provide detailed reasoning. You must then give your final answer as a
letter by saying “Final Answer:” at the end of your response.

Question. Today, Anthony went to the dance studio. Between what times could they have gone?

Facts.
* Anthony woke up at 8am.
* William saw Anthony driving to the water park from 10am to 12pm.
* David saw Anthony sitting on a rooftop from 12pm to 1pm.
* Richard saw Anthony buying a phone at the electronics store from 1pm to 4pm.
* The dance studio was closed after 4pm.

Options.

(A) 12pm to 1pm

(B) Ipm to 4pm

(C) 8am to 10am

(D) 10am to 12pm

We further provide prompt examples for our anti-vote experiments below:

Anti-vote Round( Prompt:

Your goal is to predict the most common incorrect answer to a multiple-choice question by analyzing the kinds of
mistakes large language models like you are likely to make. Consider each option carefully and analyze what kind
of mistakes could lead to choosing each option. You must then provide your prediction as a letter by saying ‘“Most
Common Incorrect Answer:” at the end of your response.

Question:
This is the last day of 1899. What is the date tomorrow in MM/DD/YYYY?

Options:
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(A) 01/01/1900
(B) 01/22/1900
(C) 01/01/1899
(D) 02/06/1900
(E) 01/08/1900
(F) 01/01/1827

Remember that your task is NOT to give the correct answer, but to predict the most common incorrect answer.

Anti-vote Self-Reflection Prompt:

Your goal is to determine the most frequently proposed incorrect answer to a multiple-choice question among a
set of solutions provided by other models. This task requires (i) analyzing the proposed solutions, (ii) identifying
any logical fallacies or errors in each solution — potentially including the identification of the single correct answer,
and (iii) deducing the most common incorrect answer from the provided distribution of predicted answers. Because
there are many proposed solutions, you will be shown (i) the distribution of predicted answers (top-2), and (ii) one
example response for each of those answers.

Predicted answer distribution:
Answer: B was given 14 times out of 20.
Answer: A was given 6 times out of 20.

Example responses (one per answer above):

LLM 0 (Answer: B): Let’s carefully define the premises and break down the problem step-by-step to ensure
accuracy and consistency with the given information. ### Premises - The day before yesterday was 11/23/1933.
#i## Step-by-Step Solution 1. **Identify “’the day before yesterday,”** - According to the premise, the day before
yesterday was 11/23/1933. 2. **Determine “yesterday,”** - If the day before yesterday was 11/23/1933, then
yesterday was 11/24/1933. 3. **Determine “today,”** - If yesterday was 11/24/1933, then today must be 11/25/1933.
4. **Add 24 hours to today’s date,** - Adding 24 hours to today’s date (11/25/1933) brings us to 11/26/1933. 5.
**Verify the given options,** - (A) 11/25/1933 - This is today, not the date 24 hours later. - (B) 11/26/1933 - This is
24 hours after today, 11/25/1933. - (C) 07/26/1934 - This is in a different month and year. - (D) 08/23/1933 - This is
an earlier date. - (E) 11/26/1976 - This is a different year. - (F) 12/06/1933 - This is later in the year. ### Final
Answer, Based on the detailed reasoning and the options provided, the correct date 24 hours after today (11/25/1933)
is ¥*11/26/1933**, Final Answer, B

LLM 1 (Answer: A): Let’s carefully define the premises and break down the problem step-by-step to ensure
accuracy and consistency with the given information. 1. **Identify the Given Date,** - The problem states, "The
day before yesterday was 11/23/1933.” 2. **Determine ~Yesterday”,** - If the day before yesterday was 11/23/1933,
then yesterday must be 11/24/1933. 3. **Determine the Date 24 Hours Later,** - Adding 24 hours (which is one
day) to 11/24/1933 will bring us to 11/25/1933. 4. **Verify the Given Options,** - (A) 11/25/1933 - (B) 11/26/1933
- (C) 07/26/1934 - (D) 08/23/1933 - (E) 11/26/1976 - (F) 12/06/1933 5. **Conclusion,** - The date 24 hours after
11/24/1933 is 11/25/1933, which matches option (A). Final Answer, A

Analyze different proposed solutions, aiming to identify any logical fallacies or mistakes made in each solution.
After the analysis, you must provide your decision as a letter by saying "Most Common Incorrect Answer:” at the
end of your response.

Question: The day before yesterday was 11/23/1933. What is the date 24 hours later in MM/DD/YYYY?
Options:
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(A) 11/25/1933
(B) 11/26/1933
(C) 07/26/1934
(D) 08/23/1933
(E) 11/26/1976
(F) 12/06/1933

Remember that your task is NOT to give the correct answer, but to determine the most common incorrect answer.
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