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Abstract

Verifiers can improve language model (LM) ca-
pabilities by scoring and ranking responses from
a pool of generated candidates. Currently, high-
quality verifiers are either unscalable (e.g., hu-
mans) or limited in utility (e.g., tools like Lean
for formal proofs). While LM judges and reward
models have become broadly useful as general-
purpose verifiers, a significant performance gap
remains between them and oracle verifiers (i.e.
verifiers with perfect accuracy). To help close
this gap, we introduce WEAVER, a framework for
designing a strong verifier by combining multi-
ple weak, imperfect verifiers. First we find that
weighted ensembles of verifiers, which typically
require learning from labeled data, significantly
outperform unweighted combinations due to dif-
ferences in verifier accuracies. To reduce the de-
pendency on labeled data, WEAVER leverages
weak supervision to estimate each verifier’s accu-
racy and combines their outputs into a unified
score that better reflects true response quality.
However, directly applying weak supervision al-
gorithms poses several challenges, including in-
consistent verifier output formats and handling
low-quality verifiers. WEAVER addresses these
challenges by using dataset statistics to normalize
outputs and filter specific verifiers. We study the
effectiveness of WEAVER in test-time repeated
sampling settings, where a model generates mul-
tiple candidate responses and selects one from
among them. Our evaluations demonstrate that
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WEAVER significantly improves over Pass@1—
the performance when simply selecting the first
candidate response—across several reasoning and
math tasks, achieving 03-mini-level accuracy with
Llama 3.3 70B Instruct (a much cheaper non-
reasoning model) as the generator, and an ensem-
ble of 70B or smaller judge and reward models as
the verifiers (87.7% average). This gain mirrors
the jump achieved between GPT-40 and 03-mini
(69.0% vs. 86.7%), which required extensive fine-
tuning and post-training interventions. To reduce
the computational costs of running verifier en-
sembles for WEAVER, we train a compact 400M
cross-encoder using WEAVER’s combined out-
put scores. This distilled model retains 98.7% of
WEAVER’s full accuracy while reducing verifica-
tion compute by up to 99.97%.

1. Introduction

A core challenge in deploying language models (LMs) is ver-
ification: determining the quality or correctness of a model’s
response. This problem arises across various components
of the LM pipeline, including dataset curation, model align-
ment, and inference-time decision-making. Verification
relies on verifiers—functions that score responses. When
combined with repeated sampling—generating multiple can-
didate responses from a LM—a perfect verifier can be used
to select a correct candidate response, significantly enhanc-
ing model capability on tasks such as math, code, and reason-
ing (Snell et al., 2024; Brown et al., 2024; Puri et al., 2025).
For example, Llama 3.1 8B Instruct can match Llama 3.1
70B Instruct and even GPT-40 performances on MATH500
(Hendrycks et al., 2021) and MiniF2F (Zheng et al., 2022)
when paired with perfect verifiers for these mathematics
tasks. However, without a perfect verifier, a generation-
verification gap emerges (Song et al., 2025b): a LM can
generate a correct response, but we fail to identify it.

The generation-verification gap is prevalent across many
tasks across mathematics, coding, scientific reasoning,
instruction-following, and more. For some of these set-
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Figure 1: WEAVER Framework: We proposaVEAVER, a framework combining multiple weak veri ers to effectively
scale repeated sampling without parameter netuning on ground truth I@e#)s WEAVER signi cantly outperforms
majority voting and shrinks a modekgeneration-veri cation gappy 14.5%, on average, for GPQA Diamond and other
datasets (Table Zjniddle). By distilling WEAVER from an ensemble of 70B veri ers to a single 400M cross-encoder, we
can preserve 98.2% of the accuracy gains &AXER while reducing inference compute cost by 99.9{#ght) .

tings, we have access twacle veri ersthat can perfectly 1. Naively aggregating weak veri ers is insuf cient for

identify correct responses. A prominent example is Lean, a
formal theorem prover that can be used for problems such

MiniF2F (Zheng et al., 2022). However, this is often a lim-

ited setup, as not all mathematical proofs can be processed

by Lean. Alternatively, humans could judge LM responses
but manual evaluation is often expensive, noisy, and dif cult
to scale (Hosking et al., 2024; Clark et al., 2021; Karpinska

et al., 2021). In contrast, LMs prompted as judges (Chi-
ang et al., 2024) and reward models (Lambert et al., 2024;
Singhi et al., 2025a; Liu et al., 2025a) can be applied off-the-

shelf to tasks like mathematics, coding, scienti ¢ reasoning,
instruction-following (Hendrycks et al., 2021; Rein et al.,
2024; Jain et al., 2024; Li et al., 2023). However, these

weak veri ersproduce noisy, inconsistent scores, often ex?:

hibit poor calibration, and suffer from high false positive
rates (Stroebl et al., 2024). We as&:what extent can we
leverage weak veri ers to improve accuracy in the repeated
sampling regime?

We explorescaling veri cation speci cally how to combine
multiple weak veri ersto improve response selection for

repeated sampling. As new pre-trained models become

available, the pool of weak veri ers continues to expand

and offer diverse, complementary sources of signal that
could improve response selection if they can be aggregated

effectively. Recent work has explored scaling veri cation
through techniques such as self-veri cation or averaging
LM judge scores (Lifshitz et al., 2025; Zhao et al., 2025;
Chen et al., 2025) although other work has found limitations
to scaling test-time compute when utilizing weak veri ers

for response selection (Stroebl et al., 2024). We observe

three key challenges towards ensembling weak veri ers:

reliable veri cation. Weak veri ers such as LM-based
judges or reward models produce noisy, biased, and
poorly calibrated scores, leading to inconsistent perfor-
mance. (Stroebl et al., 2024; Lambert et al., 2024; Chiang
et al., 2024). While using a naive unweighted average of
veri er scores is straightforward, it implicitly assumes
uniform veri er quality, causing low-quality veri ers to
dominate and degrade the overall accuracy (Verga et al.,
2024; Xu et al., 2024, Eisenstein et al., 2023b). More-
over, while previous work has hypothesized that more
sophisticated weighted ensembles should perform better,
this claim has not been studied (Lifshitz et al., 2025).

Effective ensembling with limited labeled data is chal-
lenging. More sophisticated ensembling techniques typi-
cally learn veri er weights from labeled data, but such
data is expensive and dif cult to obtaifeak Supervi-
sion(WS), a family of statistical techniques developed
for data labeling, offers a potential solution through al-
gorithms that aggregate multiple weak signals—such as
crowd-worker annotations and expert-de ned heuristics—
while only requiring a small amount of labeled data (Rat-
ner et al., 2016; 2019; Fu et al., 2020). In traditional
WS, practitioners can design and shape each weak sig-
nal to ensure suf cient quality (i.e., iteratively tweaking
program-based heuristics), and guarantees of WS hinge
on a baseline level of quality. Our weak signals, however,
are xed pre-trained language model veri ers, which
have wildly varying accuracy—especially when applied
to out-of-distribution tasks—and can emit incompatible
outputs (logits, binary scores, Likert scores) (Lambert
et al., 2024) that we cannot easily tweak. Due to these
conditions, WS algorithms may not perform well when
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directly applied to veri cation. of the accuracy gainfrom the learned veri er ensemble
o ] ) ) while reducing compute costs by three orders of magnitude
3. Ver_l cation is expensive to deploy at mference..Verl.- _saving 99.97% inference FLORhile still capturing an
cation can dominate inference-time costs (Singhi et aleffective veri cation strategy (Section 6). Overall, our nd-
2025a; Liu etal., 2025a), since each veri er must procesgngs highlight that more reliable, scalable veri cation is
both the problem and its candidate response(s) (Lightmagsssible even in the absence of ground-truth labels—paving

et al., 2023), often evaluating intermediate steps (Lightsne way for improved data ltering, model alignment, and
man et al., 2023) and multiple solution paths (Snell et al.jnference-time decision-making.

2024). In fact, achieving gains over unveri ed generation
(i.e. majority voting) can requirgd0 to 128 the infer-
ence compute per query (Singhi et al., 2025b; Lifshitzz' Related Work

et al., 2025; Zhao et al., 2025; Chen et al., 2025). LM Judges and Reward Models Both LM judges and

In this work, we introduc&VEAVER, a framework for ag- reward models are promising approaches for evaluating lan-

gregating weak veri ers without supervised netuning on guage model outputs, but their high false positive rates limit

ground truth labels (Figure 1). First, we demonstrate that€lr reliability (Stroebl et al., 2024). LM judges can eval-

if we have access to a large corpus of labeled training dat4t€ outputs WithO_Ut additional training (Liu et al., 2023;
(e.g., 50,000 query-response pairs), we can learn weightefa"d et al., 2023a; Fu et al., 2023), using approaches from
ensembles that can outperform naive averaging by up t5'MPIe prompting to chain-of-thought reasoning (Liu et al.,

11.2% points. This is because weighted ensembles take 23) t0 specialized ne-tuning (Saad-Falcon etal., 2023;
advantage of wide variability in veri er accuracy. How- Tang et al., 2024) to multi-LM inference architectures (Saad-

ever, in many real-world scenarios, we do not have acceds2/con etal., 2024a; Kalra & Tang, 2025). However, they

to such quantities of labeled data. Second, to reduce tH@C€ Poor generalization across contexts (Es et al., 2023;
dependency on labeled data, we adapt Weak Supervisio%_aad":_alcon 'e't al., 2023; Ravi et al., 2024) and systematlcl
to the veri cation setting by addressing challenges aroun iases in position and self-preference (Chen et al., 2024a;

inconsistent outputs and low-accuracy veri eweaver ~ Fan et al, 2024; Zheng et al., 2023b; Koo et al., 2023).
lters out uninformative veri ers, normalizes veri er scores, >imilarly, while reward models have become central to
and builds a latent variable model over these scores and t{8°0€! alignment (Bradley & Terry, 1952; Christiano et al.,
unknown true labels to estimate the veri er accuracies to b62017; Liu & Zeng, 2024), they struggle with noisy training

used as weights for the ensemble (Ratner et al., 2016; Haﬁ,,ignals from low inter-annotator agreement (Askell et al.,
2003). 2021; Ouyang et al., 2022; Wang et al., 2024a; Dubois

et al., 2024b) and learned biases favoring attributes like re-
Empirically, given a repeated sampling budget and a set ofponse length (Lambert & Calandra, 2023; Singhal et al.,
veri ers, WEAVER improves over repeated sampling with 2023; Dubois et al., 2024a). Recent work has improved
unweighted averaging of veri er scores by 17.1% and withindividual veri er reliability through better data collection,
majority voting by 13.5% (Table 2; Figure 3). Compared to chain-of-thought reasoning, and natural language unit tests
an LM's P ass@1 WEAVER allows us to improve perfor- (wang et al., 2023b; Zhang et al., 2024; Saad-Falcon et al.,
mance by 17.9% for 8B models and 14.5% for 70B models2024b), yet fundamental challenges persist (Eisenstein et al.,
across reasoning and mathematics tasks (Tables 2 and 28)23a; Chaudhari et al., 2024)EAVER advances beyond
This mirrors the performance jump from GPT-40 to 03-mini these approaches by combining multiple veri cation signals
(73.9% vs. 88.2%)—but only via increased sampling at tesvith adaptive weighting, thus leveraging the complemen-

time rather than parameter tuning or post-training procetary strengths of weak veri ers while suppressing noise and
dures. We also study hoWEAVER scales along different  reducing false positives.

axes of test-time compute: generation, veri ers, model size,

and inference budget (Section 5.2). We nd that even adVeak Supervision WEAVER builds upon statistical tech-
we increase the number of generations, many standard véidues from weak supervision, which emerged as a frame-
i cation baselines (e.g. majority voting) quickly plateau work for programmatically generating training labels by ag-

(Figure 3). Naive ensembling saturates more slowly, but itg"€9ating multiple weak sources (Ratner et al., 2016; 2020).
gains are limited by sensitivity to the model choice and theWh'Ie a majority of the work focuses on classi cation tasks
number of veri ers. (Ratner et al., 2019; Fu et al., 2020; Chen et al., 2022), re-

cent advances have expanded to handle multi-task settings
Finally, to mitigate the compute costs of calling multi- (Shin et al., 2021) and structured prediction (Vishwakarma
ple weak veri ers for each response, we ext&NEAVER & Sala, 2022). Weak Supervision has also been applied to
by training a 400M-parameter cross-encoder veri er usingLM prompting (Arora et al., 2022) and routing (Guha et al.,

WEAVER's selected responses. We demonstrate that using 2024). WeAvER applies Weak Supervision to answer veri-
distilled WEAVER cross-encoder as a veri eetains 98.7%
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reward models and LM judges) as weak supervision voter§Ve apply each of then veri ers to each(qg; rj ), for a total
that classify candidate solutions as correct or incorrect. Thi®f nmK' scores on , witlsj, = vi(g;rj; ). We aim to use
novel application combines predictions by converting thesé/ to construct a veri cation stratedy.

diverse signals _lnto _blnary verc_hcts, enablMIEAVER to Evaluation metrics TheP ass@ 1metric is the probability
learn better veri cation strategies from weak but comple- . .
mentary veri ers that an LM's rst response is correcP ass@K general-

ry ’ izes this metric and is de ned as the probability that there
Veri cation as another compute axis and aggregation: exists a correg response amoikggenerated responses:
Recent work has explored veri cation as a new scaling axisP ass@K = % in=1 1(9) 2 [K]:yj =1). This met-
(Lifshitz et al., 2025; Liu et al., 2025b; Zhao et al., 2025;ric is independent of the veri cation strategy, and depends
Singhi et al., 2025b; Stroebl et al., 2024; Chen et al., 2025pn the choice oM , K, and the task Igataset. The suc-

However this work limits their analysis to one veri er, and cess rate of a veri cation stratedyis i Yip» where

Approaches that do leverage multiple veri ers often rely ihe veri cation strategy and bounded by Pass@K, and equal-
on substantial amounts of labeled data for aggregation Qfy is obtained with oracle veri cation (i.ef* = f? can
creating specialized veri ers (Kirchner et al., 2024; Lifshitz 5ways select a correftas long as it exists).

et al., 2025). WithWEAVER, we show that it is possible to

combine veri ers without ground truth labels, even when We de ne thegeneration-veri cation gams Pass@K - Suc-
they are not specialized. Other work has focused on confess Rate. A large positive gap indicates that although
bining multiple veri ers for post-training the base model COrréct answers are _generated, the_ veri cation strategy fails
using RLHF (Wang et al., 2024d; Eisenstein et al., 2023bt0 select them consistently. We aim to close this gap and

Wang et al., 2025). will use it to evaluate veri cation strategies.
3. Preliminaries 4. WEAVER: A Framework for Weak Veri er
Aggregation

First, we de ne the problem of how to select among repeated
samples. We then de ne veri ers and key evaluation metrics)n Section 4.1, we demonstrate that naively averaging mul-
including the generation-veri cation gap. tiple veri er scores to select responses signi cantly under-
performs weighted ensembles; however, common methods
d ({(or computing weights require labeled data (Schapire, 2013;
ing et al., 2015). We introduc&/EAVER (Section 4.2),
a method for weighted aggregation of veri er scores with
minimal data that draws inspiration from Weak Supervision.
Unlike prior work, WEAVER adapts weak supervision to ver-
We are given an unlabeled test datasetf (g;ri)g',, Ication by addressing challenges unique to veri er aggre-
wherer; = frj g, consists ofk repeatedly sampled gation, such as inconsistent score formats and the presence
responses frovl for eachg. We also assume access to of low-quality or adversarial veri ers. To our knowledge,
a small labeled development datasetcomprisingl%of  thisis the rst framework to successfully apply weak super-
the test set (e.g. 5 to 10 query-answer pairs), which is usedsion to ensemble veri er scores for response selection.
to estimate global statistics such as the task dif culty prob-
ability, Pr(y; = 1). We do not have access to true labels4.1. How to aggregate multiple veri ers: weighted vs
yij = y(g;ry ) foranyi;j inn. unweighted ensembles

Problem De nition Letqg 2 Q be a input text query, an
letr 2R M (q) be a corresponding response sample
from language modé¥l with non-zero temperature. For a
given query-response pdig;r), we deney : Q R'!

f0; 1g such thaty(q; r) is the correctness label offor g.

For each(g;r;) 2, our goal is to select a correct responseA straightforward approach for using multiple veri ers is
j? 2 [K]that satis esyj » = 1. We can broadly describe a naive ensemble—selecting the resgonse with the highest
this selection rule using a scoring functibn Q R! R,  average verier scoref (g;rij) = X [, sy . This
namelyj ? := arg max; f (g Fij ). approach (Lifshitz et al., 2025) does not consider the relative
accuracy of veri ers. However, we observed that there
r@esigni cant variation in the success rates of individual

ri ers—spanning a range of up to 37.5%—suggesting
that naive ensembles could be suboptimal (Table 16).

Using veri ers A veri er, either a reward model or an
LM prompted as a judge, can be expressed as a scori
function on query-response paws: Q R ! R. For
reward models, the veri er score is continuous, while for
LM judges, the veri er score is typically discrete (for our An alternative is to use a weighted ensemble. One ap-
setup, we usg0; 1] andf 0; 1g, respectively). We assume proach is to use a labeled dataset to identify and use the top-
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Figure 2:Weighted Veri er Ensembles Outperform Naive Veri er Ensembles: By using oracle data to keep the best
veri ers (i.e. top-K veri er ensemblepor learn aggregation weights for veri ers (i.supervised weighted ensembp)|ege
can improve beyond naive combinations of the veri ers available by 3.6% and 7.8%, on average, respectively.

performing veri er, effectively assigning a weight0to dis-  4.2.1. WEAK SUPERVISIONALGORITHM

carded veri ers. Other strategies include using Logistic Re- L . .

gression or a Naive Bayes clgssi er, where thegsco?ing funcl-n Weak Supervision, the _mput s an“unlab”eled dataset,
where each entry has multiple binary “votes” on the true

tabel. Applied to our setting, each entry is a query-response

pair, forming a dataset of sizeé< , and veri er scoresj

are binarized into votes;j, 2 f 0;1g for all i;j;k . Our

goal is to predict the probability that a response is correct,

In Figure 2, we compare a naive ensemble with weightedPr(y; = 1jsjj1;:::;sjm ) foralli;j .

ensembles for several tasks, using Llama 3.3 70B Instruct

to generate responses and using a collection of 33 7B-72B/S model We can view ally; across query-response

reward models and LM judges as veri ers (Appendix C.1).Pairs as samples of an unknown random variabland

We see that using a weighted ensemble can achieve upgms”k acrossi;j as samples of a random varial8g.

These classi ers are t using labeled data and can be eithe
modeled as a logistic function or factorized using Bayes
rule and independence assumptions, respectively.

: : . S then de nes a latent variable graphical model over the
11.2 points higher success rate than the naive ensemb@ndom binary vectorY; Si;:::; Smg, whereY is latent

However, all weighted ensembles shown are “oracle” methwhile S;;::: S, are observable. While existing WS meth-
ods: they are computed usigg for alli 2 [n];j 2 [K], ods assume various models, one common assumption is that

although in practice these labels are unknown for . In factSi ? SjjY for eachS;;S;. Thatis,S andS; are condi-

; tionally independent givelY ; intuitively, each veri er is
when we instead us@01n labeled samples, accuracy drops assumed to capture independent aspects of the correctness

by 20.1% on average (Table 17). This raises the questiogf the response (Figure 22 in Appendix C.4). Under this as-
of how to best construct weighted ensembles with limitedsumption, we can write the posterior probability of a correct

labeled data. generation as the following, for some given binary veri er
scored s;;ii:;Sm0:
4.2. WEAVER: weighted ensembling of veri er scores Pr(Y =1jS1 = $1;::1;Sm = Sm) =
with minimal labeled data ™ PKH(S = sjY =1)Pr(Y =1) "
We rst describe the WS method we use\WMEAVER to Pr(S1=s1;::1;8m = sm)
construct a vyeighted ensemble over biqary veri er SCoresThe weighted ensemble score for each query-response pair
Because veri ers often produce scores in inconsistent forzgn thus be written in terms of: Pr(S; = S1;::::Sm =

mats and exhibit low accuracies—challenges not typicallysm)' which can be computed from the datafZ[Y = 1),

encountered in traditional WS—we introduce a binarizationyhich can be estimated from : and BXS = sijY = 1),

and veri er discarding strategy in Appendices B.2 and B.3, equivalenthyPr(S: = 1jY = 1), which is the veri er's

to discard low-quality veri ers and ensure that only suf - “accuracy parameter’—this cannot be computed directly

ciently reliable binary scores are used as input to the WSjnce we do not have accessYto Next, we discuss how

method. to estimate these accuracy parametersS; = 1jY = 1),
without labels.

WS parameter estimation We outline a parameter estima-
tion technique rstintroduced in (Ratner et al., 2020). Due
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to the assumption th& ? SjjY, the following equation 5. Results

holds: . . .
In section 5.1, we provide empirical results WEAVER's

performance compared to other approaches for selecting re-
sponses in repeated sampling. In section 5.2, we study how
WEAVER's performance scales along several axes: the num-

ber of responses, model size, veri er counts, and inference

compute.

Pr(Si;S;)=Pr( Si;SjjY =1)Pr( Y =1)
+Pr( Si;S;jY =0)Pr( Y =0)
=Pr( SijY =1)Pr( SjjY =1)Pr( Y =1)
+Pr( SijY =0)Pr( SjjY =0)Pr( Y =0): (2)
Datasets, Veri ers, and Baselines Our reward models
Note thatPr(S;;S;) can be computed from the known range in size from 8B to 72B, are all open-source, and are ob-
veri er scores, andr(Y = 1) is estimated from . Therf?)  tained from RewardBench (Lambert et al., 2024), a popular
is a quadratic equation over the accuracy parameters. Wevaluation tool for reward models. We prompt open-source
can write this equation for every pay; S; , and for every  language models from Chatbot Arena (Chiang et al., 2024)
pair of values 0; 1g? they can take. Furthermore, we can t0 serve as judges. Unless speci ed, we use Llama 3.3 70B

write another type of equation over the accuracy parameter#istruct to generate responses and use all 33 reward models
and judges. We evaluate on MATH500, GPQA Diamond,

Pr(Si=1)=Pr( Sy =1jYy =1)Pr(Y =1) (3) MMLU College, and MMLU Pro. See Appendix C.1 for
+Pr(S =1jY =0)Pr(Y =0): (4) Mmoredetails.
We compardVEAVER against veri er-free baselines as well
This is a consistency property that holds regardless of th@s standard veri cation strategies. First Sample, also known
conditional independence assumption, and we can write thias Pass@1, only uses the rst response and does not scale
equation for each of then S;'s. Because we know that the test-time compute or veri cation. Majority Voting involves

accuracy parameters should follow equations 2 and 4, Wespeated sampling but not veri cation, picking the most
can construct an objective function that aims to minimize '

the difference between the left and right hand sides of thesEoMmon nal answer from the responses (Brown et al.,
equations. We write this ef ciently in matrix notation. Let 2024; Snell et al., 2024; Chen et al., 2024c). We compare
P 2 R? ? be a diagonal matrix with diagonfPr(Y = against the highest scoring reward model and a naive en-
0) Pr(Y =1)]. Dene 2 R™ 2 to be the matrix of semble of the top-10 reward models on RewardBench. We
accuracy parameters, and de @& 2 R?™ 2™ to be a  also evaluate two recently proposed methods that scale veri-

matrix over the joint probabilities of pairs &; S;; more  cation but do not use different veri er models or weighted

formally: Letpi, =Pr( Si =1jY = y)andpi =Pr( S =1). ensembles: Self-Veri cation (Zhao et al., 2025) and Multi-
Lo 1o Agent Veri cation (Lifshitz et al., 2025). Lastly, we report
2i 1212 = pui" ° pupl" Y the oracle Pass@K rate, which establishes an upper bound

1 p 0 . for the success rate of these veri cation strategies.

O2i 12i2i 12i = o bi 8i 2 [m];

O 1ri s 19 = PH(Si=0:S;=0) Pr( S =0:S;=1) 5.1. WEAVER Shrinks the Gap with Frontier LMs

G Pr(Si =1;S; =0) Pr( S =1;S; =1)
8i 6 2 [m]: ) InTable 2, we evaluaté/EAVER along with baseline ver-

i cation methods, the rst sample performance of frontier

LMs, and the Pass@100 metric. We use LIaMA 3.3 70B

Instruct to generat& = 100 responses per query. We
nd that WEAVER's weighted ensembling of multiple ver-

i ers allows us to outperform majority vote bi5:5% and
minimize  Ooftgiag (P ofidiag 2+ diag(0) P 1T () ~ COmMe within4:2% of the Pass@100 oracle metric. Further-

more,WEAVER rivals the performance of frontier reasoning

We optimize 6 using gradient descent to estimate the vemodels—coming withir:5% of OpenAl's 03-mini (Ope-

i er accuracy parameters. These estimates are then usethl, 2025)—even though we use a non-reasoning model for
in Equation (1) to select the response with the highest egfeneration.

timated posterior. To further improve modeling of veri er

accuracies, we explore whether partitioning the query distri5.2. WEAVER Improves Compute-Accuracy Trade-Off
bution by empirical dif culty can yield better weak super- for Scaling

vision estimates. As detailed in Appendix B.4, we cluster

queries based on the observed ratio of correct to incorre(!?y proposing to combine multiple v_veak Veriers msteqd
generations, and t a separaféeavER model within each of one, we introduce yet another axis for test-time scaling.

dif culty bucket. We provide more details in Appendix B.1. In this section, we study how well scaling veri cation with

Let off-diag denote the elements of a matrix that lie outside
its2 2 block diagonal. Then, to estimatethat satis es
both equations 2 and 4, we have the following objective:

6
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Table 1:Scaling Dimensions for Generation and Veri cation Models

Scaling Dimension Base Model Veri er Type Visuals

Sample Count More Generations Temperature-based Majority Vote, Weak Veri er, Top-K, Figure 3
sampling WEAVER

Model Size Larger Models Llama 8B 70B RM-8B RM-70B Table 3

Veri er Count: More Models Llama 8B/70B RMs and LM Judges Figure 21

Inference Compute: More FLOPs for  Temp-based sampling Weak Veri ers + BMVER Figure 4

Gen./Ver.

Table 2:WEAVER Outperforms Baseline Veri cation Methods and Shrinks Gap with Frontier LMs.

Datasets
MATH GPQA MMLU MMLU

Methodology Generations K ) 500 Diamond College Pro Average
First Sample 1 78.0% 429% 826% 69.9% 68.4%
” Majority Voting 100 83.0% 47.4% 84.1% 74.4% _ 72.2%
% Highest Scoring RM on RewardBench (Minghao Yang, 2024; Lambert et al., 2024) 100 78.2%  49.7% 86.0% 7729890
g Naive Ensemble of Top-10 RMs on RewardBench (Lambert et al., 2024) 100 75.4% 413% 88.1% 71.4% 69.1%
Self-Veri cation (Zhao et al., 2025) 100 78.1%  43.1% 82.0% 69.5% 66.9%
Multi-Agent Veri cation (Lifshitz et al., 2025) 100 81.3% 47.8% 84.1% 726% 71.6%
WEAVER 100 93.4% 72.1%  94.9% 90.2% 87.7%
GPT-40 (OpenAl, 2023) 1 774% 359% 87.1% 754% 69.0%
ag Claude 3.7 Sonnet (Anthropic, 2025) 1 69.2%  48.0% 86.1% 78.1%  70.4%
£8 Llama 4 Maverick (Meta, 2025) 1 87.6% 68.9% 91.1% 81.0% 82.2%
cE 03-mini (OpenAl, 2025) 1 94.4% 74.0% 92.2% 86.0%__ 86.7%
Oracle Veri cation (Pass@100) 100 98.6%  81.0% 96.0%  92.0991.9%

WEAVER interacts with common previously studied axes70B setting (LIlaMA 3.3 70B Instruct, 8B-72B veri ers) as
for veri cation, summarized in Table 1. well as 03-mini. We see thAWEAVER applied at the 8B
scale comes withif:6% of the majority vote baseline at the
?08 scale, antlVEAVER at 70B surpasses 03-mini ly0%,
demonstrating a weak-to-strong veri cation phenomenon.
eri er calibration details are available in Appendix C.5.

(1) Scaling Candidate Generationswe study the perfor-
mance of veri cation methods as we increase the number o
repeated samples in Figure 3. Based on prior work (Bradle
& Terry, 1952; Chen et al., 2021), as the number of re-
sponses increases, we are more likely to see a correct 1®) Scaling Veri er Count:  Two axes for scaling veri ca-
sponse (i.e. Pass@K increases), and hence more likely t@)n are(1) the number of veri ers used an@) the number
select a correct response given a good veri cation strategyf scores sampled from each veri er. Figure 21 shows how
However, differences in veri cation translate into different performance changes as we ensemble 1 to 15 veri ers using
scaling rates. We evaluate the performanc8MEAVER  poth naive averaging anWEAVER. Veri ers are greedily
and baselines faK = 2° to 2'°, comparing to 03-mini and  added in order of individual accuracy, from highest to low-
Pass@K as well. Across all task¥EAVER yields the most gt Aggregating more veri ers improves performance by
substantial gains when scaling the number of generationgp t08:5% over the top-1 veri er. As shown in Figure 21,
WEAVER consistently narrows the generation-veri cation \weaver consistently outperforms naive ensemble averag-
gap with the oracle upper bound (Pass@K) while alternang across bottOracle Top-5 Veri ersand Total Veri ers
tive veri cation strategies plateau after a few generationsggp gurations for veri er ensembling, with improvements
The effect is particularly pronounced on dif cult tasks like ranging from +2.4% to +10.1% across all datasets. The
GPQA. We detail the scaling trends observed in Figure 3 irberformance gains are particularly pronounced on GPQA
Appendix C.3. Diamond (+10.1%) and MMLU Pro (+5.1%), demonstrat-
ing WEAVER's effectiveness in aggregating veri er signals
through learned weights rather than simple averaging. How-
(2) Scaling Model Sizes: In Table 3, we study how ever, gains diminish as more models are added—re ecting
WEAVER applied on smaller models (both veri ers and for the classic ensemble bias-variance tradeoff: initial improve-
generating responses) can allow us to match the performaneeents stem from variance reduction, while additional ver-
of larger models, enabling weak-to-strong veri cation. We i ers contribute redundant signal due to correlated biases
consider an 8B setting—using LIaMA 3.1 8B to generateon hard examples (Abe et al., 2024). We compare alterna-
responses along with 8B veri ers—and compare this to ative score calibration strategies beyoMEAVER's binary
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Figure 3: Scaling Generations Boosts Performance wittWEAVER: The generation-veri cation gap shrinks when
increasingK and leveraging WAVER, outperforming alternative veri cation methods by an average 18.3%.

Table 3:WEAVER Reduces Gap between Model Classes: 8B and 70B, 70B and Frontier LM

Datasets

GPQA MMLU MMLU
Diamond College  Pro

N/A Majority Vote  69.0% 30.5% 72.7%  56.4% 57.2%
8B and below VWAVER 80.0% 47.1% 85.7% 67.2% 70.0%

w. WEAVER +11.0% +16.6% +13.0% +10.2% +12.8%

N/A Majority Vote  83.0% 44.9% 84.1% 74.4% 71.6%
72B and below VEAVER 93.4% 72.2% 94.9% 90.2% 87.6%

w. WEAVER +10.4% +27.3% +10.8% +15.8% +16.0%
03-mini N/A First Sample  94.4% 74.0% 92.2%  86.0%86.7%

Generator Veri er Aggregation
Model Model Strategy

Average
MATH

Llama 3.1 8B Instruct

Llama 3.3 70B Instruct

transformation in Appendix C.7, and nd that the default calls for the weak veri ers. We nd thatWVeavEeR achieves
binarization yields the strongest downstream selection pethe highest maximum success rate; notably, majority vot-
formance. We also explore scaling the number of scores péng plateaus at arour2f to 22 ExaFLOPSs per query while
veri er—via prompt tuning or temperature variation—in WEAVER continues scaling until 512 ExaFLOPs. How-
Appendix C.5. While this yields modest improvements,ever, the additional compute required ¥IMEAVER can be
increasing veri er count remains the more effective strat-prohibitive. We explore how to reduce this computational
egy. That said, both methods are complementary and can bmirden while retaininVEAVER's performance in the next
combined for further gains. section.

6. WEAVER Distillation: Improving
(4) Scaling Test-Time Compute: We study how perfor- Veri cation Ef ciency at Inference
mance scales in the total compute used for both veri cation
and repeated generations. Figure 4 shows the relationshifye explore distillation strategies for ne-tuning a smaller
between inference-time compute and success rate for diffekM as a task-speci ¢ veri er. In particular, we traicross-
ent generation-veri cation systems. For each method, weéncodersthe input is a concatenated query-response pair,
scale the number of generations exponentially from 1 to 10@vhile the output iSVEAVER's pseudolabel generated from
and plot the required inference compute for generation an¥Veak Supervision, nameRr(y; = 1jsj 1;:::;Sjm ) (see
veri cation together versus the success rate. Note that FigSection 4). For the model, we selected ModernBERT-Large
ure 4 differs from Figure 3, since Majority Voting requires (396M) (Warner et al., 2024). For more details, please see
0 veri cation inference calls whil&VEAVER requires 30+ Appendix C.6.
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Figure 4:WEAVER Improves the Accuracy-Compute Performance Trade-Offs.Success raté4) as a function of total
inference compute per query (generation and veri cation compute, log scaled) for different veri cation strategies. Each
point represents a different number of candidate generations @am?2’). WEAVER achieves the highest accuracy
while requiring more compute than Majority Voting but demonstrates continued scaling bene ts WihiteeR Distilled
maintains most o¥WEAVER's performance gains with 97.3% compute savings and substantial accuracy improvements over
baseline methods.

Figure 5 shows the performance\WWEAVER on the Llama-
70B generations against the cross-encoder on GPQA Dia-
mond. Across tasks, we nd that the distilled cross-encoder
is able to capture 98.2% of the performancedAVER.
When runningWeaveR with all the veri ers, it costs 35.35
exaFLOPs for each query's set of 100 samples. Running
a 400M cross-encoder costs 1.01 exaFLOPs for evaluat-
ing 100 samples anetduces compute cost by more than
three orders of magnitude, saving 99.97% of the FLOPs
originally required for running the 70B veri ersWe also
outperform majority voting by 23.2% while only incurring

a 0.57% increased inference cost over only generating the
responses. We see similar results for additional datasets in
Figure 22 (Appendix C.6).

These results suggest that, through distillation, we can cap-

ture the combined strengths of the weak veri ers used for

WEAVER, and deploy generalizable and lightweight cross-

encoders that use only a fraction of the parameters used

for generation. This reduces our hardware constraints con-

siderably;rather than utilizing an 8-GPU node per 70B

veri er (i.e. Nvidia H200s with 80B memory), we only re-

quire a single A100 GPU with 32GB of memory for our

cross-encoder Figure 5:Distilling WEAVER into a 400M Cross-Encoder
Almost Entirely Captures the Performance of WEAVER,
Yielding 99.97% Compute Savings. We train/evaluate on
an 80:20 split.
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B. WEAVER Methodology
B.1. Weak Supervision Model

We can construct a data generating model over response corregtmesdshe binary veri er outputs. The model is de ned
as:

Response Correctnessy; ~ Bernoulli( ) 8i 2 [n];j 2 [K];

Bernoulli(w. 1); ifyy =10 o5 nkj 2 [K];k 2 [m]

\eri er Score: Sk | Vi
ik 1Y Bernoulli{(l  wo); ify; =0;

where:

« is the probability that a response is correct.

* W1 is the true positive rate (TPR) of veri &, andwy.q is the true negative rate (TNR), which we refer to as the
veri er's accuracy parameters.

Here, each veri ek emits a binary scorsgyc 2 f 0; 1g, which is assumed to be a noisy indicator of whether resppnde
correct. The likelihood of the veri er's binary outpi;x 2 f 0; 1gis:

8
Wi 1; if yj =1 andsj =1;
. 1 w1, ifyj =1 andsjx =0;
Pr(Sk = sik JY =Vj)= ,k'l . 4 _ I —n-
§Wk;01 if Vi =0 andsi,-k =0;

"1 Wygo; if yij =0 andsijk =1:

We are interested in estimating the correctness of a respggngef 0; 1g based on assessments from multiple veri ers
sij = fsj1;852;:::;Sim 9. Applying Bayes' Rule, we get:
Pr(S=sj jyj =1)Pr(y; =1)

Py =115= )= Pis)

()

P .
WherePr(sij ) = y02f 0;1g Pr(sij 1y = yO) Pr( Yij = yO)
Equation (7) requires evaluating the full conditional likelihood:

which is a joint distribution ovem binary random variables. Since each veri®r 2 f 0; 1g is binary, then there ai&"
possible veri er output con gurations fog 2 f 0; 1g™ . This results ik™ 1 free parameters per class label to construct
the distributionPr(S = s; jy; ).

Conditional Independence Assumption To avoid this exponential blowup, we can assume that the veri ers provide
conditionally independerdgutputs:

hd
PSjy)=  P(Sjy)
k=1
which reduces the number of parameters fil@(2™) to O(m) and enables ef cient inference, under the assumption that
each veri er provides unique information about the correctness of a response.

Then, Equation (7) simpli es to a Naive Bayes-style estimator:

PryijzljS:sij =

PF(S = Sj )
_ Pr(yij = 1) km:lnPr Sy = Sijk jyi,- =1

(8)

yoor 020 PTOYG = Y9 "oy Pr Sk = sik Yy = P
The parameters in Equation (8) include:
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*» The prior probability of correctness= Pr(y; =1).

*» The veri er-speci ¢ conditional likelihood$ (S j yj ).

B.1.1. ARAMETER ESTIMATION

Supervised Setting When ground-truth labelg; are available, parameter estimation reduces to computing empirical

frequencies. We can estimate the prior as:
1 X

N = ﬁ ; 1fy“ :1g

For each veri erk, we could estimate:

P
r 1!1__:))/” =1g 1fSk:1g_

Wy, = i :
it i 1fy; =19

W0 = i 1!];yij =09 175 = OgI
’ i 1f Vi = 0 g

Weak Supervised Setting When a few labeleg; Gre available, we can use it to estimatéut we still need to estimate the

veri er accuracy parametemsy. 1; Wy. o to compute E‘:l Pr(S« = sjk jyj =1). Instead of using labeled data, we estimate
accuracy parameters using moment matching. In particular, we match observable second moments of veri er outputs to the
model-implied moments under conditional independence assumptions, based on an approach from (HazyResearch, 2018).

Pairwise Statistics. For each pair of veri erk; ; ko and binary outputa; b2 f 0; 1g, we can express the joint probability
of their outputs using the marginalization rule and the conditional independence assumption:

Pr(Sk, = a;S, = b 9)
=Pr( Sk, = @Y =1)Pr( Sk, = &Y =1)Pr(Y =1)+Pr( Sk, = bY =0)Pr( Sk, = by =0)Pr(Y =0)
where the conditional distributions for veri d« are:
( (
Wy:1; a=1,; 1 wgo, a=1;

Pr(Sx = ajy=0) =

Pr(Sx = ajy=1) =
(k Iy ) 1 Wk: 1, a=0; Wk; 05 a=0:

Marginal Statistics. Similarly, each veri er's marginal distribution can be written as:

Pr(Sk =1) =Pr( Sk =1jY =1)Pr(Y =1)+Pr( Sy =1jY =0)Pr(Y =0) (20)
Note that this equation holds true regardless of the conditional independence assumption.
Estimation method

« Construct the second order moment ma®i2 R@™ @m) \where:

Osi 12021 12 =Pr( S =0) 0 (11)
OPKS = 1) 8i 2 [m]

Oz 12i2f 12§ =Pr(Si=0;S; =0) Pr(S =0;S; =1) (12)

Pr(Si =1;S =0)Pr(S =1;S =1) 8 6 2 [m] (13)

« Construct the conditional probability matrix2 R@Y) 2 where each row encodes:
2k+ab — Pr Sk = ajy= b
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2

Wiy ;0 1 Wi
g l Wkl;O Wkl;l
ka ;0 1 ka 1
1 Wepio Wkyia
« Label prior matrixP 2 R? 2 is a diagonal matrix:

Pr(y; =0) 0

P =
0 Pr(y; =1)

Then, equation 9 is equivalent@= P > on the entries off of th@ 2 block diagonal, and equation 10 is equivalent to
diagl0) = P 1~ . Therefore, we optimize the following loss to compute

minimize Oofigiag (P "odiag ~ + diag(®) P 17 %
By solving via gradient-descent, we obtain estimates of the veri er accuracy parameierswy.og.

B.1.2. INFERENCE COMPUTING RESPONSE CORRECTNESS PROBABILITIES

Once the accuracy parametévs 1; Wi o0 are estimated anél(y; = 1) is computed from a small labeled development
dataset, we can compute posterior correctness probabilities for each response:

v
Pr(yij = 1jS = Sij ) / Pl'(yij = 1) Pr(Sk
k=1

Sijk JYij = 1)

Pr(yij = OjS = Sij ) / Pr(yi,- = 0) Pr(Sk
k=1

Siik Jyj =0)

Normalizing these, we have a full poster®(y; = 1jS = s; ), which provides a score with which we can select a response
for each query.
B.2. Adapting Weak Supervision to the Veri cation Setting

Given a set of veri ers, we elaborate on the design choices behind the weak supervision model described in Section 4. In
particular, we describe challenges around normalization, binarization and Itering out low-quality veri ers. In Section B.3,
we describe VBAVER's approach to normalizing, binarizing, and Itering veri ers.

B.2.1. NORMALIZATION

Veri er outputs often differ substantially in scale, range, and distribution. For instance, some veri ers output unbounded
real-valued scores (e.g., log-likelihoods), while others output normalized probabilities or learned regression values. Some
standard losses under this framework include ranking losses, binary classi cation losses and regression losses. Some
examples include:

Ranking losses

» Pairwise logistic loss:L(s1;Sp) = log(1 +exp( (S1  So)))
e Bradley—Terry loss: L(s1;S0) =log(1 +exp(Sp S1))

e Triplet margin loss: L(s1;Sp) =max(0;1 (s1  Sp))
Binary classi cation losses

« Logistic loss:L(s;y) =log(1+exp( y%)); y°=2y 1
 Hinge loss:L(s;y) =max(0;1 y%)
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Regression losses

+ Squared loss:L(s;y)=(s y)?

i(s ) ifjs ]

e Huberloss:L (s;y) = ) . .
S:) (is yi %) otherwise

For regression losses, it is essential that the model oatiies in the same range as the lapel [0; 1].

To combine out of the box veri ers, which may be trained under different constraints, veri er scores nagshparable
We note that standard losses imposes different but related invariance assumptions:

* Ranking and binary classi cation lossesare invariant to positive af ne transformations of the fosni! s +
where > 0. This means that the relative ordering or decision boundary between scores is preserved even if scores
differ in scale or offset.

« Regression lossesn contrast, directly penalize deviations between scores and targets, so the absolute scale of scores
matters. Because many veri er outputs are meant to approximate probabilities or correctness 2afiels], it is
essential to constrain scores to the same interval.

B.2.2. BNARIZATION

The weak supervision algorithm described in the prior section requires binary veri er outputs. This is naturally suited for
judge-style veri ers—such as language models prompted to answer yes/no questions—which outputXitabéds.

However, many veri ers, especially reward models, emit continuous scores and often vary in scale and calibration. This
raises a key design question: should we input these scores to the weak supervision model as-is, or should we binarize them?

Using continuous scores retains ne-grained information about the con dence of each veri er. This can improve ranking-
based performance metrics such as AUC and may allow the weak supervision model to better resolve disagreements among
veri ers. However, it introduces challenges when combining signals across veri ers with inconsistent calibration or scale:

a score of 0.8 may have different meanings for different veri ers. As seen in Figure Figure 6 different veri ers exhibit
different score distributions even when evaluating the same set of responses. Some veri ers are sharply bimodal, others
skew heavily toward low or high scores, and some produce nearly at or noisy distributions.

To address this, we evaluate several binarization strategies that convert continuous veri er scores into discrete labels. Figure 7
compares the AUC performance of a logistic regression model trained on veri er outputs across four binarization methods:
no binarization (continuous scores), a xed threshold at 0.5, class balance-based thresholds, and quantile binarization. We
observe that while continuous scores can achieve strong AUC when suf cient training data is available, simple binarization
strategies—especially those that account for score distribution skew—perform comparably and are more robust under
limited supervision.

Figure 8 shows only modest differences across binarization strategies for selection accuracy. We note in highly imbalanced
datasets, as in the case GPQA, simple quantile-based binarization performs particularly well, likely because it adjusts for the
skewed distribution of scores, i.e. it discards ambiguous mid-range scores and retains only the most con dent signals.
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Figure 6: Accuracy of veri ers on the GPQA dataset. For each veri er, we compute the fraction of problems for which the
top-ranked response (according to its score) is correct. While some veri ers consistently select high-quality answers, others
perform near chance or worse, motivating the need to lter out low-quality veri ers before applying weak supervision.
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