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Abstract

Recent work on reinforcement learning with
verifiable rewards (RLVR) has shown that large
language models (LLMs) can be substantially
improved using outcome-level verification sig-
nals, such as unit tests for code or exact-match
checks for mathematics. In parallel, process
supervision has long been explored as a way to
shape the intermediate reasoning behaviour of
LLMs, but existing approaches rely on neural
judges to score chain-of-thought steps, leaving
them vulnerable to opacity, bias, and reward
hacking. To address this gap, we introduce
Verifiable Process Reward Models (VPRMs),
a reinforcement-learning framework in which
intermediate reasoning steps are checked by
deterministic, rule-based verifiers. We apply
VPRMs to risk-of-bias assessment for medical
evidence synthesis, a domain where guideline-
defined criteria and rule-based decision paths
enable programmatic verification of reason-
ing traces. Across multiple datasets, we find
that VPRMs generate reasoning that adheres
closely to domain rules and achieve substan-
tially higher coherence between step-level de-
cisions and final labels. Results show that
VPRMs achieve up to 20% higher F1 than state-
of-the-art models and 6.5% higher than verifi-
able outcome rewards, with substantial gains in
evidence grounding and logical coherence.

1 Introduction

Large language models (LLMs) have made remark-
able progress in complex natural language process-
ing tasks, including reasoning, planning, and struc-
tured decision making (Brown et al., 2020; Ope-
nAl, 2024, 2025). Reinforcement learning with
verifiable rewards (RLVR) has recently emerged
as a robust alternative to preference-based rein-
forcement learning, enabling LLMs to improve
using reward signals derived from deterministic
checks such as program test suites or exact-match

mathematical evaluation (Guo et al., 2025; Lam-
bert et al., 2025). By grounding supervision in
objective verifiers rather than learned reward mod-
els, RLVR avoids many of the alignment failures
associated with neural reward hacking and has pro-
duced state-of-the-art performance in code gen-
eration and mathematical reasoning (Wang et al.,
2025b; Zhang and Zuo, 2025; Guo et al., 2025;
Yang et al., 2025a).

However, outcome-only RLVR provides rewards
solely at the terminal step of reasoning, offering
no guarantees about whether the model followed a
valid intermediate process. To address this lim-
itation, several extensions augment RLVR with
structural or auxiliary signals, such as masked-and-
reordered self-supervision (Wang et al., 2025c¢) or
self-verification mechanisms (Zeng et al., 2025).
These works strengthen RLVR but still operate
fundamentally at the level of outcome verifica-
tion. Most importantly, none of the above meth-
ods provide a fully verifiable form of process su-
pervision, and existing approaches that score in-
termediate Chain-of-Thought (CoT) steps rely on
neural judges (Lightman et al., 2024; Zhang et al.,
2025; Zou et al., 2025) which reintroduce opacity,
bias, and opportunities for reward hacking (Amodei
et al., 2016; Skalse et al., 2022).

To date, no work has demonstrated that pro-
cess rewards themselves can be made verifiable
on tasks whose structure admits deterministic sym-
bolic checking. Yet such a capability would be
highly desirable: if intermediate reasoning steps
can be validated explicitly, then reinforcement
learning could optimise not only for correct out-
comes, but also for transparent, logically sound
reasoning. Crucially, verifiable step-level rewards
would eliminate the aforementioned problems as-
sociated with neural process rewards.

This leaves a key open problem: can reinforce-
ment learning be used to train models whose entire
reasoning trajectory is rewarded only when each
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Figure 1: Illustration of the verifiable reasoning setup

Outcome

for risk-of-bias assessment (type A: bias arising from the

randomisation process). Top: given an input study z, the model produces a structured reasoning trace ¥ =

(01, ...,0r) with step-level labels (¢, {5, {3, {4), each

corresponding to a guideline-defined assessment question.

Bottom: the corresponding rule-based decision tree, which deterministically maps each combination of step-level

labels to low (+), high (-), or moderate (?) risk.

intermediate step satisfies domain-defined, rule-
based criteria? To address this gap, we introduce
Verifiable Process Reward Models (VPRMs), a
reinforcement-learning framework in which each
reasoning step is assessed by a deterministic veri-
fier grounded in explicit task guidelines. VPRMs
provide fine-grained, step-level reward signals that
complement outcome-level verification, guiding
optimisation toward reasoning traces that are both
correct and aligned with domain logic. Crucially,
we prove that under mild assumptions, VPRMs
offer theoretical guarantees that gradient-based up-
dates assign positive expected weight to correct
reasoning trajectories and negative weight to incon-
sistent ones, thereby encouraging sound reasoning.

To evaluate this framework, we consider a chal-
lenging, real-world structured-reasoning task: risk-
of-bias (RoB) assessment in clinical systematic re-
views. In this setting, studies must be evaluated for
susceptibility to systematic error (Chandler et al.,
2019), and domain guidelines prescribe a rigid se-
quence of reasoning steps and decision rules that
make the task uniquely amenable to verifiable pro-
cess supervision. Figure 1 illustrates the verifiable
reasoning process for assessing randomisation bias,
one of the RoB domains defined in the Cochrane
RoB tool for randomised trials (Sterne et al., 2019).

Across multiple models and RoB domains, we
compare VPRMs against outcome-only RLVR,

neural process-reward baselines, and pretrained
LLMs prompted for Chain-of-Thought (CoT). Our
results show that VPRM-trained models achieve
substantially higher accuracy and more coherent
reasoning traces, showing that verifiable process su-
pervision offers a more reliable optimization signal
for both result correctness and process soundness.
In summary, our contributions are as follows: (i)
we propose a verifiable process reward framework
that integrates deterministic step-level verification
with reinforcement learning for dense, interpretable
supervision over reasoning trajectories (Section 3);
(i1) we show that, under mild reward-separation
assumptions, verifiable process rewards encourage
correct reasoning (Section 3.3, Appendix A); and
(ii1) we validate the approach on risk-of-bias assess-
ment in medical systematic reviews, demonstrating
significant improvements over outcome-only and
neural process-reward baselines (Section 4).

2 Preliminaries

2.1 Policy Optimisation Algorithms

Group Relative Policy Optimization (GRPO)
GRPO (Shao et al., 2024) is a widely-adopted
group-based reinforcement learning method that
optimises a policy by comparing multiple candi-
date completions for the same input.

For each passage x, GG candidate completions
{y:}%, ~ Tou(- | x) are sampled from the refer-
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ence policy my1q to encourage robustness and diver-
sity. These completions are scored using a reward
model. The raw rewards R; are then normalised
across the group:

_ Ri —E[R)]

VIR , jed{i,....G}

where E[R;| and V[R;] are respectively the mean
and variance of the rewards for the group of re-
sponses. The policy is optimised using a clipped,
KL-regularised objective that encourages agree-
ment with high-reward behaviours while maintain-
ing proximity to a reference model 7yf:

|yl

o[ B

clip(pic(0),1 —e,1 4 £)A ) B KL ||7r,cf]}

Larro (60

where 5 governs the regularisation strength and
pi¢(0) is the token-level probability ratio defined
as follows:

mo(Yi, )

T Gopa (yiﬂt ‘ z, yi,<t)

pit(0) =

Dynamic sAmpling Policy Optimization (DAPO)
Building on GRPO, DAPO (Yu et al., 2025) re-
moves the KL penalty, introduces a clip-higher
mechanism, incorporates dynamic sampling, ap-
plies a token-level policy gradient loss, and adopts
overlong reward shaping. The key improvement
is dynamic sampling, by over-sampling and filter-
ing out prompts with the accuracy equal to 1 and
0, leaving all prompts in the batch with effective
gradients, avoiding dampening the gradient signals
for model training with a larger variance in the gra-
dient. This leads to the following maximisation
objective:

G vl

_E{Zl 1 1wl 2

i=1 t=1

Lparo(0) min (Pz t

Glip(pc(6),1— 2,1+ 0)4) .

s.t. 0 < [{ys| is_equivalent(y;,a)}| < G

This ensures that for the same input, the sampled
set contains both correct and incorrect answers.

2.2 Rule-based Reward Modeling

In rule-based reward modeling, the reward signal
is defined by explicit, hand-crafted rules that verify

whether a model output satisfies task-specific con-
straints. This approach is particularly effective for
verifiable tasks with clear notions of correctness,
such as mathematical problem solving, program
synthesis, or logical reasoning. The reward is com-
puted deterministically by a verifier and does not
rely on learned preference models. In its simplest
form, the reward is binary:

R(y) =

1 if the output is verified as correct,
0 otherwise.

This setting provides scalable, reliable supervision
with minimal ambiguity.

2.3 Systematic Reviews

Systematic reviews provide a principled framework
for aggregating empirical evidence through pre-
defined search strategies, explicit inclusion crite-
ria, and reproducible synthesis pipelines (Chan-
dler et al., 2019). Their value lies in reducing
subjective judgment in evidence collection and
enabling structured comparison across heteroge-
neous studies. One of the gold-standard reposito-
ries of systematic reviews is the Cochrane library (),
which contains curated reviews adhering to strict
evidence-synthesis and bias-assessment protocols.

2.4 Risk of Bias Assessment

Risk of bias assessment is a core component of sys-
tematic reviews, providing structured evaluations
of methodological flaws in primary studies that di-
rectly inform evidence synthesis and the credibility
of review conclusions. Assessments are structured
into a fixed set of domains of bias, focusing on
different aspects of trial design, conduct and re-
porting (Chandler et al., 2019; Sterne et al., 2019).
Within each domain, information about features
of the trial that are relevant to risk of bias is col-
lected and mapped to judgments of low, medium
or high risk. This domain-based assessment iden-
tifies issues such as selection bias, measurement
bias, and selective reporting, enabling subsequent
evidence synthesis to appropriately weight studies
not only in terms of their results, but also in terms
of their risk of bias. Additional details on the differ-
ent bias domains and the corresponding assessment
reasoning process are provided in Appendix B.

3 Verifiable Process Reward Models

We introduce Verifiable Process Reward Models
(VPRMs), a framework for process supervision
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Figure 2: Comparison between verifiable outcome rewards (left), which evaluates only the final risk label, and
verifiable process rewards (right), which additionally verifies each reasoning step and its associated label.

in which intermediate reasoning steps are evalu-
ated by deterministic, externally checkable verifiers
rather than learned neural judges. The framework
is presented in the context of risk assessment tasks,
which naturally admit structured reasoning steps,
discrete labels, and rule-based transitions that can
be validated against domain guidelines.

3.1 Reasoning Trajectories and Steps

For an input x, the model produces a reasoning tra-
jectory Y = (01,...,0r) with a stochastic policy

Hﬂe oy | 0<t, ).

Each step ¢ contains two discrete outputs: (i) a
step identifier s, € S and (ii) a step label /; € £,
which represents the model’s answer for that step.
Domain guidelines specify, for each prefix Y<,
the gold step identifier s} and gold step label ¢
obtained by applying the rule-based logic of the
task.

me(Y | x) =

3.2 Verifiers and Process Rewards

Correctness is evaluated by two bounded scoring
functions:

s (0, £7),

sy (st,57),

each mapping a model output and its corresponding
gold value into [0,1]. These provide a positive
reward signal when the model selects the correct
step identifier and the correct label according to the
task rules. The instanteneous step-level verifiable
reward is then defined as:

re(Yiw) = wf s} (s, s7) +wp sy(Le, 67),

where w?, w} > 0 are preset weights.

A terminal outcome reward 7,1 €valuates
whether the final risk value predicted from the full
reasoning trace matches the gold risk value. The
full verifiable process reward is then

E (Y5 2) + Tlabel
=1

As illustrated in Figure 2, this reward is fully
computable using deterministic, rule-based checks,
making all components of the reasoning trajectory
verifiable.

3.3 Reward Separation and Optimisation
Guarantee

An interesting consequence of combining VPRMs
with GRPO or DAPO is that the resulting opti-
misation dynamics exhibit a clear structure: rule-
consistent trajectories are, in expectation, pushed
in a beneficial direction.

Let R(Y') denote the verifiable process reward
assigned to a response y, and let G be the number
of responses sampled for the input x. Let C be the
event that Y is correct according to the rule-based
task semantics. Define the conditional expectations

pe=E[R(Y)|Cl,  pii=E[RY)|C.

We assume the following mild conditions (see
Appendix A for the full formal statement and dis-
cussion): (i) R(Y") has finite variance, (ii) correct
reasoning chains receive strictly larger expected
reward than incorrect ones (. > p;), and (iii) a
sufficiently large GG to ensure stable gradient up-
dates.
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Theorem 1. Under the above hypotheses, the

expected GRPO and DAPO advantage E[A(Y")]

satisfies

E[A(Y)|C] >0, E[A(Y)]|C]<0.

Thus, both GRPO and DAPO assign positive
expected weight to correct reasoning trajectories
and negative weight to incorrect ones, raising the
likelihood of correct reasoning in expectation.

This follows from the theoretical results pre-
sented by Wen et al. (2026). A proof for both
GRPO and DAPO objectives is provided in Ap-
pendix A.

4 Experiments

4.1 Training Dataset Creation

The first stage of our methodology involved the
acquisition of a high-quality, human-aligned corpus
suitable for training reward models.

To this end, we build on the COCHRANEFOR-
EST (Pronesti et al., 2025a) and COCHRANEFOR-
ESTEXT (Pronesti et al., 2025b) datasets, which
provide two essential components for our task: (i)
the forest plots extracted from Cochrane systematic
reviews, and (ii) the full-text primary studies corre-
sponding to every trial included in those plots. The
inclusion of full papers is critical, as risk-related
signals often depend on methodological details
available only in the complete manuscripts.

From these corpora, we retain exclusively the
forest plots that contain an associated risk-of-bias
map. Each such plot establishes an explicit corre-
spondence between its set of included studies and
their study-level bias assessments. We therefore
define a single instance as a paper-risk pair consist-
ing of a full-text study and its aligned risk-of-bias
definition and label extracted from the map. The
resulting dataset comprises 2,946 instances drawn
from 104 systematic reviews, totalling 4M tokens.

4.2 Synthetic Data Annotation for Structural
Reasoning Processes

Following the methodology described by Pronesti
et al. (2025b), we enrich our dataset with step-level
labels for RL using LlaMa 3.1 405B (Grattafiori
et al., 2024) with the system prompt shown in Fig-
ure 4 (Appendix), temperature of 0.7 and 2,048
tokens generation limit. An example data instance
is provided in Table 9 (Appendix); a human verifi-
cation of the generated annotations in Appendix D.

Dataset Train Test Total Avg tokens
COCHRANEFORESTEXT 2651 295 2946 13,596.9
COCHRANEFOREST - 1846 1846 12,722.8
RoBBR Cochrane 774 906 1680 9,084.6
RoBBR Non-Cochrane - 2489 2489 7,940.7

Table 1: Datasets statistics. Train/test split only ap-
plies to COCHRANEFORESTEXT and RoBBR Cochrane.
COCHRANEFOREST and RoBBR Non-Cochrane are
used for testing.

4.3 Experimental Setup

Training and Evaluation Datasets. For training,
we use the corpus constructed with the methods
from Section 4.1, allocating 2,651 instances for
training and 295 for validation. We also include the
774 training instances from the ROBBR Cochrane
split (Wang et al., 2025a). All training data are
augmented with step-level labels (Section 4.2).

For evaluation, we consider three datasets. The
first is COCHRANEFOREST (Pronesti et al., 2025b),
which contains 1,846 instances drawn from 48
Cochrane Systematic Reviews and 202 forest plots.
The second consists of the two test sets from the
RoBBR benchmark: RoBBR Cochrane, which con-
tains 906 datapoints originating from 204 papers in-
cluded in 58 Cochrane reviews; and RoBBR—Non-
Cochrane, which contains 2,489 datapoints drawn
from 496 non-Cochrane reviews that collectively
assess 496 papers. Dataset statistics are sum-
marised in Table 1, while per-risk-type statistics
are reported in Table 7 (Appendix).

Evaluation Metrics. We evaluate all models
on the main prediction task using Accuracy and
macro—F1, computed over the discrete risk labels.

In addition, for analyses (Section 4.6), we re-
port Coherence for the VPRM-trained models, de-
fined as the proportion of datapoints for which the
model’s predicted risk is consistent with the con-
clusion implied by its own intermediate reason-
ing. Formally, let 7; € R denote the final risk
value predicted by the model for datapoint ¢, and
let lﬁi’l, ... ,@T denote the sequence of step-level
labels produced along the corresponding reasoning
trace. Let D : £1 X --- x L7 — R be a fixed, ex-
ternally specified decision function mapping step-
level labels to a risk value. In our setting, this is the
set of macros used in the RoB2 tool (Sterne et al.,
2019) (See Figure 1). The coherence indicator for
datapoint ¢ is then

A~

C; = 1{ i =D, .. bir) }
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and the dataset-level Coherence is given by
| N
Coherence := N Zl C;
i

By construction, Coherence measures the degree to
which the model’s final conclusions are internally
consistent with the reasoning signals expressed in
its own intermediate steps.

Training Setup. We conduct our training us-
ing a compact instruct models of recent release:
Qwen2.5-7B (Yang et al., 2025b). We study two
methodological regimes: supervised fine-tuning
(SFT) with reasoning traces augmentation and
reinforcement learning (RL) with verifiable re-
wards. SFT is conducted for 5 epochs with a per-
device batch size of 1, a learning rate of 5 x 1075,
and the AdamW optimiser (Loshchilov and Hut-
ter, 2017). For RL, we investigate two policy-
optimisation algorithms, GRPO (Shao et al., 2024)
and DAPO (Yu et al., 2025), combined with two
reward types: verifiable outcome reward and our
verifiable process reward approach. All RL config-
urations are trained for 3 epochs with a learning
rate of 1 x 1076, per-device batch size 1, and 16
sampled generations per batch. Further implemen-
tation details are provided in Appendix E.

Model Baselines. To validate our results, we
compare a range of open- and closed-source mod-
els, with and without reasoning capabilities. mod-
els are evaluated in zero-shot settings with prompt
and hyperparameters shown in Appendix C. We in-
clude three main model families: Qwen 2.5 (Yang
et al., 2025b), Llama 3.1 (Grattafiori et al., 2024),
and Granite 3.1 (Granite Team, 2024). In addition,
we benchmark the distilled Qwen and Llama mod-
els derived from DeepSeek-R1 (Guo et al., 2025).
Lastly, we include one closed-source and two open-
source models from OpenAl (OpenAl et al., 2025).

To contextualise the effectiveness of our verifi-
able reward formulation, we also evaluate neural
process-reward baselines. At present, no pretrained
PRM exists for risk-of-bias assessment or, more
broadly, for non-mathematical scientific reasoning.
Therefore, to approximate a general-purpose PRM,
we follow prior work on using LL.Ms as step-level
judges, prompting a model to assign correctness
scores to each reasoning step (Song et al., 2025).
This setup has been shown to deliver competitive
process-level feedback in domains where explicit
PRM training data is unavailable, and therefore

serves as a reasonable baseline for comparison. In
addition, we train a policy using MedPRM (Yun
et al., 2025) as a reward model, one of the first
open-source PRMs for general medical reasoning.

4.4 Main Results

Comparison with Pretrained Baselines. Ta-
ble 2 presents a performance comparison of pre-
trained and fine-tuned language models on the
COCHRANEFOREST and RoBBR benchmarks.
Across all datasets, models trained with verifi-
able rewards substantially outperform pretrained
models, including large reasoning-enabled sys-
tems. Reinforcement learning with verifiable out-
come rewards already yields strong gains over
supervised fine-tuning, while incorporating veri-
fiable process rewards consistently leads to fur-
ther improvements in both accuracy and macro-F1.
On COCHRANEFOREST, Qwen2.5-7B trained with
VPRM achieves the best overall performance, and
similar improvements are observed on both RoOBBR
Cochrane and Non-Cochrane. The latter result in-
dicates that the benefits of verifiable process super-
vision generalise beyond the training distribution,
rather than exploiting dataset-specific regularities.

Comparison with Neural PRMs. Table 3 com-
pares verifiable process rewards against neural
process-reward baselines. In all settings, mod-
els also receive the same verifiable outcome re-
ward; the comparison isolates only the effect of
the process-level supervision. While neural PRMs
substantially improve over outcome-only train-
ing, they are consistently outperformed by VPRM.
This performance gap suggests that learned step-
level judges introduce noise and misalignment that
limit their effectiveness, whereas deterministic,
guideline-based verification provides a cleaner and
more reliable optimisation signal. These results
support the central claim that verifiable process re-
wards offer a stronger and more robust alternative
to neural process supervision for complex, struc-
tured reasoning tasks.

4.5 Ablation Studies

To assess the contribution of different components
of our verifiable reward formulation, we conduct
two ablation studies: the structure of process super-
vision and the inclusion of an outcome-level reward.
For process supervision, we compare a steps-only
reward that verifies whether the model follows the
correct sequence of reasoning steps, irrespective
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. COCHRANEFOREST | RoBBR Cochrane | RoBBR Non-Cochrane
Model Think
Acc Acc F1 Acc F1
Pretrained LLMs
GPT-4-0125 X 52.4 41.6 56.0 47.9 47.8 423
GPT-0SS-20B v 61.4 43.9 56.4 50.3 46.3 42.8
GPT-0SS-120B v 67.1 49.8 59.5 51.0 48.8 44.2
Qwen2.5-7B X 32.9 31.6 35.8 34.1 36.4 34.5
Qwen2.5-14B X 39.0 37.0 35.5 35.4 32.5
Qwen2.5-72B X 51.3 56.1 51.0 47.5 43.6
Llama-3.1-8B X 36.4 30.6 34.5 32.1 36.4 32.5
Llama-3.1-70B X 38.8 30.2 49.5 40.0 42.5 38.9
Llama-3.1-4058B X 68.4 45.5 59.4 44.0 52.5 39.8
DeepSeek-Qwen-7B v - - - - -
DeepSeek-Qwen-14B v 33.3 19.2 35.8 23.5 354 23.5
DeepSeek-Qwen-32B v 40.8 359 44.9 40.4 46.4 41.3
DeepSeek-L1ama-8B v - - - - - -
DeepSeek-L1lama-70B v 44.2 33.5 57.3 41.2 48.3 42.7
Granite-3.1-3B X 24.4 23.6 22.2 21.8 13.7 14.9
Granite-3.1-8B X 24.7 22.0 35.8 31.6 33.2 28.2
Granite-4.0-h-small (32B) X 48.2 335 45.4 41.2 40.9 33.1
Our Models
Qwen2.5-7B-SFT v 45.1 36.9 38.6 324 38.3 31.9
Qwen2.5-7B-GRPO v |8L5 70.2 63.1 58.0 56.8 45.1
Qwen2.5-7B-DAPO v 76.8 57.3 60.2 45.4 55.8 43.6
Qwen2.5-7B-GRPO-VPRM v 87.9 76.7 65.2 58.5 60.7 47.2
Qwen2.5-7B-DAPO-VPRM v 79.2 60.6 60.7 48.9 57.1 45.3
Table 2: Evaluation results across models on three datasets, reporting Accuracy and macro-F1. “~” denotes
unparsable or inconclusive outputs. Best results are bolded; second-best are underlined.

Method | Acc F1 Setting | Acc  F1
Neural PRMs w/o Outcome Reward
Qwen2.5-7B-GRPO-PRM-GPT-0SS ‘ 78.2  56.1 Stens-only process reward | 344 323
Qwen2.5-7B-GRPO-MedPRM 768 534 Fulfl’VPRlyv[P ‘ 00 353
gvs:;ﬁ;l;l—egewards 329 316 o s Hov

Qwen2.5-7B-GRPO 81.5 702 Steps-only process reward ‘ 83.1 71.8
Qwen2.5-7B-GRPO-VPRM 87.9 76.7 Full VPRM 879 76.7

Table 3: Performance comparison between neural
judges, rule-based rewarding and verifiable process re-
warding on COCHRANEFOREST.

of the correctness of their content, against the full
VPRM, which additionally evaluates the correct-
ness of each step and enforces consistency with the
guideline-defined decision structure. For outcome
supervision, we train each variant both with and
without a verifiable outcome reward.

Table 4 shows that removing the outcome reward
leads to substantial performance degradation, indi-
cating that step-structure verification alone is insuf-
ficient to reliably optimize the task. Nevertheless,
even in this setting, the full VPRM outperforms the

Table 4: Ablation study on outcome and process reward
components on COCHRANEFOREST. We report Accu-
racy (Acc) and F1; lower blocks compare models with
and without outcome reward, and columns compare
steps-only supervision to the full VPRM formulation.

steps-only variant, demonstrating the importance
of verifying not just the presence but also the cor-
rectness and logical composition of intermediate
reasoning steps. When the outcome reward is in-
cluded, performance improves markedly, and the
full VPRM consistently achieves the best results,
showing that combining verifiable outcome super-
vision with fine-grained, correctness-aware process
rewards yields the strongest learning signal.
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Model | Coherence | CA
GPT-0SS-120B 36.2 28.5
Qwen2.5-72B 44.3 24.9
Llama-3.1-405B 50.7 27.1
Qwen2.5-7B-GRPO-VPRM 89.5 75.0
Qwen2.5-7B-DAPO-VPRM 80.1 69.4

Table 5: Coherence scores for Qwen models trained
with DAPO and GRPO using verifiable process rewards
compared with pretrained LLMs on COCHRANEFOR-
EST. Best results are bolded; second-best underlined.

4.6 Analyses

Impact of Thought Process. Table 5 reports Co-
herence on the COCHRANEFOREST testset for the
models trained with VPRMs compared with pre-
trained baselines prompted to output process labels.
In addition, we report Coherent Accuracy (CA),
defined as the accuracy restricted to coherent in-
stances. That is, among the datapoints for which
the model’s final prediction is consistent with the
decision implied by its own reasoning steps (i.e.,
C; = 1), we measure the proportion whose final
predicted label is also correct. Formally, letting ;
and y; denote the predicted and gold labels respec-
tively, we define

CA — Y G =1 A §i =y
N

CA therefore quantifies the reliability of the
model’s predictions conditioned on coherence.

Results show that pretrained models exhibit
low coherence and very low CA, indicating that
even when their step-level reasoning appears self-
consistent, it rarely leads to correct final judg-
ments. In contrast, VPRM-trained models achieve
both substantially higher coherence and high CA,
demonstrating that they not only follow the de-
cision logic faithfully but also produce accurate
conclusions when they do so, suggesting improved
robustness and interpretability.

Reward Dynamics. Figure 3 shows that process
and correctness rewards follow closely aligned tra-
jectories: both rise sharply early, stabilise within
the same oscillatory range, and peak at similar
points. This alignment indicates that improved
step-level reasoning directly improves final-label
correctness. In contrast, the thought-format reward
saturates quickly and remains flat, contributing lit-
tle once formatting is learned. Overall, the strongly
correlated shapes of the process and correctness

Dataset Baseline Outcome-only VPRM A
CRiskEval 47.4 48.2 536 6.2
Gretel Financial Risk 49.1 49.8 524 33

Table 6: Out-of-Distribution Evaluation.
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Figure 3: Reward dynamics. Format rewards plateau
early, while accuracy and process rewards improve grad-
ually, indicating that LLMs quickly learn structure but
continue to refine quality.

curves highlight that VPRM training drives coher-
ent, mutually reinforcing gains in intermediate and
final reasoning behaviour.

Out-of-Distribution Evaluation. We further as-
sess out-of-distribution generalisation of our mod-
els on CRiskEval (Shi and Xiong, 2025), a bench-
mark for Al safety risks, and on the Gretel finan-
cial risk dataset (GretelAl, 2024). Results (Ta-
ble 6) show that our VPRM-trained models gener-
alise well on out-of-distribution data, outperform-
ing both the base instruct model and its outcome-
only RL-tuned counterpart.

5 Related Work

Reinforcement Learning and Verifiable Re-
wards Several extensions of reinforcement learn-
ing with verifiable rewards (RLVR) go beyond
outcome-only supervision by enriching the reward
signal with structural information. Masked-and-
reordered self-supervision provides auxiliary sig-
nals encouraging coherent intermediate reason-
ing (Wang et al., 2025c), while self-verification
methods add progress-estimation or critique mod-
ules that guide models toward more reliable rea-
soning trajectories (Zeng et al., 2025). Theoretical
analyses further show that verifiable rewards influ-
ence trajectory selection in predictable ways, steer-
ing models toward high-success modes under veri-
fiable criteria (Wen et al., 2026). These approaches
strengthen RLVR but remain fundamentally cen-
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tered on terminal-outcome verification.

Complementary lines of research pursue pro-
cess supervision, scoring CoT steps using neural
judges (Lightman et al., 2024; Zelikman et al.,
2022; Zhang et al., 2025; Zou et al., 2025). While
such methods provide dense feedback unavail-
able to outcome-only RL, they depend on model-
generated evaluations and therefore inherit issues
of opacity, bias, and reward hacking (Amodei et al.,
2016; Skalse et al., 2022). Crucially, their interme-
diate rewards are not verifiable.

Taken together, these works highlight two re-
maining gaps: existing approaches lack (i) verifia-
bility of intermediate rewards and (ii) fine-grained
step-level supervision grounded in deterministic
rules. To date, no method provides reinforce-
ment learning over reasoning trajectories where
every step is evaluated by an externally check-
able verifier. Verifiable Process Reward Models
(VPRMs) address this gap by combining the ro-
bustness of RLVR with step-wise, rule-based veri-
fication, which not only enables transparent, struc-
turally aligned reasoning but also removes the op-
portunities for reward hacking inherent in neural
process rewards.

RoB Assessment and Automated Evidence Eval-
uation. Prior work on automated RoB assess-
ment has largely relied on supervised modelling or
prompted LLMs. Transformer-based systems such
as RoBIn (Dias et al., 2025) frame RoB inference
as a machine reading comprehension task and train
classifiers directly on annotated evidence. Other ap-
proaches enhance pretrained LLMs with retrieval
or auxiliary decision heads, as in RoBGuard (Ji
et al., 2025). Several studies investigate LLM
prompting for RoB assessment, reporting limited
reliability when models operate without explicit
procedural constraints (Huang et al., 2025; Suster
et al., 2024). Likewise, analyses of LLM-based
critical appraisal highlight dependence on model
pretraining and prompt sensitivity rather than veri-
fiable optimisation (Wang et al., 2025a; Lai et al.,
2025). Across these methodologies, existing sys-
tems employ prompting or supervised fine-tuning,
but none leverage reinforcement learning for RoB
assessment. Our work is, to our knowledge, the
first to introduce RL-based training in this domain.

6 Conclusion

In this paper, we introduce verifiable process re-
wards that integrate deterministic step-level veri-

fication with reinforcement learning, provide the-
oretical guarantees under mild assumptions, and
demonstrate substantial empirical gains on risk-of-
bias assessment in medical systematic reviews.
Our results indicate that verifiable process super-
vision is a practical and robust approach to induc-
ing reliable reasoning behaviour in large language
models, opening the door to broader applications
in structured scientific and decision-making tasks.

Limitations

While VPRMs offer strong guarantees for struc-
tured reasoning tasks, several limitations remain.
First, the approach relies on the existence of de-
terministic, domain-specific rules; tasks lacking
well-defined intermediate reasoning steps may not
benefit directly. Second, our empirical evaluation is
currently focused on risk-of-bias assessment; gener-
alisation to other domains, particularly open-ended
reasoning tasks, remains to be established.

Additionally, the approach assumes that the
model can produce reasoning traces in a format
compatible with the verifiers; misalignment be-
tween model output and verifier expectations could
reduce reward effectiveness, especially in the con-
text of smaller models. Finally, while VPRMs re-
duce reliance on neural reward models, they do not
fully eliminate other sources of model bias or errors
arising from incomplete guidelines. Addressing
these challenges will be critical for deploying ver-
ifiable process supervision in broader, real-world
applications.
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A Theoretical Analysis

This section provides the proof of Theorem 1,
which is an extension of prior results on reinforce-
ment learning with verifiable rewards (RLVR) in
base LLMs (Wen et al., 2026).

A.1 Setup and assumptions

Let R(Y") denote the verifiable process reward as-
signed to a response Y, and let G be the number
of responses sampled for the input . Let C denote
the correctness event for a trajectory Y. Define

pe :=E[RY)|C), w:=E[R(Y)]C,
p

=P(C),

and let m := pu. + (1 — p)u; be the uncondi-
tional expected reward.

Assumption Al. For fixed (x,r), the verifiable
reward R(Y") is a real-valued random variable with
finite mean and nonnegative variance oy > 0.

Assumption A2. Correct reasoning trajectories
have higher probabilities to induce correct answers
(the reward model is more likely to assign higher
scores to correct responses than to incorrect ones):
He > i

Assumption A3. Let R and S denote the empiri-
cal mean and standard deviation of rewards within
a sampled group. As the group size G — oo,

S L o= /Var[R(Y)].

A.2 Normalised advantages

R%m,

GRPO uses the trajectory-level normalised advan-
tage

DAPO constructs token-level advantages by scaling
the same trajectory advantage:

Az‘,t = Cit A(Yz),

where ¢;; > 0 and ﬁ Zi,t cit =1

Following Wen et al., 2026 and without loss
of generality, we consider a policy gradient up-
date (Sutton et al., 1999)

1. & .
VI(0) = 5D A(Yi)Vy log mo(Yi | 2).
i=1

A.3 Proof of Theorem 1

We prove the result for A(Y); the DAPO case fol-
lows immediately by the nonnegativity of the con-
stants ¢; ;.

By Assumption A3 and Slutsky’s theorem,

Ay) = R(Y;—R @ R(Yi—m.

Taking conditional expectations yields

E[A(Y) | €] == B,

E[A(Y) | ¢ £==, 1 ~ .

Substituting m = pu. + (1 — p)u; gives

e —m = (1 = p)(pe — pi) >0,
pi —m = —p(pec — p;) <0,

establishing the sign separation:

E[A(Y)|C] >0,
E[A(Y) | €] < 0.

For DAPO,

E[A;; | C] = ¢  E[A(Y) | C] > 0,
E[A;; | C¢] = ¢i s E[A(Y) | €] < 0.

Thus, both GRPO and DAPO apply positive ex-
pected weight to correct traces and negative weight
to incorrect ones, proving Theorem 1.

A.4 Verifiable Outcome Reward as a Special
Case of VPRMs

Define the degenerate label spaces L’Er) = @ for
allt <T. Thenr(-) =0fort < T and

R(Y;z,r) = raba(Y; 2, 7).

Hence a Verifiable Outcome Reward Model is ex-
actly the case of a VPRM with no intermediate
verifiable labels. All the results above apply: they
reduce to the original GRPO/DAPO statements
where the scalar reward depends only on final out-
come statistics.
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B Risk of Bias Assessment

Risk-of-bias estimation evaluates the extent to
which study findings may be systematically dis-
torted. The process is organised into a set of do-
mains that correspond to common sources of bias
in randomized trials. For each domain, reviewers
extract relevant information from the study report
and translate it into qualitative judgments about
the presence and potential impact of bias. Modern
assessment tools, such as RoB 2.0 (Sterne et al.,
2019), increasingly leverage automated decision
rules to standardise these judgments. Algorithm 1
provides an example of a macro for risk of type A
using the labels defined in this paper, which illus-
trates how extracted steps are mapped to specific
risk levels. Below we outline the main domains
considered in our work, together with the typical
reasoning steps involved.

A. Random sequence generation This domain
assesses whether the method used to generate the
allocation sequence was truly random. Reviewers
first check whether the study reports how random-
ization was carried out. If so, they evaluate the
nature of the method (e.g., computer-generated se-
quence versus quasi-random methods such as alter-
nation) and judge whether the sequence could have
been predicted. Clearly reported and genuinely ran-
dom procedures indicate low risk; quasi-random or
non-random procedures, or a lack of information,
increase concern.

B. Allocation concealment Here the question is
whether the assignment to treatment groups was
shielded from those enrolling participants. Review-
ers determine whether concealment was reported
and whether the method (e.g., sealed opaque en-
velopes, central allocation) prevented foreknowl-
edge of upcoming assignments. Adequate con-
cealment protects against selection bias, whereas
inadequate or unclear procedures raise concerns.

C. Blinding of participants and personnel This
domain considers whether participants and those
administering interventions were aware of group
assignments. Reviewers establish whether blind-
ing was reported, whether it involved participants,
personnel, or both, and whether the blinding ap-
proach was likely to have been effective. Lack of
blinding, or ineffective procedures, may influence
participants’ behaviour or care delivery and thus
introduce performance bias.

D. Blinding of outcome assessment Assessors
may also be influenced by knowledge of treatment
allocation. Reviewers check whether outcome as-
sessors were blinded and whether blinding was
likely to minimise biased measurement. Absence
of blinding or unclear reporting raises the possibil-
ity that assessments were influenced by expecta-
tions or prior beliefs.

E. Incomplete outcome data This domain eval-
uates the extent and handling of missing data.
Reviewers consider how much data is missing,
whether reasons for missingness are reported and
plausible, and whether the analysis appropriately
accounts for missing data. High or unexplained
attrition, or inadequate handling strategies, can pro-
duce biased estimates of effect.

F. Selective reporting Selective reporting bias
arises when outcomes are reported inconsistently
with the study protocol or when unplanned out-
comes are introduced. Reviewers check whether
a protocol is available, compare planned and re-
ported outcomes, and assess whether omissions or
additions suggest selective emphasis. Clear corre-
spondence indicates low risk; discrepancies raise
concern.

In addition to these core domains, we also consider
supplementary aspects relevant to internal validity:
similarity of baseline outcomes (G), similarity of
baseline characteristics (H), and risk of contamina-
tion between study arms (I). These domains capture
further sources of potential bias arising from imbal-
ances at baseline or from unintended exposure to
interventions across groups.

Algorithm 1 RoB A Macro

1: procedure PREDICTLABEL-A(steps)

2: if steps[IDENTIFYRANDOMIZATIONREPORT] = NOTREPORTED then
3: return MODERATE

4: end if

5: if steps[ CLASSIFYRANDOMIZATIONMETHOD] = NONRANDOM then
6: return HIGH

7: end if

8: if steps[ASSESSSEQUENCEPREDICTABILITY] = PREDICTABLE then
9: return MODERATE

10:  endif

11: if steps[BASELINEIMBALANCE] = LIKELY then

12: return HIGH

13: end if

14 return Low

15: end procedure

C Prompts

The prompts used for synthetic data annotation and
for training are shown in Figure 4 and 6, respec-
tively. For training, a temperature of 0.7 and 2,048
tokens as maximum output length are used.
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Prompt for synthetic data annotation

Articles: {articles}

Your task is to produce a structured reasoning trace for the
following risk of bias domain to justify the ground truth value.

Comparison: {comparison}
Outcome: {outcome}

Bias: {bias_id} — {bias_definition}
Ground_truth: {bias_value}

You must follow the structured reasoning procedure defined
for each risk-of-bias domain (A-I). For every domain, you must use
the exact step names and allowable categorical labels listed below:

{steps_and_labels }

Follow this exact output structure:

{{
"step_name": "step_label",
"step_name_rationale": "your detailed rationale",

(repeat for all steps required by the bias domain)

1

Figure 4: Prompt for synthetic data annotation.

Steps and labels

A — Random sequence generation
Identify_randomization_report — reported | not_reported
Classify_randomization_method — random | non_random
Assess_sequence_predictability — unpredictable | predictable
Baseline_imbalance — likely | none

B — Allocation concealment
Identify_concealment_report — reported | not_reported
Determine_concealment_method — adequate | inadequate
Assess_possibility_of_foreknowledge — no | possible

C — Blinding of participants and personnel
Identify_blinding_report — reported | not_reported
Assess_blinding_status — participants | personnel | both | none
Evaluate_blinding_effectiveness — effective | ineffective

D — Blinding of outcome assessment
Identify_outcome_blinding_report — reported | not_reported
Assess_assessor_blinding — yes | no
Evaluate_blinding_effect_on_measurement — no | possible

E — Incomplete outcome data

Quantify_missing_data — none | low | high
Identify_missing_data_reason — adequate | inadequate |
not_reported

Assess_handling_of_missing_data — appropriate | inappropriate
Estimate_bias_due_to_missing_data — unlikely | likely

F — Selective reporting

Identify_protocol_availability — available | not_available
Compare_outcomes_reported — all | partial | none
Detect_unexpected_outcomes — none | added
Evaluate_reporting_selectivity — no | possible | yes

G — Baseline outcomes similar
Identify_baseline_outcomes_report — reported | not_reported
Compare_baseline_outcomes — similar | different
Evaluate_impact_of_differences — likely_impact | unlikely_impact

H — Baseline characteristics similar
Identify_baseline_characteristics_report — reported | not_reported
Compare_baseline_characteristics — similar | different
Evaluate_impact_of_differences — likely_impact | unlikely_impact

I — Contamination

Identify_contamination_risk_report — reported | not_reported
Assess_contamination_possibility — possible | unlikely
Assess_contamination_impact — likely_impact | unlikely_impact

Figure 5: Steps and labels.

Prompt for training and inference

Articles: {articles}

Question: Based on the given article, what is the risk of
bias for the following Comparison and Outcome?

Comparison: {comparison}

Outcome: {outcome}

The bias you have to assess is defined as follows: {bias}

You must follow the structured reasoning procedure defined for each
risk-of-bias domain (A-I). For every domain, you must use the exact
step names and allowable categorical labels listed below:

{steps_and_labels}

Follow this exact structure for your reasoning:
<think>

Step 1: step_name

...your thought process here...

Answer: step_label

Step 2: step_name
...your thought process here...
Answer: step_label

(repeat for all steps required by the bias domain)
</think>

<answer>

risk: high | low | moderate

</answer>

Figure 6: Prompt for VPRM-training and -inference.

Dataset A B C D E F G H 1
COCHRANEFORESTEXT 498 498 498 498 498 273 61 61 6l
COCHRANEFOREST 330 330 330 330 330 112 28 28 28
RoBBR Cochrane 125 125 198 133 206 119 0 O O

RoBBR Non-Cochrane 412 474 467 472 478 186 O O O

Table 7: Datasets statistics per risk type.

D Silver Steps and Labels Manual
Verification

To assess the quality of the automatically generated
reasoning steps and silver labels used for VPRM
training, we selected a random sample of 20 in-
stances from the full dataset and manually eval-
uated their correctness. The evaluation was con-
ducted by two master’s students in NLP familiar
with the task. For each instance, annotators in-
spected the complete step-level reasoning trace and
verified two properties: (i) whether the sequence
of steps constituted a valid decision path for the
target risk-of-bias domain, according to Cochrane’s
domain-specific guidelines; and (ii) whether each
step and label was valid given the underlying paper.
For each item, we recorded whether the overall
reasoning trace was coherent, and for each individ-
ual step we recorded whether the step and its label
were valid.

Table 8 summarises the proportion of coherent
instances, correct steps, and correct labels observed
in this manual evaluation. Results of the manual
verification show that the automatically generated
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Metric Fraction
Coherent instances  100.0 %
Correct steps 100.0 %
Correct labels 96.7%

Table 8: Manual verification of 20 randomly sampled
silver-labelled reasoning traces.

steps and labels used for VPRM training are of
consistently high quality. All inspected traces fol-
low the correct decision structure, and step-level
labels are almost always accurate, providing a solid
ground for model training.

E Hyperparameters and APIs

We executed all the experiments either via API or
on our own cluster. We used the paid-for OpenAl
API to access GPT-4. On the other hand, we hosted
and trained the open-source models used in this
paper on a distributed cluster.

SFT is performed for 5 epochs with a batch size
of 1 (due to the large size of the input data) us-
ing a learning rate of 5 x 10~ and the AdamW
optimiser (Loshchilov and Hutter, 2017).

For the RL setups, we adopt the GRPO (Shao
et al., 2024) and DAPO (Yu et al., 2025) algo-
rithms, training for 3 epochs with a learning rate
of 1 x 1076, per-device batch size 1, and 16 sam-
pled generations per batch. Both training protocols
leverage gradient accumulation with 8 accumula-
tion steps. All experiments are conducted using the
Open-R1 framework (Hugging Face, 2025) on 8
NVIDIA A100 GPUs, each equipped with 80GB
of memory. Models have been served for inference
with the vLLM framework (Kwon et al., 2023).

F Scientific Artefacts and Licensing

In this work, we used the following scientific arte-
facts. LLaMa 3.1 is licensed under a commercial
license!. GPT-4 is licensed under a commercial li-
cense’. Qwen2.5 is licensed under the Apache 2.0
license®. Granite 3.1 is licensed under the Apache
2.0 license*. DeepSeek models are licensed under
the MIT license’. Mining text and data from the
Cochrane library is permitted for non-commercial

1https://llama.meta.com/doc/overview

2https://openai.com/policies/terms—of—use

3https://qwenlm.github.io/blog/qwen3

4https://www.ibm.com/architectures/
product-guides/granite-31

5https://api—docs.deepseek.com/news/
news250120

research through the Wiley APL®. The usage of the
listed artefacts is consistent with their licenses.

®https://www.cochranelibrary.com/help/access
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Stem Cell Placebo or control Risk Ratio Risk Ratio Risk of Bias
Study or Subgroup Events Total Events Total Weight M-H, Random, 95% CI M-H, Random, 95% CI ABCDEF
Hawkey 2015 8 23 2 22 23.9% 3.83[0.91, 16.07] I X XK
Melmed 2015 4 28 0 16 7.9% 5.28[0.30, 92.10] > 2?727PPPE
Panes 2016 57 107 43 105 68.2% 1.30[0.97 , 1.74] L PPOPPE@
Total (95% CI) 158 143 100.0% 1.88 [0.80, 4.41] _‘
Total events: 69 45
Heterogeneity: Tau? = 0.26; Chi? = 3.14, df = 2 (P = 0.21); I* = 36% 0507 15 2

Test for overall effect: Z = 1.45 (P = 0.15)

Favors Control or Placebo Favors Stem Cells

Test for subgroup differences: Not applicable

Risk of bias legend

(A) Random sequence generation (selection bias)

(B) Allocation concealment (selection bias)

(C) Blinding of participants and personnel (performance bias)
(D) Blinding of outcome assessment (detection bias)

(E) Incomplete outcome data (attrition bias)

(F) Selective reporting (reporting bias)

Figure 7: Example of forest plot containing three studies and their corresponding risk of bias map.

Hawkey 2015

Text Autologous Hematopoetic Stem Cell Transplantation for Refractory Crohn Disease: A
Randomised Clinical Trial
Importance Case reports and series suggest hematopoietic stem cell transplantation
(HSCT) may benefit some patients with Crohn disease.

Outcome Clinical Remission

Comparison Stem Cell vs Placebo or control

Bias type A

Bias name Random sequence generation (selection bias)

Bias definition
Bias value

Bias arising from the randomization process
+

Annotation

"Identify_randomization_report": "reported”,
"Identify_randomization_report_rationale": "The methods section of the trial explicitly
states that participants were allocated to groups using a computer-generated random
sequence. The authors describe the randomisation process in sufficient detail, indicating
that a statistician who was not involved in participant recruitment generated the
sequence.",

"Classify_randomization_method": "random",
"Classify_randomization_method_rationale": "A computer-generated sequence (e.g.,
using a random number generator or statistical software) is a truly random method. It does
not rely on any deterministic or quasi-random technique such as alternation, date of birth,

s

or admission order, therefore it is classified as ‘random’.",

"Assess_sequence_predictability": "unpredictable”,
"Assess_sequence_predictability_rationale": "Because the sequence was generated by a
computer algorithm and concealed from the investigators enrolling participants (allocation
was performed via sealed, opaque envelopes prepared after the sequence was generated),
neither the investigators nor the participants could foresee the upcoming allocation. This
makes the sequence unpredictable.",

"Baseline_Imbalance": "none",

"Baseline_Imbalance_rationale": "Baseline tables show that demographic and clinical
characteristics (age, sex, disease severity, etc.) are comparable across groups with no
statistically significant differences, indicating that the randomisation produced balanced
groups and is unlikely to have introduced bias."

Table 9: The corresponding entry in COCHRANEFORESTEXT for Hawkey 2015 in Figure 7. Rationales are not used

for RL training.
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