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Abstract

Value estimation is crucial for many reinforcement learning algorithms used to optimize large language
models (LLMs). In critic-based methods such as Proximal Policy Optimization (PPO), an additional critic
model predicts expected future outcomes for each generated token based on intermediate generation states,
and this value is used to compute the advantages that guide policy optimization. Such value estimation is
relatively well defined when the reward specification is fixed and consistent, but becomes more challenging in
open-ended tasks where evaluation criteria vary across queries. We study this problem in RL with rubric
rewards, where each query is associated with multiple query-specific criteria whose scores are collapsed into a
scalar reward. A standard critic observes the query and response prefix but learns only from this aggregated
target, leaving the criterion-level reward structure implicit. To address this, we propose Disentangled Value
Estimation (D VE), which uses a shared critic conditioned on one rubric at a time to estimate rubric-specific
values from rubric-level rewards, and aggregates them with the original rubric weights into the value baseline
used by standard GAE. Across five benchmarks spanning instruction following, chat, and scientific question
answering, D VE outperforms the vanilla PPO and GRPO in 13 of 15 model-benchmark combinations. An
ablation indicates that the benefit extends beyond merely exposing the critic to rubric text, while fixed-response
evaluation shows lower value prediction error, higher explained variance, and stronger response-level ranking
consistency.

1 Introduction

Value estimation is a fundamental component of many reinforcement learning (RL) algorithms for training
large language models (LLMs) Lambert et al. (2024); Shao et al. (2024). It predicts the expected outcome
the LLLM policy would achieve from the current generation prefix (referred to as the value), allowing the
relative contribution of each action to be estimated. To estimate fine-grained token-level values, algorithms
such as Proximal Policy Optimization (PPO) Schulman et al. (2017) train a learnable critic model to predict
values that fit the target outcomes from the corresponding reward function. These predicted values are then
used to compute token-level advantages, typically via generalized advantage estimation (GAE) (Schulman
etal., 2016).

Recent studies show that end-to-end training can benefit from effective and stable critic learning Yuan
et al. (2025); Yue et al. (2025); Kazemnejad et al. (2024). The core idea is that the critic model, which
by definition estimates under a given reward function, can implicitly infer the evaluation criteria, thereby
allowing us to more accurately estimate the advantage for each action. For example, in verifiable tasks
such as mathematical reasoning (Hu et al., 2026; Lambert et al., 2024) and in conventional game-playing
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tasks (Mnih et al., 2015; Schrittwieser et al., 2020), rewards are typically computed by measuring whether
the final answer matches an objectively verifiable target. Under such a fixed and stable specification, the
critic can achieve lower value prediction error, leading to more reliable advantage estimates and more
effective end-to-end policy optimization Yue et al. (2025); Huang et al. (2026).

However, value estimation becomes increasingly challenging in open-ended tasks, such as long-form
generation (Li et al., 2026; Yifei et al., 2025). The main reason is that their reward functions depend on
complex evaluation criteria that can vary across queries, making critic learning more difficult. Recent work
introduces rubrics-as-reward (Gunjal et al., 2026; Viswanathan et al., 2026). These methods pair each
query with a set of query-specific rubrics that a desirable response should satisty, and use a judge LLM to
evaluate the generated response against each rubric independently (Cook et al., 2024). The rubric-level
scores are then aggregated into a scalar outcome reward for policy optimization, so that a single reward
value encodes multiple query-specific rubrics. This creates a supervision-granularity mismatch for critic
learning: a standard critic receives the query and response prefix but is trained only on a collapsed scalar
reward. Although the rubrics are determined by the query, their structure remains implicit in this scalar
supervision, which can make value prediction harder for a finite learned critic.

In this work, we propose Disentangled Value Estimation (DVE), a rubric-conditioned value estimation
framework that explicitly preserves multi-aspect rubrics throughout critic learning. Instead of requiring
the critic to implicitly recover the reward specification from the query and aggregated scalar supervision,
DVE uses a shared critic conditioned on the query, response prefix, and one rubric at a time to estimate the
expected outcome under each individual rubric. We optimize the critic model using return targets derived
from the corresponding rubric-level rewards, thereby preserving specific supervision throughout critic
learning. The rubric-level values, weighted by the original rubric weights, then serve as the learned baseline
within standard GAE. Thus, D VE preserves the scalar reward specification, standard GAE computation, and
PPO objective form while changing how the value baseline is learned. D VE retains the original rewards
before they are collapsed into the final scalar and can be readily integrated into existing RL post-training
frameworks.

We conduct experiments on five benchmarks spanning three open-ended domains (i.e., instruction
following, chat, and scientific question answering) using Qwen3 models with 0.6B, 1.7B, and 4B parameters.
DVE outperforms both vanilla PPO and Group Relative Policy Optimization (GRPO) (Shao et al., 2024) in
13 of 15 model-benchmark combinations. For example, on the instruction-following benchmark MulDimlIF,
DVE improves performance over vanilla PPO by 8.00 percentage points at the 1.7B scale. To better
understand the improvements of DVE, we systematically analyze the quality of value estimation from both
token-level prediction accuracy and response-level ranking consistency. At the token level, we measure
mean absolute error (MAE) and explained variance (EV), which assess absolute prediction error and the
extent to which the critic captures variation in observed rewards, respectively. DVE generally achieves
lower MAE and higher EV, indicating more accurate token-level value estimates. At the response level, we
further compute Spearman’s rank correlation between the value prediction associated with the EOS token
and the observed outcome reward. D VE achieves stronger ranking consistency, indicating that its critic
more consistently assigns higher values to responses with higher rewards.

Our contributions are summarized as follows: (i) We propose DVE, a Disentangled Value Estimation
framework that preserves multi-aspect outcomes through rubric-conditioned values and rubric-level
supervision, then recombines them into the scalar baseline used by PPO. (ii)) We show that weighted
rubric-level advantage aggregation is exactly standard GAE with a mixture value baseline, and an ablation
indicates that rubric-level supervision provides benefits beyond merely exposing the critic to rubric text. (iii)
Across three domains, five benchmarks, and three model scales, D VE improves both policy performance
and critic quality over vanilla PPO and GRPO.
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Figure 1 Comparisons between PPO and D VE. In PPO, rubrics are only seen by the reward model, and the rewards
from multiple rubrics are collapsed into a scalar for training. Alternatively, DVE conditions the critic model explicitly
on the same rubrics and supervises it per rubric; the weighted rubric-level values form the baseline for standard GAE.

2 Method

2.1 Preliminaries

Rubric as Reward. In conventional RLVR settings, rewards are typically based on the correctness of the
final answer. By contrast, RL with rubric rewards pairs each query x with a checklist C = {(cg, wk)}lkill,
specifying the criteria that an ideal response should satisfy. Here, c; denotes the k-th rubric and wy its
corresponding weight, which we normalize as Wi = wk/le.Sll w;. Given a response y = (yi,... ,y|y|)l
sampled from the policy 74 (- | x), a judge model evaluates the response y against each rubric cj separately,
producing the corresponding rubric-level reward R(x, y, cx). These rubric-level rewards are then aggregated

into a scalar outcome reward using the normalized rubric weights R(x,y,C) = ZLCJI WirR(x,y,ck).

Generalized Advantage Estimation (GAE). GAE estimates action advantages as an exponentially weighted
sum of temporal-difference (TD) residuals (Sutton, 1988; Schulman et al., 2016), enabling a trade-off
between bias and variance in advantage estimation. In LLM training, rewards are typically assigned only at
the end of each response, so we define the token-level reward as

6]

. R(x,y,C), t=1lyl,
! 0, otherwise.

Similarly, the token-level reward for rubric cy is rtk = R(x,y,ck) when t = |y|, and rtk = 0 otherwise.
Standard PPO uses the aggregated reward R(x, y, C) to train a critic model that predicts the expected return
at each response prefix. Let 6 denote the parameters of the critic model. We formulate the value prediction
as Vg: = Vo(x, y<;) and the TD residual as

6t =1 +¥Vore1 — Vo, ()

'We index generated response tokens from ¢ = 1, with yly| = (EOS).
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where y € [0, 1] is the discount factor, and the value after the final token is set to zero, i.e., Vo, lyl+1 = 0.
The token-level advantage is then estimated as A, = L,yzlo_ "(y2)6;4+¢, where A € [0, 1] controls the
bias—variance trade-off in GAE. In contrast, D VE uses the individual rubric rewards R(x, y, cx) to train a
shared, rubric-conditioned critic.

2.2 Integrating RL with Disentangled Value Estimation

The central idea of DVE is to use a shared rubric-conditioned critic to estimate values separately for each
rubric, thereby computing the corresponding rubric-specific advantages before aggregation.

Rubric-disentangled Value Estimation. Figure 1 shows the overall process. Given a query x, a response
prefix y«;, and a rubric cg, the critic predicts the value at this prefix, formulated as V(’;’ ,=Vo (X, y<s,Cr).
Conditioning on c; makes the rubric explicit, allowing the critic to estimate the value under that rubric
without having to infer it from the query alone. Moreover, supervising the critic with returns derived from
the individual rubric rewards R(x, y, cx) preserves distinctions that are collapsed in the aggregated reward
R(x,y,C): responses with the same aggregate reward may satisfy different subsets of rubrics and thus
provide distinct rubric-level supervision signals.

Using these rubric-conditioned value estimates, we compute token-level advantages separately for each
rubric. Specifically, for rubric cg, the temporal-difference residual is

5 =1+ Wo = Vo 3)
where the terminal value is set to zero, i.e., Vg yl+1 = 0. The corresponding advantage is computed using
GAE algorithm A¥ = ZLyle_ "(yd)ts f+ ;- The policy uses their weighted sum,

. cl . .
A =) wiAf, @

which, by the linearity of GAE, is exactly standard GAE on the scalar reward with baseline Vpyg ; =
Dk W ng , (Lemma 1). DVE therefore does not introduce a new advantage-estimation rule; it supplies
standard GAE with a differently learned baseline.

Overall Training Objective. After obtaining the rubric-specific advantages {Af chll and aggregating them
into A, in Eq 4, we use the resulting token-level advantage to optimize the policy. Specifically, we follow
the standard clipped policy-gradient objective:

Lpolicy (¢) = E; [min (pt(¢)At, Clip(Pt(‘ﬁ)’ I-—€1+ G)Az)] > )

where p;(¢) = g (ys | X, ¥<t) /7 g0 (Ve | X, y<;) is the importance sampling ratio between the current and
behavior policies, and € controls the PPO clipping range. We jointly train the shared rubric-conditioned
critic. For each rubric ¢y, we construct the return target as V¥ = AX + V(’j’ ;» using the rubric-level GAE
estimate and the value prediction computed before the critic update. We train the critic model 8 with loss

Ly (6):
" Ly = = S Ly (Vor yarrc )—Vk)2 ©)
viv) = |C| Luk=1 [y| Lur=1 6\X, Y<z, Ck r] -

This preserves rubric-disentangled supervision throughout critic learning: rather than fitting a single value
target derived from the aggregated scalar reward, the shared critic learns a separate value function explicitly
conditioned on rubrics. We average rubric losses within each response so that examples with longer
checklists do not automatically receive more total critic-loss weight.
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2.3 Understanding Rubric-Level Value Estimation

The role of the following analysis is to establish that D VE is consistent with standard PPO and to clarify
what rubric-level supervision preserves. It does not claim that every rubric-conditioned neural critic must
outperform a scalar critic.

Consistency with standard PPO. DVE estimates a value for each rubric and aggregates the resulting
advantages using the original reward weights. Because those weights are fixed within a trajectory and GAE
is linear in both rewards and value estimates, this aggregation is exact.

Lemma 1 (Rubric-level advantage aggregation). Let Vpve: = Di Wng candry = 3y vfzkrf. For any
v, € [0,1],

ICl . & [y|-t
Zk:l Wi Ak = ZH) (YO (rrse + YVOVE 1+e41 — VOVE.1+¢)- @)

Thus, Eq. 4 is standard GAE applied to the original scalar reward with the mixture baseline Vpy g ;.
DVE preserves the scalar reward specification, the standard GAE rule, and the PPO objective form while
changing the learned value baseline. Appendix A.8 gives the proof.

Why rubric-level supervision. Scalar aggregation can hide which criteria a response satisfies. For example,
with two equally weighted rubrics, outcomes (1,0) and (0, 1) both produce scalar reward 0.5, although
they describe different response strengths and failures. A scalar target does not record this distinction. By
training on the two rubric outcomes separately and conditioning each prediction on its corresponding rubric,
DVE retains it as critic supervision.

Consistency of the population target. Lets; = (x, y<;) and define the ideal rubric value V,k = E[R(x,y,ck) |
s¢]. Because the checklist and its weights are fixed by the query, linearity of conditional expectation gives

Icr x cr
Z katk’ :E[Zkzl WirR(x,y,c)

k=1

si| = BIR(x.y.0) | 5] ®)

Accurate rubric-level values therefore recover the same Bayes-optimal scalar baseline as conventional value
estimation. Since the checklist is determined by x, explicitly providing it does not enlarge the population
information set; a sufficiently expressive scalar critic can represent the same target. Rather, DVE exposes
the reward specification in a structured form and preserves criterion-level labels during learning. To examine
the contribution of supervision granularity, our w/o disentangle ablation exposes the critic to all rubric text
while retaining scalar supervision. Whether the finer supervision improves a finite neural critic is therefore
an empirical question, evaluated through critic quality in § 4.3 and policy performance in Table 1.

2.4 Evaluating the Value Estimation of Critic Model

Evaluating the quality of value estimation provides insight into credit assignment during RL training
and helps interpret the learning signals used to optimize LLM policies. A straightforward metric is the
token-level MSE loss in Eq. 6 with lower values indicating more accurate estimation. However, MSE
depends on the reward scale and amplifies large prediction errors, making it sensitive to outliers (Hodson,
2022). Thus, we introduce the following three complementary metrics to reliably measure both prediction
errors and response-level ranking consistency of critic models.

Mean Absolute Error (MAE).. MAE measures the average absolute discrepancy between the critic’s
predictions and observed outcome rewards over all valid response-token positions:

MAE =E, ,, [|R(x,y.C) = Vo] - 9)
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Lower MAE indicates more accurate predictions on the original reward scale. Compared with MSE, MAE
penalizes errors linearly rather than quadratically, making it less sensitive to extreme prediction errors.
It also captures constant prediction offsets that EV ignores, providing a complementary assessment of
numerical accuracy.

Explained Variance (EV). EV provides a normalized assessment of mean squared prediction error after
removing the mean residual (Pan et al., 2026). Formally, we denote Vy ; as the scalar value prediction and
compute EV over all valid response-token positions as:

Var(R(x,y,C) — Vg )

EVv=1-
Var(R(x,y,C))

10)

Vanilla PPO directly predicts Vo, = Vo(x,y<,), while DVE uses Vo, = 5,5\ i VE . Intuitively, EV
measures how much of the variation in observed rewards is captured by the critic’s predictions. At EV =1,
the residual variance is zero, meaning that the predictions match the observed rewards up to a constant offset.
As EV increases from 0 to 1, a smaller fraction of reward variation remains in the prediction residuals.

Response-level Ranking Correlation. To evaluate whether the critic model assigns higher values to responses
with higher outcome rewards, we compute Spearman’s rank correlation (o). For each response, we use the
value prediction associated with the EOS token, Vg |y|, where y|,| = (EOS). This prediction is conditioned
on the response prefix immediately preceding EOS. We compute

p = Corr (rank(R(x, y,C)) , rank (Vg |y/)) - (11)

where rank(-) are computed across evaluation responses, with average ranks assigned to ties, and Corr
denotes Pearson correlation. A p closer to 1 indicates stronger agreement between predicted and observed
response rankings, reflecting the critic’s ability to distinguish relative response quality independently of
prediction magnitudes.

3 Experimental Setup

Training Datasets. We train on three rubric-based domains: Instruction Following (IF) with HiR-16K (Zhang
et al., 2025), and Chat and Science with the corresponding subsets of RubricHub (Li et al., 2026). Each
instance pairs a query x with a weighted rubrics C(x) = {(cg, w k)}Lill? the median |C| is 7 for IF and 27
for Chat and Science. Full dataset statistics appear in Appendix A.4.1.

Evaluation Metric. IF uses IFEval (Zhou et al., 2023), IFBench (Pyatkin et al., 2025), and MulDimlIF (Ye
et al., 2026): we report strict prompt-level and instruction-level accuracy on IFEval and IFBench, and
instruction-level accuracy on MulDimlIF. Chat uses Arena-Hard-V2 (Li et al., 2024), rated by the style-
controlled Bradley-Terry (BT) win rate against Gemini-2.0-Flash-001. Science uses ResearchQA (Yifei
et al., 2025), scored by accuracy. Since RubricHub partially draws on ResearchQA, we remove all test
questions that in our science training set to avoid contamination. For each checkpoint, we conduct three
independent evaluation runs, regenerating responses and evaluating them in each run. We report the mean;
evaluation details are in Appendix A.4.2. We also evaluate the critic model using the metrics from § 2.4.

Baselines. We compare DVE with two widely used baselines: PPO (Schulman et al., 2017), which uses a
critic and GAE to form token-level advantages, and GRPO (Shao et al., 2024), which drops the critic and
estimates advantages by normalizing rewards within a group of responses per query. Implementation details
for both baselines are given in Appendix A.7.
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ArenaHard V2 ResearchQA IFBench IFEval MulDimIF
Model Overall Overall Prompt Instruct Prompt Instruct Acc.
Qwen3-0.6B 5.33 38.29 17.35 17.91 56.38 67.27 24.58
+ GRPO 6.15 70.82 40.09 11.80  17.48 70.13 19.22 11.31 61.37 1499 70.62 13.35 32.68 18.10
+ PPO 6.67 11.34 40.97 12.68 17.3510.00 18.51 70.60 61.5515.17 71.58 14.31 30.75 16.17
+ DVE (Ours) 7.28 11.95 43.12 1483  19.05171.70 19.40 1149 59.70 13.32 70.38 13.11  34.50 19.92
Qwen3-1.7B 12.78 53.63 17.69 19.70 68.39 76.38 32.17
+ GRPO 16.22 13.44 58.61 1498 20.41 1272 22.09 1239 70.61 1222 78.78 12.40 38.08 15.91
+ PPO 16.22 13.44 57.37 1374 19.73 12.04 21.1911.49 71.35 1296 79.14 12.76 47.25 115.08
+ DVE (Ours) 16.26 13.48 57.91 1428 22.11 1442 23.88 74.18 72.46 14.07 79.98 13.60 55.25 123.08
Qwen3-4B-Instruct 58.69 66.84 30.61 32.84 82.99 88.13 57.00
+ GRPO 61.59 12.90 74.21 1737  31.29 7068 33.7310.890 84.84 11.85 89.81 11.68 70.00 713.00
+ PPO 60.07 11.38 74.00 17.16  30.95 1034 32.84 70.00 84.66 11.67 89.45 11.32 67.58 110.58

+ DVE (Ours) 62.98 14.29 74.44 1760 34.01 13.40 35.52 12.68 85.21 1222 89.93 11.80 70.33 113.33

Table 1 Main results across the three domains. Scores are shown with the delta (1/]) over the corresponding base
model; DVE rows are highlighted, best per group bold, second-best underlined. Scores are averaged over three
independent evaluation runs, each with newly generated responses.

Implementation Details. We implement DVE with Qwen3-0.6B, Qwen3-1.7B, and Qwen3-4B-Instruct.
Policy and critic models share the same initial checkpoint at each scale. Training uses four H100 GPUs.
Hyperparameters appear in Appendix A.7. Every rubric is graded to a binary reward R(x, y, cy) € {0, 1}
and aggregated into the scalar R (x, y, C) with the normalized weights . Following official setup, for Chat
and Science domains, an LLM judge verifies every rubric. For Instruction Following, most rubrics are
verified by rule, with the same LLLM judge as fallback, and all rubrics carry equal weight, so wr = 1/|C]|
and R(x, y, C) reduces to the constraint satisfaction rate. All judging uses DeepSeek-V3.2, for both training
and evaluation.

4 Experiments

4.1 End-to-end Evaluation

DVE improves policy performance. As shown in Table 1, D VE outperforms both vanilla PPO and GRPO in
13 of 15 model-benchmark combinations. Improvements are particularly pronounced on IF tasks: DVE
consistently leads on IFBench and MulDimlIF across model scales, with the largest gains on MulDimlF at
1.7B, surpassing PPO and GRPO by 8.00 and 17.17 percentage points, respectively. Similar improvements
are observed in Chat and Science domains. DVE achieves the highest scores on Arena-Hard-V2 across all
three scales. These results support the effectiveness of HDVE in improving downstream policy performance
across diverse rubric-based tasks.

4.2 Training Dynamics

DVE holds its advantage across checkpoints. Figure 2 shows training dynamics by reporting downstream
policy performance across all training checkpoints. DVE leads vanilla PPO at every checkpoint in 9
of 15 model-benchmark combinations, and at most checkpoints in the remaining six. For example, on
MulDimlIF at 1.7B, DVE continues to improve during training and reaches approximately 55 percentage
points, compared with around 47 percentage points for vanilla PPO.
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training at all three model sizes, and at 1.7B its
smoothed EV reaches approximately 0.7 late in
training against around 0.6 for vanilla PPO. Section 4.3 removes the policy dependence by scoring both
critics on a fixed set of responses; complete training EV results appear in Appendix A.2.

4.3 Fixed-Response Evaluation under Policy Shift

So far, we have shown that DVE achieves higher EV during training. However, training rollouts are
generated by each method’s own evolving policy, so the observed EV reflects both critic quality and
differences in response distributions. We therefore evaluate every critic on the same two fixed response sets,
generated by the off-the-shelf policies Qwen3-1.7B and DeepSeek-V3.2. Both sets use identical prompts
drawn from the corresponding training pool; only the response-generating policy changes. This setup
measures critic robustness to response-distribution shift under fixed prompts, not generalization to unseen
query distributions. Figure 4 reports the results across two domains and three critic sizes; full construction
details and response-set statistics appear in Appendix A.S.

DVE reduces absolute prediction errors. Figure 4 shows that D VE generally achieves lower MAE on
Qwen3-1.7B-generated responses, indicating that its token-level value predictions are closer to observed
returns. Improvements are particularly clear at 1.7B, where MAE falls to approximately 0.45 in both
domains, compared with around 0.52 for vanilla PPO. On DeepSeek-V3.2-generated responses, the gains
are most evident at 4B, where DVE maintains lower MAE over many checkpoints. In Chat domain, its
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Figure 4 Training dynamics of critic quality for DVE and vanilla PPO in Chat and Science at three scales. Rows
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generated by Qwen3-1.7B and DeepSeek-V3.2, respectively.

MAE is approximately 0.56, compared with around 0.74 for vanilla PPO. These results complement the EV
findings with smaller absolute prediction errors, including offsets that EV does not capture.

DVE better captures return variation. EV is a normalized MSE computed after removing the mean residual,
measuring how well the critic’s predictions capture variation in observed rewards. EV closer to 1 indicates
better capture, while EV at or below 0 indicates no improvement over a constant prediction. As shown in
Figure 4, DVE generally achieves higher EV across both fixed response sets. On Qwen3-1.7B-generated
responses, DVE achieves the highest EV across all model sizes and both domains. For example, at
1.7B, EV reaches approximately 0.6, compared with around 0.5 for vanilla PPO. EV is lower overall on
DeepSeek-V3.2-generated responses, whose smaller reward variance also makes the normalized metric less
stable (Appendix A.5). Nevertheless, D VE still improves EV, with gains particularly evident at 4B. In Chat
domain, its EV on DeepSeek-V3.2-generated responses reaches approximately 0.3, compared with around
0.0 for vanilla PPO.

DVE improves response-level ranking consistency. Besides prediction errors, we evaluate whether the critic
can distinguish relative response quality by computing the correlation between value predictions at the EOS
token and observed rewards. As shown in Figure 4, DVE achieves higher Spearman’s rank correlation over
most checkpoints across both domains and all three model sizes. On Qwen3-1.7B-generated responses,
the advantage persists across model sizes. For example, at 4B in the Chat domain, correlation reaches 0.8,
compared with around 0.6 for vanilla PPO. On DeepSeek-V3.2-generated responses, D VE also maintains
stronger ranking consistency. For example, at 1.7B in the Science domain, correlation reaches approximately
0.4, compared with around 0.2 for vanilla PPO.
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Case 1: Email Editing - Chat
Query

I hope this email find you well
Rubrics

1. Corrects the sentence.

2. Greets or offers help.

3. Offers a formal alternative.
4. Notes the incomplete start

I hope this email finds you well.

I wanted to follow up onfilbriefly mention §
theff6PEE or context/ of thENemail, €.g., 3
"the discussion we had[last week"] andisee =:
ifjthere’ spanythingfiUEHERyOU A likentg <
discusg. Y
Please let me know_ if there’sHanyEhing else 8

I assis
Let me know if you'd like to adjust the tonex

GT annotation = Advantage

I hope this email finds you well.

I wanted to follow up on [briefly mention

the topic or context of the email, e.g.,

"the discussion we had last week"] and see

if there’s anything further you’d like to
discuss.

Please let me know if there’s anything else <\\
I can assist with.

Let me know if you'd like to adjust the tone

or _add specific details!

or add specific details!

and requests details.

Table 2 Token-level attribution for vanilla PPO (left) and DVE (right) on a Chat example. Gray marks the
ground-truth rubric-relevant spans; color intensity gives the token-level advantage. D VE concentrates advantage on
the annotated spans, while vanilla PPO spreads it across the response.

4.4 Token-level Attribution Analysis

DVE concentrates advantage on rubric-relevant tokens, while vanilla PPO spreads it. To explain the strength
of DVE more intuitively, we provide a case study and compare the token-level attribution patterns of
vanilla PPO and DVE. Table 2 presents an email editing example from the Chat training set, with the
response generated by Qwen-3-1.7B. We compute token-level advantages using the critic trained by vanilla
PPO and DVE, respectively, and visualize them as heatmaps, where darker indicates larger advantage;
underlines mark the ground-truth rubric-relevant spans, with annotation details in Appendix A.6. As shown
in the Table 2, DVE concentrates positive advantage on the phrases that satisfy the rubrics, such as the
corrected opening, the offer of assistance, and the request for additional details, whereas vanilla PPO spreads
advantage diffusely across the response. Additional cases appear in Appendix A.1.

4.5 Ablation Study

DVE outperforms a variant that merely conditions

on the rubrics. We compare DVE with a variant, IFBench IFEval MulDimIF
denoted w/o disentangle, that concatenates all Model/Method  Prompt Instruct Prompt Instruct  Overall
rubrics into a single critic input and predicts Qwen3-0.6B

vanilla DVE 1905 1940 5970 7038 34.50

one aggregate value. Table 3 shows that DVE
outperforms it on all five metrics at every model
size. The largest gains occur on MulDimlIF, where
DVE exceeds this variant by 8.33 and 19.08
percentage points at 0.6B and 1.7B, respectively.
At 4B, the variant is more competitive, but DVE
still improves every metric, including a 1.75-point
gain on MulDimIF. These results suggest that

- w/o disentangle 17.35 |1.70 18.51 10.89 58.96 [0.74 68.94 |1.44 26.17 |8.33

Qwen3-1.7B
vanilla DVE 22.11 23.88 72.46 79.98 55.25
- w/o disentangle 19.39 |2.72 20.60 |3.28 69.50 [2.96 77.10 |2.88 36.17 |19.08

Qwen3-4B-Instruct
vanilla DVE 34.01 35.52 85.21 89.93 70.33
- w/o disentangle 33.33 0.68 34.63 |0.89 84.47 10.74 89.57 |0.36 68.58 |1.75

Table 3 Ablation of DVE. Red arrows show drops% from
conditioning the critic on one rubric at a time ©DVE.
with rubric-level supervision provides benefits beyond jointly exposing the critic to all evaluation criteria.

5 Related Work

RL with Rubrics. Recent work introduces Rubrics-as-Rewards (Gunjal et al., 2026) to extend RL from
objective and verifiable tasks (Guo et al., 2025; Jin et al., 2025) to broader open-ended tasks (Yifei et al.,
2025; Arora et al., 2025), where response quality goes beyond correctness alone. Rather than relying
on a small set of fixed reward functions (Xie et al., 2025), rubric-based RL associates each query with a
multidimensional, query-specific set of rubrics, typically uses an LLM-as-judge to evaluate the response
against each criterion independently, and aggregates the resulting scores into a scalar reward (Gunjal et al.,
2026; Viswanathan et al., 2026). Recent work scales this construction further, with many more criteria per
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query and with automatically generated, dynamically updated rubrics (Shao et al., 2025; Li et al., 2026).
This paradigm has shown promising performance across various open-ended tasks, including chat (Xu et al.,
2026a; Chen et al., 2026), text generation (Huang et al., 2025), and complex instruction following (Zhang
et al., 2025).

Estimating Advantage from Values. Advantage estimation can be divided into critic-free and critic-based
categories. Critic-free methods such as GRPO (Shao et al., 2024) compare a response’s reward with
those of other responses to the same query and distribute the response-level advantage uniformly across
tokens (Ahmadian et al., 2024; Yuetal., 2025). As tasks get more complex (Huang et al., 2026), several studies
revisit actor—critic algorithms, particularly PPO, where a critic supplies token-level estimates (Schulman
etal., 2015; Hou et al., 2026; Liu et al., 2026; Yue et al., 2025), and report that a more reliable critic yields
more effective policy optimization (Yuan et al., 2025). We study a supervision-granularity mismatch under
rubric rewards: criterion-level outcomes are available from the judge but a standard critic is trained only on
their scalar aggregate. DVE conditions the critic on individual rubrics, akin to reward decomposition (van
Seijen et al., 2017; Roijers et al., 2013) and universal value functions (Schaul et al., 2015), but with
query-specific rubrics of varying number rather than fixed components. Concurrent work on privileged
value functions identifies verifier rubrics as useful task context for a critic (Venkatraman et al., 2026). DVE
additionally pairs each rubric input with its corresponding outcome target and only then recombines the
predicted values into the original scalar baseline. Our w/o disentangle variant is closest to rubric-privileged
conditioning because it exposes all rubric text while retaining scalar supervision; the ablation in § 4.5
indicates that this context alone does not account for the full gain.

Evaluating Value Estimation. Value estimation is a foundational component of critic-based RL, as its
quality directly affects advantage estimation and, consequently, the learning signals used for policy
optimization (Schulman et al., 2016; Kazemnejad et al., 2024). A common metric for evaluating value
estimation is explained variance (EV), which measures how well critic predictions capture variation in
observed returns (Good and Fletcher, 1981). VAPO (Yue et al., 2025) monitors EV during value pretraining
as an indicator of critic learning quality. However, EV measures the variation captured by value predictions
and provides limited insight into response-level consistency with observed rewards. To fill this gap,
we systematically evaluate the critic model from both perspectives: token-level prediction quality and
response-level ranking consistency with observed rewards.

6 Conclusion

In this work, we revisit value estimation for reinforcement learning with rubric rewards, where the outcome
reward is derived from multiple query-specific criteria. Widely used algorithms such as PPO use a critic
model to estimate the value of each generation state and derive token-level advantages from these value
estimates. However, rubric-based RL creates a supervision-granularity mismatch: while a judge produces
query-specific rubric outcomes, a standard critic is trained only on their scalar aggregate, leaving the
criterion-level structure implicit. To address this issue, we propose Disentangled Value Estimation (DVE),
a rubric-conditioned value estimation framework that preserves fine-grained rubric information throughout
critic learning. PDVE estimates rubric-specific values with a shared critic model and aggregates them
using the original rubric weights into the learned baseline for standard GAE, preserving the scalar reward
specification and PPO objective form. Across five benchmarks spanning instruction following, chat, and
scientific question answering, D VE outperforms vanilla PPO and GRPO in 13 of 15 model-benchmark
combinations. Further analyses show that D VE improves value estimation, with lower prediction errors and
stronger correlations between value predictions and observed rewards. These results suggest that preserving
criterion-level supervision can make the scalar value baseline easier to learn in practice.
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A Supplementary Material

A.1 Token Attribution Case Studies

Tables 4—11 extend the case study of Section 4.4 from the Chat and Science training sets, spanning critic
sizes from 0.6B to 4B and response lengths from 63 to 1,119 tokens. Each table gives the query and its
annotated rubrics, followed by the token-level advantages computed with the critic trained by vanilla PPO
(Ieft) and by DVE (right), where darker indicates larger advantage and underlines mark the ground-truth
rubric-relevant spans. Across all eight cases, 9 VE concentrates advantage on the underlined spans, whereas
vanilla PPO spreads it across the response.
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Query
I hope this email find you well

Annotated rubrics

1. Supplies the corrected sentence.

2. Courteously acknowledges the greeting or offers help.
3. Gives a more formal alternative phrasing.

4. Notes the incomplete opening and asks for the rest.

GT annotation I] m Advantage
EEFESIR ' Here's a polished version of your Certainly! Here's a polished version of your
email: email:
.Subject:** Re:.Optional: Subject Line if **Subject:** Re: [Optional: Subject Line if
applicable] applicable]

DearfliRecipient s/ Name],
I hope this email finds you well.

I wanted to follow up on [briefly mention the
ftopic or context of , e.g., "the

discussion we had last week"] and see if there’s
anything further you'd like to discuss.

Please let me know if there’s_ﬂ.

Best| regards, Best regards,

Dear [Recipient's Name],

I hope this email finds you well.

I wanted to follow up on [briefly mention the
topic or context of the email, e.g., "the
discussion we had last week"] and see if there’s
anything further you’d like to discuss.

Ours vV

Please let me know if there’s anything else I
can assist with.

Vanilla PPO X

[Your Full Name] [Your Full Name]

[Your Position/Titlel [Your Position/Title]

[Your Contact Information] [Your Contact Information]

Let me know if you'd like to adjust the tone or Let me know if you'd like to adjust the tone or
add specific details! add

Table 4 Case 1: Email Editing (Chat, 1.7B critic). The user sends only an ungrammatical greeting, with no
instruction. The rubrics ask for the corrected sentence, an explanation of the subject—verb agreement, and a request for
the rest of the email.

17



Disentangled Value Estimation Preprint.
Query
A priest, a rabbi, and a nun walk into a bar. . .
Annotated rubrics
1. Delivers a complete punchline for the setup.
2. Avoids clichéd or caricatured religious humor.
3. Adds a follow-up analysis of the joke’s mechanics.
4. The bartender delivers the punchline.
5. Includes a twist explainable in 15 words or fewer.
GT annotation | l Advantage
can IJJGEE youtl can I get you?"
The priest says, "I diUiKeNaIWRISKeyIpIEase"" The priest says, "I'd like a whiskey, please."
The rabbi says, "IFd like[JaJJBE8R) please. " The rabbi says, "I'd like a beer, please."
The nun says, "I'd like a martini, please." The nun says, "I'd like a martini, please."
The barkeeper looks confused and says, "You're The barkeeper looks confused and says, "You're
all in the same bar? That's unusual." all in the same bar? That's unusual."
The priest replies, "We're all in the same bar, The priest replies, "We're all in the same bar,
and that's why we're- in the same group." and that's why we're all in the same group."
The barkeeper nods and says, "Ah, I-. So, The barkeeper nods and says, "Ah, I see. So,

what''s your group fame?"

The priest says, "We- the 'In the Same Bar'
group."

The rabbi adds, "And we're all in the same group

The nun says, "AndiWe'rellall inlitheé same group.”

The barkeeper finall , "Okay, the

same . as
{560 the vor EEPOTRRNRY oTWGFEE)
|

This is a classic joke that plays on the idea of

Vanilla PPO X

what's your group name?"

The priest says, "We're the 'In the Same Bar'

group."

The rabbi adds, "And we're all in the same group

The nun says, "And we're all in the same group."

The barkeeper finally says, "Okay, I'll have the
same drink as you all."

(And the barkeeper drinks a martini.)

This is a classic joke that plays on the idea of

"in the same group" and the irony of being in a
bar with people from different religious
backgrounds. It's a light-hearted way to
highlight the humor in unexpected situations.

"in the same group" and the irony of being in a
bar with people from different religious

backgrounds. It's a light-hearted way to

highlight in

Ours vV

Table 5 Case 2: Joke Writing (Chat, 1.7B critic). A joke set-up with no further instruction. The rubrics ask for a

coherent punchline, humor that avoids clergy stereotypes, and a follow-up explanation of how the joke works.
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Query

I’d like to play DND, with you as the dungeon master. Will you play?

Annotated rubrics
1. Explicitly agrees to act as Dungeon Master.
2. Groups the follow-up questions into labeled sections.

3. Uses bold, bullets, or numbering for the setup questions.

4. Ends by inviting the user to supply the details.

### First,[T6E's set thelscane]

ruin deep in-
forests of enmere is thick

with mist,- the only sound is the distant
echo of a storm.[Ji€ ruins are old,[Wi€h broken
archways and cryptic symbols carved into the
walls.[[The ground is uneven, and there are faint
traces of magic in the air.

[¥Time : #* It ' sJldlsSK, 'and the moon is high above,

casting a pale glow through the trees. The fire
in the camp is burning low, and the group is
gathered around it, sharing stories and
preparing for the night.

**Characters:**

- **You (the Player):- character is a
rogue with a sharp mind and a knack for stealth.
You're eager to explore and have a bit of a
reckless streak.

--Your Companion:** A fellow adventurer, maybe
a cleric or a wizard, who's more cautious and
focused on protecting the group.

--Your Ally:**. mysterious figure with a
hidden past, who seems to know more than they
let on.

I **Your Enemy:** A shadowy figure with a dark
past, lurking in the shadows, waiting for the
right moment to strike.

### What's|the next step@

- you like tol

- **Start the adventure**- exploring the ruins

GT annotation

Vanilla PPO X

Il Advantage

### First, let's set the scene.

**Location:** A remote, ancient ruin deep in the
southern forests of Eldenmere. The air is thick
with mist, and the only sound is the distant
echo of a storm. The ruins are old, with broken
archways and cryptic symbols carved into the
walls. The ground is uneven, and there are faint
traces of magic in the air.

**Time:** It's dusk, and the moon is high above,
casting a pale glow through the trees. The fire
in the camp is burning low, and the group is
gathered around it, sharing stories and
preparing for the night.

**Characters:**

- **You (the Player):** Your character is a
rogue with a sharp mind and a knack for stealth.
You're eager to explore and have a bit of a
reckless streak.

- **Your Companion:** A fellow adventurer, maybe
a cleric or a wizard, who's more cautious and
focused on protecting the group.

- *kYour Ally:** A mysterious figure with a
hidden past, who seems to know more than they
let on.

- **Your Enemy:** A shadowy figure with a dark
past, lurking in the shadows, waiting for the
right moment to strike.

### What's the next step?

Would you like to:

- **Start the adventure** by exploring the ruins

and uncovering clues about the ancient magic
that powers the area?

- **Choose a quest** that aligns with your
character's skills and interests (e.g.,
searching for a magical artifact, retrieving a
lost relic, or escaping a trap)?

- **Begin a conversation** with the mysterious
ally or the enemy?

Let me know what you'd like to do next, and I'll

and uncovering clues about the ancient magic
that powers the area?

- **Choose a quest** that aligns with your
character's skills and interests (e.g.,
searching for a magical artifact, retrieving a
lost relic, or escaping a trap)?

- **Begin a conversation** with the mysterious
ally or the enemy?

Let me know what you'd like to do next, and I'll

help you bring the adventure to life!

help you bring the adventure to life!

Table 6 Case 3: Dungeon Master (Chat, 1.7B critic). The user asks the assistant to run a D&D session. The
rubrics ask it to agree and then set the game up: rule set, play style, tone, character details and dice handling, laid out

as clearly formatted questions.
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Query

Tell my funny joke about space

Annotated rubrics

1. Opens with a brief courteous lead-in before the jokes.

2. Uses a space term such as “Milky Way” or “black hole”.

GT annotation

Sure! Here's a funny joke about
space:

the astronaut bringfa
Because he wanted to calculate his
*gravity*!

O (- of course, didn‘t need
it for anything except maybe

to figure out how long it takes
for the Earth to rotate.)

Vanilla PPO X

|  Advantage

Sure! Here's a funny joke about
space:

**Why did the astronaut bring a
calculator to space?**

Because he wanted to calculate his
*gravity*!

Ours Vv

0 (And of course, he didn't need
it for anything else—except maybe
to figure out how long it takes
for the Earth to rotate.)

Table 7 Case 4: Space Joke (Chat, 1.7B critic). A request for a funny joke about space. The rubrics ask for original,
clean, space-themed jokes in a recognizable set-up and punchline format.
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Query

wlp3s0

Annotated rubrics

1. Notes the interface may instead be named wlan@ or similar.
2. Asks the user for their goal or Linux distribution.

GT annotation | i Advantage
- name "wlple" appears to be a combination of The name "wlp3s0" appears to be a combination of
letters and numbers, and it does not clearly letters and numbers, and it does not clearly
represent a specific term, conceptl or entityl represent a specific term, concept, or entity.
Here's a breakdown of what it might mean: Here's a breakdown of what it might mean:
I. **Possible Interpretations**: 1. **Possible Interpretations**:

- **Technical Term**: It could be a typo or a - **Technical Term**: It could be a typo or a
placeholder in a technical context (e.g., a placeholder in a technical context (e.g., a
programming language, system identifier, or a programming language, system identifier, or a
project name). project name).

- **Username or Identifier**: It might be a - **Username or Identifier**: It might be a

in forums_ username or a tag used in forums, social media,

or online communities.
**: Tt could'be a random - **Random String**: It could be a random

string generated for a specific purpose (e.g., a o string generated for a specific purpose (e.g., a ™
hash, a password- a placeholder in a document g: hash, a password, or a placeholder in a document
). 4

8 3

l. **Context Matters**: = 2. **Context Matters**: (@)
-_If you're referring to a specific system, c -_If you're referring to a specific system,

software, or projec? please provide- g software, or project- provide more
context (I.g., "wlp3s0" in the context of a context (e.g., "wlp3s0" in the context of a
Linux system, a programming language, oF a Linux system, a programming language, or a

- configuration). network configuration).

- If it a username check if - If it's a username or identifier, check if
it a known account it's associated with a known account or platform

. **Suggestions**: 3. **Suggestions**:
L - If you're asking about a specific system (e - If you're asking about a specific/System (e
.g., "wlp3s0" in a Linux system), it might be a .g., "wlp3s0" in a Linux system), it might be a
typo for "wlp3s0" (e.g., "wlp" could be "wlan" typo for "wlp3s0" (e.g., "wlp" could be "wlan"
or "eth" for network interfaces). or "eth" for network interfaces).
- If it's a programming term, it might be a - If it's a programming term, it might be a
placeholder or a specific function name. placeholder or a specific function name.

Table 8 Case 5: Network Interface (Chat, 4B critic). The user sends only wlp3s®, a Linux wireless interface name.
The rubrics ask the model to identify it, decode the naming convention, and give diagnostic commands.
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Query

What are the key material-related challenges and limitations of using Selective Laser Sintering (SLS) for fabricating biomedical
scaffolds?

Annotated rubrics

. Only a limited palette of medical-grade powders is compatible.
. Particle size and flow govern layer quality and porosity.

. Biodegradable polymers have a narrow sintering window.

. Pore size and interconnectivity are hard to control.

. Residual porosity and anisotropic strength.

. Filler segregation in polymer-ceramic composites.

. Material-parameter coupling; no predictive models.

. Granular surface finish affects cell adhesion.

[ BN B Y I S

GT annotation | i Advantage

Selective Lase

) is a popular additive Selective Laser Sintering (SLS) is a popular additive

biomedical manufacturing (AM) technique used in the fabrication of biomedical
5 5 SLS presents several scaffolds. However, despitel its advantages, SLS presents several
**material-related challenges limitations. that can affect **material-related challenges and limitations** that can affect

the quality, performance, and clinical feasibility of the final x the quality, performance, and clinical feasibility of the final
product. Below are the key challenges and limitations: product. Below are the key challenges and limitations:
### **1. Material Selection*** 0. ### **1. Material Selection and Compatibility** "
--Biocompatibility and Toxicity] [ I **Biocompatibility and Toxicity**: 1
- The materials used in SLS must be biocompatible and non-toxic. : - The materials used in SLS must be biocompatible and non-toxic. 8
Materials like polyetheretherketone (PEEK), polylactic- (PLA), E Materials like polyetheretherketone (PEEK), polylactic acid (PLA),
and polyhydroxyethylmethacrylate (PHEMA) are commonly used, but g and polyhydroxyethylmethacllate (PHEMA) are commonly used, but
their bi-patibility can vary depending on the specific their biocompatibility can vary depending on the specific
formulation and surface properties. formulation and surface properties.
- ++ig8anical Properties**:l **Mechanical Properties**:
-/ SLS materials often| have mechanical strength and dynamic - SLS materials often have poor mechanical strength and dynamic
load-bearing capacity compared to traditional manufacturing load-bearing capacity compared to traditional manufacturing
methods. This can limit their use in load-bearing applications methods. This can limit their use in load-bearing applications
such as bone or cartilage scaffolds. such as bone or carti‘l.agt_e-oldsl

Table 9 Case 6: SLS Scaffolds (Science, 4B critic). A materials-science question on the limits of selective laser
sintering for biomedical scaffolds. The rubrics enumerate the expected points: the narrow sintering window, thermal
degradation, pore control, residual porosity and anisotropic strength, and composite segregation.
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Query

Write the number “Six million, forty thousand, seven” in digits.

Annotated rubrics

. The value equals 6,040,007.

. Commas separate groups of three digits.
. No leading zeros.

No number words remain.

. The millions digit is 6.

. The thousands group reads 040.

. The ones group reads 007.

S R - N R S SR

. No quotation marks, colons, or letters.

To write the number **"Six million, forty

F“** in digits, we break it

- ¥*Six million** = 6,00
- **Forty ShaUsag"" - 49,08

- **Sevenp** = 7

Now, add them together:

$$
6,000,000 +40,0080'% 7 = 6,040,007
$$

### Final Answer:
$$
\boxed{6040007}
$$

GT annotation |

Vanilla PPO X

To write the number **"Six million, forty
thousand, seven"** in digits, we break it
down:

- **Six million** = 6,000,000
- **Forty thousand** = 40,000
- **Seven** = 7

Now, add them together:

$$
6,000,000 + 40,000 + 7 = 6,040,007

$$

### Final Answer:
$$
\boxed{6040097l

m Advantage

Ours V/

Table 10 Case 7: Number to Digits (Science, 0.6B critic). Convert a number written in words into digits. The
rubrics ask for the value 6,040,007 with correct digit grouping and, strictly, for a response containing nothing but the

digit string.
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Query

How does the number of mutations in the Pfdhfr gene influence the risk of therapeutic failure according to the compiled studies?

Annotated rubrics

1. Single or double mutations give only reduced sensitivity.

2. States the scope limits or assumptions.
3. Uses precise failure terminology.

The **- of mutations in the-hfr gene**
does not directly influence the **risk of

therapeutic failure** in thel context of **
standard cancer treatments** (I.g., chemotherapy

GT annotation

m Advantage

The **number of mutations in the Pfdhfr gene**
does not directly influence the **risk of
therapeutic failure** in the context of **
standard cancer treatments** (e.g., chemotherapy

, targeted therapy, immunotherapy). However, **
increased Pfdhfr expression** (often linked to
mutant pl3) is associated with **incre-
resistance to therapy** and **poorer clinical
outcomes** in certain cancers.

For **the_ failure**, the **key factors**

are:

- **Mutant p53+* (e.gll] psB RiF2H)

[ **Drug resistance mechanisms** (e.gll] upreg
ulation of Pfdhfr, overexpression of resistance
-associated proteins)

- **Genetic heterogeneity** of the tumor

If you're referring to **thrombosis or thromb
thilic disorders**, then the fdhfr gene** is

Vanilla PPO X

, targeted therapy, immunotherapy). However, **
increased Pfdhfr expression** (often linked to
mutant p53) is associated with **increased
resistance to therapy** and **poorer clinical
outcomes** in certain cancers.

For **therapeutic failure**, the **key factors**
are:

- **Mutant p53** (e.g., p53 R172H)

- **Drug resistance mechanisms** (e.g., upreg
ulation of Pfdhfr, overexpression of resistance
-associated proteins)

- **Genetic heterogeneity** of the tumor

If you're referring to **thrombosis or thromb
ophilic disorders**, then the **Pfdhfr gene** is

fot directly involved in that context.

Let me know if you're referring to a specific
condition (l.g., **colorectal cancer**, **Llung
cancer**, or **certain types of leukemia**), and

not directly involved in that context.

Let me know if you're referring to a specific
condition (e.g., **colorectal cancer**, **lung
cancer**, or **certain types of leukemia**), and

I can provide more detailed information.

I can provide more detailed information.

Table 11 Case 8: Pfdhfr Mutations (Science, 0.6B critic). A malaria pharmacogenetics question on how the
number of Pfdhfr mutations affects sulfadoxine—pyrimethamine treatment failure. The rubrics ask for the stepwise
dose-response relation across codons 51, 59, 108 and 164, and the role of the partner gene Pfdhps.
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A.2 Training EV

Figure 5 reports explained variance during training for O VE and vanilla PPO across all domains and model
scales, extending the results shown in Figure 3 of the main body of our paper. Explained variance falls
below zero early in training and during occasional instabilities, before the critic has fitted the reward scale;
the vertical axis is restricted to the region where the two methods differ, so those excursions are clipped.
Thin lines show raw per-step values and thick lines show smoothed trends.

Chat
0.6B critic 1.7B critic 4B critic

0.8
=
W o6
o
£
_% 04
O
= 0.2

0.0

0 100 200 300 0 100 200 300 0 100 200 300
Science
0.6B critic 1.7B critic 4B critic

0.8
=
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o
£
= 0.4
I
Y

0.0
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Training step m— Ours === _\/anilla PPO

Figure 5 Training explained variance for D VE and vanilla PPO. Higher is better. The vertical axis is clipped at
zero. Thin lines show raw values; thick lines show smoothed trends.

A.3 Evaluation Variability

Figure 6 supplements Table 1 with evaluation variability on Chat (Arena-Hard-V2) and Science (ResearchQA).
For each trained checkpoint, we conduct three independent evaluation runs, regenerating responses and
repeating evaluation in each run. Points show the mean score improvement over the corresponding base
model, and error bars show one standard deviation across runs. The base-model score serves as a fixed
reference. These bars describe evaluation variability for a fixed checkpoint, rather than variability across
independent training runs.

DVE achieves larger mean improvements than vanilla PPO in all six domain and scale combinations.
The gains are particularly clear at 0.6B in both domains and at 4B on the chat domain. At 1.7B on Chat, the
mean improvements are close, and the error bars overlap. The figure therefore complements the mean scores
in Table 1 by showing the scale of evaluation variability alongside the observed performance differences.

A.4 Datasets

A.4.1 Training Sets

Table 12 summarizes the three training sets. The instruction-following set contributes 16,712 queries and
121,127 rubrics, with a median of 7 rubrics per query and a maximum of 17. Chat and Science are drawn
from RubricHub and are considerably denser: both have a median of 27 rubrics per query, yielding 246,796
rubrics over 9,312 Chat queries and 777,960 over 28,918 Science queries, with maxima of 50 and 54. Rubric
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Figure 6 Evaluation variability on Chat (top) and Science (bottom). Columns correspond to Qwen3 models at 0.6B,
1.7B, and 4B. Points show mean improvements over the base model in percentage points; error bars indicate + one
standard deviation across three independent evaluation runs.

weights are uniform in instruction following, while Chat and Science use 17 and 18 distinct integer weights
in the range 0 to 20. Instruction-following rubrics are verified by a deterministic checker 62.2% of the time
and by the LLLM judge otherwise; all Chat and Science rubrics are graded by the judge. Queries are longest
in instruction following, with a median of 111 whitespace words, and shortest in Chat, with a median of 14.

A.4.2 Policy Benchmarks

We evaluate policy quality on five benchmarks spanning the three training domains. Evaluation protocol
differs sharply across them: all three instruction-following benchmarks are checked entirely by deterministic
programs and involve no LLM call at evaluation time, whereas Chat and Science are scored by deepseek-v3.2
at temperature 0.

Instruction Following.. We report strict prompt-level
and instruction-level accuracy on IFEval and IFBench,
and instruction-level accuracy on MulDimlIF, giving IFEval 541 834 rule
2,035 prompts and 5,349 individual instructions in IFBen.ch 294 335 rule
total. All three benchmarks are verified entirely by MulDimlF 1,200 4,180 rule
deterministic checkers, without LLM-as-judge. Total 2,035 5,349
Because deepseek-v3.2 serves as the rubric judge Table 13 Instruction-following benchmarks.
during training, the entire evaluation of instruction

following is free of any dependence between the train-

ing reward and the evaluation metric.

Benchmark Prompts Instr. Judge
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Instruction Following Chat Science

Source HiR-16K RubricHub RubricHub
Training queries 16,712 9,312 28,918
Total rubrics 121,127 246,796 777,960
Rubrics per query |C(x)|

min / max 5/17 4/50 9/54

Q1 / median / Q3 6/7/8 22/27/31 221271731

mean 7.25 26.50 26.90
Rubric weights wy

range 1 (uniform) 0-20 0-20

distinct values 1 17 18
Rubric verification

rule-based 62.2% - -

LLM judge 37.8% 100% 100%

Query length (whitespace words)

median / p90 / max 111/318 /1,721 14/130/2,869

700 388 1,208

Table 12 Training data statistics for the three rubric-based domains. Optimizer steps assume a batch size of 96 over
four epochs. Query length is reported in whitespace-delimited words rather than tokens.

29/80/1,473

Optimizer steps

Chat.. We evaluate on the Arena-Hard-v2 prompt set,
comprising 500 hard prompts and 250 creative writing
prompts, with the released gemini-2.0-flash-001
responses as a fixed baseline opponent rather than
regenerating them. The released baseline covers 748
of the 750 prompts, so we score on that intersection.
Each prompt is judged twice, with the candidate and
baseline responses presented in both orders so that
position bias enters symmetrically. None of the 750
evaluation prompts appears among the 9,312 Chat
training queries.

Arena-Hard-v2

Prompts (hard / creative) 750 (500 / 250)
Prompts scored 748
Comparisons per run 1,496
Judgments per checkpoint 4,488
Overlap with training set 0

Table 14 Chat benchmark.

Science.. ResearchQA releases a test split of 3,750 ResearchQA

questions, a test-mini split of 776, and a validation split Questions evaluated 300
of 703. Rather than using a released split directly, we Rubric criteria 2.395
filter ResearchQA to questions with zero overlap with Criteria per question 798
the science training and validation sets, and evaluate on Judging calls per run 2,395
300 such questions, comprising 2,395 rubric criteria. Judgments per checkpoint 7,185

We present each criterion to the judge in a separate maple 15 Science benchmark.
call.

A.5 Fixed-Response Value-Estimation Sets

Training rollouts are produced by each method’s own evolving policy, so explained variance measured during
training reflects both critic quality and differences in the rollout distribution. To remove that dependence we
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score every critic on a fixed set of responses. This section describes how those response sets were built and
reports their statistics.

Prompt selection.. For each of Chat and Science we draw 2,000 prompts uniformly at random from the
domain’s training pool using a fixed seed, and discard prompts carrying no rubrics. This leaves 1,998
prompts for Chat and 2,000 for Science. The two response sets within a domain use exactly the same
prompts, so the two conditions differ only in the policy that produced the responses. Prompts are formatted
through the same pipeline used to compute rewards during training, namely the chat template followed by
truncation to 2,048 tokens and decoding without special tokens, so that the critic sees inputs in the format it
was trained on.

Response generation.. One response set comes from Qwen3-1.7B served locally, and the other from
DeepSeek-V3.2 through its API. Both use temperature 0.7 and a 2,048-token limit, with top-p set to 1.0 for
the local model. Each response is then scored by the same rubric judge used during training: every rubric
receives a binary verdict R(x,y, cx) € {0, 1}, and the verdicts are combined with the normalized rubric
weights into a scalar reward R € [0, 1].

Chat Science
Qwen3 DeepSeek Qwen3 DeepSeek

Responses 1,998 1,998 2,000 2,000
Rubrics per prompt 26.4 (8-40) 26.8 (10-40)

Mean R 0.393 0.650 0.386 0.753
Std. R 0.229 0.206 0.249 0.169
Median R 0.391 0.692 0.365 0.779
R=0 3.4% 1.3% 3.0% 0.4%
R=1 0.5% 1.6% 0.7% 6.1%
Rubric satisfaction 0.403 0.656 0.398 0.759
Response length (chars) 2,329 2,954 3,849 4,584

Table 16 Statistics of the fixed response sets used to evaluate value estimation. Qwen3 responses are generated by
Qwen3-1.7B and DeepSeek responses by DeepSeek-V3.2, from an identical prompt set within each domain. Rubrics
per prompt is reported as the mean with the observed range and is shared across the two conditions.

Properties of the two conditions.. Three features of Table 16 matter for how the value-estimation results should
be read. First, the Qwen3-generated responses carry more reward variance than the DeepSeek-generated
responses (0.229 and 0.249 against 0.206 and 0.169). Explained variance divides by Var(R), so a small
denominator makes the metric unstable; the Qwen3 condition is the better behaved of the two for this
reason. Second, the Qwen3 rubric satisfaction rate of roughly 0.40 sits close to the rate observed during
training, whereas the DeepSeek rate of 0.66 to (.76 is substantially higher, reflecting both stronger and more
homogeneous responses. Third, the reward distributions of the two conditions barely overlap, with mean
rewards differing by more than 0.25, so MAE should be compared between methods within a condition
rather than across the two conditions.

Scope.. The prompts are drawn from the training pool rather than from a held-out split. What is shifted
is the response distribution, since no critic was trained on rollouts from either of these two policies. The
prompts themselves are in-distribution by construction, which is deliberate: it isolates response-distribution
shift from prompt shift and does not test generalization to unseen queries. We also note that the DeepSeek
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responses are produced by the same model family that serves as the rubric judge, which plausibly contributes
to the higher satisfaction rate observed in that condition. Since both critics are scored on identical responses
and rewards, this affects the difficulty of the DeepSeek condition rather than the comparison between
methods within it.

A.6 Token-Level Relevance Annotation

We annotate 1,00 responses to RL training prompts in each of the Chat and Science domains. For each
(response, rubric pair), an LLM annotator identifies character spans containing the evidence needed to
judge whether the rubric is satisfied. Relevant spans may indicate either satisfaction or violation of the
rubric. Rubric text, order, and weights follow the training data. The annotations distinguish local from
global criteria and flag evidence that does not match the response. These LLM-generated annotations serve
as reference relevance labels.

We map the character spans to Qwen3 tokens using tokenizer offsets, labeling a token as relevant if its
character interval overlaps any annotated span. Labels are binary and do not encode degrees of relevance.
We exclude global rubrics, rubrics whose evidence cannot be matched to the response, and rubrics whose
tokens are all relevant or all irrelevant, since none support within-response ranking. We also exclude
responses exceeding the 4,096-token critic context. After filtering, the evaluation contains 13,881 rubrics in
Chat and 18,441 in Science.

A.7 Training Details

All experiments are implemented in verl (Sheng et al., 2025). We keep actor optimization, KL, and
sequence-length settings consistent where applicable, while retaining algorithm-specific differences in critic
learning and rollout grouping.

Table 17 lists the full training configuration of D VE: the actor and critic optimizers, the KL and clipping
settings, the rollout configuration, and the sequence-length limits. All values are shared across the three
training domains.
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Hyperparameter Value
PPO training batch size 96
PPO mini-batch size 24
PPO epochs per batch 1
Actor learning rate 1x107°
Critic learning rate 1x1073
Learning-rate warmup steps 10
Actor gradient clipping 1.0
PPO clipping ratio € (lower / upper)  0.2/0.2
Entropy coeflicient 0

KL loss Enabled
KL loss coefficient 0.01
KL loss type low_var_kl
Discount factor y 1.0
GAE parameter A 1.0
Maximum prompt length 2,048 tokens
Maximum response length 4,096 tokens
Rollout temperature 1.0
Rollout responses per prompt 1
Total training epochs 4
Data seed 1
Distributed training strategy FSDP
Dynamic batching Enabled
Maximum PPO tokens per GPU 8,192

Table 17 Hyperparameters for PPO-based training.

A.8 Objective-Consistency Details

Setup.. For a query x and response y, let C = {(cg, wk)} e be the associated checklist and let w; =
wi/2 j wj. The checklist and normalized weights are fixed w1th1n the trajectory. For rubric cg, denote its

token-level reward by r,k, its value prediction by Vg ,=Vo (x, y<¢,ck), and its TD residual by
of =rf + Vg1 =Ves Ve =0 (12)

Jt+1 Lyl+1

The scalar reward and mixture baseline are r; = ; wkr, and Vpye s = 2 WiV, 9 - respectively.

Proof of Lemma 1. The TD residual formed from the aggregated quantities is

[Cl
re +YVove+1 = Vove: = Zk " (rz + 7V§ 41 Vg,z) (13)
el .
= > ok

GAE is a linear weighted sum of these residuals. Therefore,

ZICI ZICI N Zlyl t( /l) 6”(
—Z'y' "ot Y sk, a4

lyl-t
= Z (YO (rese + YVOVE r+6+1 = VOVE 1+¢)s
which is Eq. (7). ]
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Population target consistency.. Let s, = (x, y,). Because the checklist and its weights are determined by x,
they are fixed when conditioning on s;. If every rubric-level prediction recovers its conditional mean,

VE* = E[R(x,y, cx) | 5], (15)

then linearity of conditional expectation gives

S v = 3 Ry e | 5]
s,] (16)

= [ WkR(x’y’Ck)
=E[R(x,y,C) | 5¢].

The final quantity is the Bayes-optimal scalar value under squared error. Thus, rubric decomposition is
consistent with the original scalar target; it does not define a different population objective.

Value error and advantage error in our setting.. Our experiments use terminal-only rewards and y = 1 = 1.
For any scalar baseline V;, GAE then telescopes to

N [yl-1
At = Z[=0 (rt+f + Vt+€+1 — Vt+f) =R - Vt- (17)

Let V/ =E[R | 5;] and A} = R — V. On the same trajectory,

~

A — A =—(V, = V)), (A, — AN = (V, - V)2 (18)

This identity motivates evaluating the learned baseline directly, but does not by itself guarantee lower
policy-gradient variance or higher downstream policy return.

Scope.. The identities above make no assumptions about independence among the binary rubric verdicts or
about the architecture of the neural critic. They establish objective consistency, not universal statistical
dominance. Moreover, Eq. (6) weights each rubric equally when allocating critic supervision, whereas
the normalized reward weights W determine how rubric-level predictions are recombined into the scalar
baseline. When these weights differ, the training and reconstruction weights play different roles. A
sufficiently expressive scalar critic can attain the same population optimum because the checklist is fixed
by the query; whether the rubric-conditioned parameterization and finer-grained targets improve a finite
learned critic is therefore assessed empirically.

A.9 Prompts

A.9.1 Critic Input Templates

The critic receives the query and the response prefix formatted with the policy’s chat template. DVE
prepends a single rubric to this input, so that the value it predicts is the one conditioned on that criterion;
the ablated variant prepends the full rubric set instead. The three templates below differ only in this prefix.

Critic input, vanilla PPO

<|im_start|>user
{question}<|im_end|>
<|im_start|>assistant
{response}<|im_end|>
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Critic input, DVE

[VALUE ESTIMATION FOCUS] When estimating the value of the response below, judge only the
following criterion:

{rubric_k}

<|im_start|>user

{question}<|im_end|>

<|im_start|>assistant

{response}<|im_end|>

Critic input, ablated variant without per-rubric aggregation

| r

[VALUE ESTIMATION FOCUS] When estimating the value of the response below, consider ALL of
the following criteria together:

- {rubric_1}

- {rubric_2}

- {rubric_3}

<|im_start|>user
{question}<|im_end|>
<|im_start|>assistant
{response}<|im_end|>

A.9.2 Judge Prompts

Rubric judge (Chat and Science training).. A single prompt grades every rubric of a response in one call and
is shared by both domains.

Rubric judge prompt, used during Chat and Science training

You are an expert evaluator. Given a user prompt, a generated response, and a list of quality rubrics, please
evaluate the response against EACH rubric.

For each rubric,

- Mark “PRESENT” if the criterion is satisfied, or “NOT_PRESENT” if it is not. For example, given the
response “Apples are red”, the rubric “Mentions apples” is PRESENT, “Does not mention strawberries” is
also PRESENT since the response doesn’t mention strawberries and “Mentions oranges” is NOT_PRESENT.
Also, “Avoids mentioning strawberries” is PRESENT because the response doesn’t mention strawberries.
However, “Avoids mentioning apples” is NOT_PRESENT because the response mentions apples.

- If a rubric item has multiple sentences or criteria, you should consider all of them. If any of the criteria is not
met, the answer should be NOT PRESENT. Only return PRESENT if all of the criteria are met.

- One important exception to the above bullet point is that if a rubric says “such as”, “for example”, or
“including”, the response does not have to include all of the examples listed to meet the criteria. For example,
if the criteria says “States that oral iron supplements can lead to unpleasant gastrointestinal side effects such
as nausea, vomiting, and constipation”, and the response just says that oral iron supplements can lead to
unpleasant gastrointestinal side effects such as cramps, that would still meet the criteria even though it didn’t
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mention any of the specific examples listed in the criteria. That is, there are no partial credit for any of the criteria.
Start your response with a valid JSON object that starts with “*json and ends with “*.

The keys must be the numbers of the rubrics provided and the values must be either “PRESENT” or
“NOT_PRESENT” based on your evaluation. Ensure the JSON is valid and contains no extra text or explanations.

Example response:

“e

json

{
"1": "PRESENT",
"2": "NOT_PRESENT",
"3": "PRESENT"

}

“e

Rubric judge (Instruction Following training).. Instruction-following evaluation uses no judge prompt. All
three benchmarks are scored by deterministic programs, and the model under evaluation receives the raw
benchmark prompt through its chat template with no additional wrapping. An LLM judge is used only
during training, as a fallback for the subset of constraints that admit no deterministic checker, with the
prompt below.

LLM fallback judge prompt, used during instruction-following training

Based on the provided Input (if any) and Generated Text, judge whether the generated text fulfills the Criteria
Item with either a YES or NO choice. Your selection should be based on your judgment as well as the
following rules:

- YES: Select “YES” if the generated text entirely fulfills the condition specified in the Criteria [tem. However,
note that even minor inaccuracies exclude the text from receiving a “YES” rating. As an illustration, consider
a Criteria Item “Each sentence in the generated text uses a second person”. If even one sentence does not use
the second person, the answer should NOT be “YES”. To qualify for a “YES” rating, the generated text must
be entirely accurate and satisfy the criteria.

- NO: Opt for “NO” if the generated text fails to meet the criteria or provides no information that could be
utilized to judge. For instance, the Criteria Item asks “Is the second sentence in the generated text a compound
sentence?” and the generated text only has one sentence. It offers no relevant information to judge whether
this criteria is met. Consequently, the answer should be “NO”.

Input: {prompt}
Generated Text: {response}
Criteria Item: {rubric}

You only need to judge whether the generated text satisfies the given Criteria Item and do NOT affect by other
requirements in Input (if any). Return either a “YES” or “NO” choice without any additional text in your
response.

Rubric judge (Chat evaluation).. Arena-Hard-v2 is scored by pairwise comparison against the fixed baseline
responses, with the candidate and baseline presented in both orders.
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Pairwise judge prompt, used for Arena-Hard-v2 evaluation

You are judging which of two Al assistant answers is better for the user question. Consider correctness,
helpfulness, completeness.

[Question]
{question}
[Answer A]
{answer_a}
[Answer B]
{answer_b}

Which answer is better? Reply EXACTLY one token: A (if A better), B (if B better), or T (if roughly equal).

Rubric judge (Science evaluation).. ResearchQA is graded one rubric criterion at a time on a five-point
coverage scale, which we normalize to [0, 1] and average over the criteria of a question.

Rubric coverage judge prompt, used for ResearchQA evaluation

You are an expert evaluator judging how well a model’s response covers a specific rubric criterion for a
research question.

[Research Question]
{query}

[Model Response]
{response}

[Rubric Criterion]
{criterion}

On a 5-point scale, rate how well the response covers the criterion above:

Not at all (the criterion is entirely absent or wrong)
Barely (only a fleeting or largely incorrect mention)
Moderately (partially covered, notable gaps)

Mostly (largely covered, minor gaps)

Completely (fully and correctly covered)

0
1
2
3
4

Answer with exactly one digit from O to 4.

A.9.3 Token-Level Relevance Annotation Prompt

Following Xu et al. (2026b), we obtain token-level relevance labels by prompting an LLLM annotator rather
than by training a discriminator: for each response—rubric pair, the annotator first classifies the rubric as
global or local, then, for local rubrics, marks the exact spans of the response that satisfy or violate it. The
prompt below is used for this annotation.

Prompt template for token-level relevance annotation

You are a training data annotator for a token-level discriminator model. Your task is to
classify the Criteria and label which tokens in the Response are relevant to it.

Criteria:
«criteria»

Response:
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«response»
Please follow these steps:

Step 1: Scope Classification

Determine whether this criteria is GLOBAL or LOCAL:

- GLOBAL: The criteria applies to ALL tokens of the response as a whole (e.g.,
language/writing style requirement, tone requirement, word count limit, paragraph count
limit, overall format/structure requirement, topic requirement, count, frequency, or
numeric threshold)

- LOCAL: The criteria only concerns SPECIFIC parts of the response (e.g., a specific phrase
must appear, a specific section must exist, certain keywords must/must not be used, a
particular element must be included/excluded)

Step 2: Polarity Classification

If criteria is LOCAL, then determine whether this criteria is POSITIVE or NEGATIVE:

- POSITIVE: Requires something to be present or done (e.g., "must include X", "should start
with Y", "the first paragraph should be X")

- NEGATIVE: Requires something to be absent or avoided (e.g., "do not use X", "must not
include Y", "exclude the word Z", "avoid mentioning W")

Step 3: Output
- If GLOBAL, then output: {"type": "all relevant", "scope": "global", "polarity": null,
"relevant_texts": []}
- If LOCAL + POSITIVE:
- If relevant text segments EXIST in the response (i.e., the criteria IS satisfied by

some portion of the text), then output: {"type": "partial relevant", "scope": "local",
"polarity": "positive", "relevant_texts": ["exact segment 1", "exact segment 2"]1}

- If NO relevant text segments exist (i.e., the criteria is NOT satisfied at all), then
output: {"type": "all irrelevant", "scope": "local", "polarity": "positive",

"relevant_texts": [1}
- If LOCAL + NEGATIVE:

- If text segments that VIOLATE the criteria EXIST in the response, then output: {"type":
"partial relevant", "scope": "local", "polarity": "negative", "relevant_texts": ["exact
violating segment 1"]1}

- If NO violating text exists (i.e., the criteria IS satisfied / not violated), then
output: {"type": "all irrelevant", "scope": "local", "polarity": "negative",
"relevant_texts": [1}

Important Notes:

1. The text segments in relevant_texts must be exact original text from the Response (exact
match, including punctuation and spaces).

2. Each text segment should be a continuous, complete sentence or phrase.

3. Output only JSON format, without any markdown code block markers or other text.

4. Ensure the JSON format is correct and can be directly parsed.

5. scope and polarity are required so the taxonomy decision can be checked; they must be
consistent with type.
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