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Abstract

Current critic-less RLHF methods aggregate multi-objective rewards via an arith-
metic mean, leaving them vulnerable to constraint neglect: high-magnitude suc-
cess in one objective can numerically offset critical failures in others (e.g., safety
or formatting), masking low-performing “bottleneck” rewards vital for reliable
multi-objective alignment. We propose Reward-Variance Policy Optimization
(RVPO), a risk-sensitive framework that penalizes inter-reward variance during
advantage aggregation, shifting the objective from “maximize sum” to “maximize
consistency.” We show via Taylor expansion that a LogSumExp (SoftMin) oper-
ator effectively acts as a smooth variance penalty. We evaluate RVPO on rubric-
based medical and scientific reasoning with up to 17 concurrent LLM-judged
reward signals (Qwen2.5-3B/7B/14B) and on tool-calling with rule-based con-
straints (Qwen2.5-1.5B/3B). By preventing the model from neglecting difficult
constraints to exploit easier objectives, RVPO improves overall scores on Health-
Bench (0.261 vs. 0.215 for GDPO at 14B, p < 0.001) and maintains competitive
accuracy on GPQA-Diamond without the late-stage degradation observed in other
multi-reward methods, demonstrating that variance regularization mitigates con-
straint neglect across model scales without sacrificing general capabilities.

1 Introduction

Multi-objective reinforcement learning is essential for balancing competing goals in LLM align-
ment, yet current methods struggle to prioritize strict constraints alongside general performance.
Recent critic-less RLHF methods like Group Relative Policy Optimization (GRPO) [[1]] and Group
Decoupled Policy Optimization (GDPO) [2] reduce memory overhead by eliminating the Value Net-
work, but rely on arithmetic mean aggregation. This inherently assumes “more is better,” leaving
optimization vulnerable to constraint neglect: models can exploit high-variance metrics (e.g., ver-
bosity) to mask failures in strict, low-variance constraints (e.g., safety or formatting) (Figure [I)).
While constrained optimization methods [3} 4] and post-hoc model merging [5] offer alternatives,
they require explicit constraint specification or separate policies, undermining the efficiency of critic-
less methods. Constraint neglect can arise in any multi-objective RL setting. In group-relative meth-
ods, the linear aggregation used to compute advantages cannot distinguish a generation that satisfies
all constraints from one that offsets critical failures with greater performance on easier objectives.

To address this, we introduce Reward-Variance Policy Optimization (RVPO), a risk-sensitive
framework that penalizes inter-reward variance.
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Our core contributions are as follows:

1. We identify and empirically demonstrate the constraint neglect vulnerability inherent in
mean-aggregated, critic-less multi-objective RL.

2. We introduce RVPO and show via Taylor expansion that the LogSumExp (SoftMin) opera-
tor implicitly penalizes inter-objective variance, with a risk coefficient £ smoothly interpo-
lating between mean and min aggregation.

3. We validate RVPO across two multi-objective paradigms: LL.M-judged rubric criteria (5—
17 rewards), where RVPO improves bottleneck constraint adherence on HealthBench and
avoids late-stage training collapse, and rule-based tool-calling (2 rewards), where RVPO
accelerates convergence on the bottleneck format constraint while preserving execution
accuracy.
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Figure 1: Constraint Neglect in Multi-Objective RLHF. (Left) Mean aggregation (GRPO/GDPO)
treats outputs with critical constraint failures (Gen A) as mathematically identical to balanced out-
puts (Gen B), blinding the optimizer to critical failures. (Right) RVPO applies a soft-min operator
to penalize inter-reward variance, heavily discounting Gen A to enforce bottleneck constraints.

2 Related Work

Reinforcement Learning from Human Feedback (RLHF) and Reward Hacking. The alignment
of large language models (LLMs) relies heavily on RLHF to fine-tune models toward human pref-
erences [6, [7]. However, standard approaches are susceptible to reward hacking, where the policy
exploits misspecifications in the reward model to achieve high scores while degrading generation
quality [8H10]. A well-documented instance is length gaming, where models exploit verbosity.
While recent works address this via length-normalized rewards or explicit penalties [[11413], RVPO
generalizes this intuition. Rather than designing a correction for each known exploitation axis,
RVPO’s variance penalty automatically suppresses any objective that is disproportionately exploited
relative to others.

Multi-Objective Alignment and Structured Evaluation. In practice, LLMs must balance mul-
tiple competing objectives. Moving beyond monolithic scalar rewards, recent work decomposes
feedback into structured rubric criteria 14, [15], multi-attribute reward models [[16l], checklists [[17],
and explicit safety rules [18]]. The predominant approach to optimizing these decomposed signals is
linear scalarization [19}[20], which often leads to Pareto-suboptimal policies where high-magnitude
rewards dominate sparse constraints [21}22]]. Alternative paradigms treat this as a constrained opti-
mization problem requiring explicit constraint thresholds and separate cost models [3} 23| 4], utilize
post-hoc model merging [Sl], or resolve gradient conflicts across objectives [24]. Inference-time
approaches steer frozen models via targeted intervention [25]] or unified preference-aware reward
models [26]. Unlike these, RVPO modifies the training objective itself: the variance penalty im-
plicitly elevates bottleneck objectives within a single training run, smoothly relaxing a min-max
objective that optimizes the worst-performing reward channel.



Critic-Less and Group-Relative Optimization. Standard PPO requires maintaining a Value Net-
work, incurring substantial memory overhead. To alleviate this, critic-less alternatives utilize group-
relative advantage estimation [27]], scaling successfully to emergent reasoning [28| 29]. However,
when extended to multi-objective settings, Group Relative Policy Optimization (GRPO) [1] suffers
from scale dominance. Group Decoupled Policy Optimization (GDPO) [2] addresses this by nor-
malizing individual reward models independently before summation. While GDPO prevents scale
dominance, its reliance on the arithmetic mean leaves it vulnerable to loss compensation—where
a critical failure in one constraint is offset by success in another. RVPO directly builds upon the
GDPO framework, replacing its arithmetic mean with a variance-penalized objective to resolve this
constraint neglect.

Risk-Sensitive and Variance-Penalized RL. The theoretical foundation of RVPO is rooted in
risk-sensitive Markov Decision Processes [30]], where agents optimize worst-case or variance-
constrained objectives rather than expected returns [31} [32]]. In particular, mellowmax [33]] applies
a LogSumExp soft-max over actions for smoother value estimation within a single-objective MDP.
RVPO operates in a fundamentally different setting: the soft-min is applied across concurrent re-
ward channels within the advantage computation. Where mellowmax smooths the policy’s action
selection, RVPO reshapes which reward signals drive the gradient.

3 Background: Reward Aggregation and Constraint Neglect

Critic-less RLHF methods eliminate the Value Network’s memory burden by estimating advantages
based on the intra-group relative performance of G sampled responses. However, the mathemati-
cal mechanism used to aggregate these multi-objective rewards fundamentally dictates the policy’s
vulnerability to constraint neglect.

GRPO and Scale Dominance. Group Relative Policy Optimization (GRPO) [1] aggregates M
distinct objectives by summing the raw rewards for each generation, and then normalizing this total
score across the group:

M
A N Zj:l Rj — Htotal
GRPO — ;
Ototal

where R; is the raw reward for the j-th objective, and fi4o¢q1 and 0¢otq1 are the mean and standard
deviation of the summed rewards computed across the G generations in the group. Because raw
rewards are summed directly, metrics with naturally large variances or unbounded scales (e.g., gen-
eration length or raw helpfulness) numerically dominate the advantage calculation. Small, sparse,
or binary rewards (e.g., a strict penalty for a JSON schema violation) are entirely drowned out,
preventing the model from learning rigid constraints.

GDPO and Constraint Neglect. Group Decoupled Policy Optimization (GDPO) [2] resolves scale
dominance by normalizing the rewards independently. For each reward model j, GDPO computes
a standard score (Z;) across the G generations, forcing all objectives into a scale-free distribution
with zero mean and unit variance. These Z-scores are then aggregated via an arithmetic mean:
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While GDPO ensures scale parity, its reliance on arithmetic summation introduces a subtle flaw:
loss compensation. Because the objective strictly maximizes the mean, a catastrophic failure on a
bottleneck constraint (Zformat << 0) can be perfectly offset by over-performance on an easily ex-
ploitable metric (Zjepng¢n > 0). This aggregation implicitly signals to the policy that a generation
with extreme flaws and extreme peaks is mathematically equivalent to a safely balanced generation.
Consequently, the model learns to exploit “easy” objectives to inflate ;17 while systematically ne-
glecting strict constraints. We empirically demonstrate this in Section[6.T} at 7B, under GDPO, the
policy over-optimizes Communication Quality (47.0%) while neglecting Completeness (11.1%), de-
spite these objectives receiving equal weight after Z-normalization. To resolve this, the aggregation
objective must shift from simply maximizing the mean to penalizing inter-objective disagreement.



4 Reward-Variance Policy Optimization

We propose a risk-sensitive aggregation framework that explicitly penalizes disagreement between
reward models, forcing the policy to respect bottleneck constraints. For a given rollout g from a
group of GG generations, let Z J(rq ) = (R§.g ) w;)/o; denote the standardized reward on objective
j, where p; and o; are computed across the group. High inter-objective variance indicates that

some objectives are satisfied at the expense of others (Figure[T). The ideal robust objective therefore
maximizes the mean reward across objectives while minimizing their variance:
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where ,u(Zg) =+ Z;Vil Zj(g) is the mean across objectives for rollout g, (U(Zg)> =4 Zjle (Z§g) -
M(Zg) )2 is the variance across objectives (not across rollouts), and 3 > 0 is a tunable variance penalty.
However, at low M this sample variance is computed from few data points, and the quadratic penalty
grows unboundedly with inter-objective disagreement. To avoid this, we use the negative LogSum-
Exp (SoftMin) operator as a robust, smooth proxy that naturally saturates toward the hard minimum
at large deviations rather than over-penalizing:
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where k£ > 0 is the inverse temperature, which we term the Risk Coefficient.

Mathematically, RVPO serves as a strict generalization of mean aggregation, allowing for tunable
risk-sensitivity by smoothly interpolating between the mean and the minimum reward:

: (9) _ (@) _ 4(9)
]112% Apvpo =tz =Acbpos

lim AR} po = min({Z7 L),

In the limit £ — 0, we recover the standard GDPO objective, where the model optimizes for av-
erage performance. Conversely, as k& — oo, the objective focuses entirely on the strict bottleneck,
forcing the model to satisfy the lowest-performing objective before seeking gains elsewhere. Be-
cause the lowest-performing objective is inherently the most difficult for the current policy to satisfy,
RVPO effectively acts as a dynamic, difficulty-weighted aggregation mechanism. This property al-
lows RVPO to mitigate constraint neglect by ensuring that the lowest-performing objective always
contributes to the advantage. The full procedure is summarized in Algorithm [I] (Appendix).

To build intuition for why the SoftMin proxy behaves as a variance penalty, we perform a second-

order Taylor expansion around the mean M(Zg)~ Let Z ;g ) = M(Zg) + &5, such that the mean deviation
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approximations e’ ~ 1+ y + y; (for small y) alongside In(1 + y) ~ y, the objective simplifies as
follows:
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This expansion reveals that the Risk Coefficient k acts as a continuous dial for risk aversion, naturally
setting the explicit variance penalty to 8 = k/2. The approximation is tightest when objectives
agree (0; ~ 0); as inter-objective disagreement grows (|kd;| > 1), the LogSumExp smoothly
transitions from a variance penalty to its hard-min limit, avoiding unbounded quadratic growth. Both
formulations shift optimization from maximizing average performance to maximizing consistent
performance across all objectives. While the concave SoftMin introduces a prompt-level negative
shift for prompts with high inter-objective conflict, this does not bias relative rankings within a group
(the shift is shared across generations for the same prompt), and batch-level advantage normalization
re-centers advantages globally.

S Experimental Setup

To evaluate the efficacy of RVPO in mitigating constraint neglect, we benchmark our approach
against GRPO [1] and GDPO [2] across two multi-objective paradigms: LLM-judged constraints
(Rubrics-as-Rewards) and deterministic, rule-based constraints (Tool Calling).

5.1 Environments and Reward Formulation

Rubrics-as-Rewards (LLM-Judged Constraints): We evaluate RVPO using the Rubrics-as-
Rewards (RaR) framework [[14]], where the number of reward signals varies dynamically per prompt
(5-17 criteria). We evaluate on two domains from [14]: RaR-Medicine (20k clinical reasoning
prompts) and RaR-Science (20k graduate-level science prompts). Unlike prior RaR implementa-
tions that collapse evaluations into a single scalar, we treat each of the M criteria as an independent
reward channel. This high-dimensional decomposition explicitly exposes the constraint neglect vul-
nerability (§3). For each criterion, gpt-4o-mini acts as the judge, outputting a binary satisfaction
score. The RaR framework assigns categorical priority weights to each criterion, which we incorpo-
rate pre-normalization; we evaluate post-normalization weighting in Appendix

Tool Calling (Rule-Based Constraints): We utilize RLLA-4k [34], a curated subset of 4,000 tool-
calling trajectories, to evaluate multi-step reasoning alongside rigid structural adherence. We de-
fine two competing reward signals: Execution Correctness, a continuous scalar evaluating tool and
parameter matching against the ground truth, and Format Adherence, a strictly binary constraint
verifying XML schema compliance.

5.2 Training Implementation and Baselines

All experiments were conducted on a single node with 8§ NVIDIA H100 GPUs. We train Qwen2.5
models [35] using the verl [36] and TRL frameworks: 1.5B and 3B for tool-calling; 3B, 7B, and
14B for rubrics-as-rewards. For rubrics, the k£ and 3 ablations were conducted at 7B; the best con-
figurations were then applied to 3B and 14B without further tuning. Full training hyperparameters
(e.g., learning rates, batch sizes, group sizes) are detailed in Appendix [A.2]

Across all domains, we compare RVPO against standard GRPO (which sums raw rewards) and
GDPO (which independently Z-normalizes channels before summing). For RVPO, the risk coeffi-
cient k is linearly annealed from kg t0 keng (denoted k = Kgpare — kena). This allows the policy to
establish general capabilities under a near-mean objective before the variance penalty tightens. In
the rubrics setting, we include two single-reward baselines from the RaR framework [[14]: GRPO
(Explicit), which aggregates per-criterion scores into a single weighted scalar; and GRPO (Implicit),
the strongest baseline in the original work, where the LLM judge outputs a single holistic score.

5.3 Evaluation Methodology

For models trained on the RLLA-4k tool-calling dataset, we evaluate using the AST-based met-
rics of the Berkeley Function Call Leaderboard v3 (BFCL-v3) [37], averaging results across five
independent runs per method. For models trained on RaR-Medicine, we evaluate multi-objective
alignment using the full 5,000-example HealthBench framework [38]], whose rubric scoring was
validated against physician preferences. HealthBench explicitly scores models across five inde-
pendent rubric axes: Communication Quality, Instruction Following, Accuracy, Context Awareness,
and Completeness. Finally, for models trained on RaR-Science, we evaluate loglikelihood accu-



racy on the GPQA-Diamond benchmark [39]. Confidence intervals (95%) and significance tests are
computed via bootstrap resampling over per-question scores. For rubrics experiments, we report
single-run results at each model scale; the consistency of the training stability patterns across three
independent scales (3B, 7B, 14B) provides evidence that the observed collapses are algorithmic
rather than stochastic. We report the best-performing and final checkpoints, evaluated at every 50
steps (6 total), to separate peak capability from training stability.

6 Results

6.1 Rubrics-as-Rewards

Table 1: Rubrics-as-Rewards evaluation across model scales. HealthBench overall score is the
micro-average across per-question rubric scores (IN=>5,000, 95% CI £0.009 per point estimate).
GPQA-Diamond accuracy via loglikelihood (N=198, 95% CI +0.065 per point estimate; all meth-
ods within the margin of error on GPQA). GRPO uses a single holistic (Implicit) or weighted-
sum (Explicit) reward [14]; all other methods decompose per-rubric rewards. Hyperparameters
before / after the slash correspond to Medicine / Science, respectively. RVPO significantly outper-
forms GDPO on HealthBench (p < 0.001) and is the only multi-reward method to avoid late-stage
collapse.

HealthBench (Medicine) GPQA-Diamond (Science)

Size Method Best Ckpt Final (300) Best Ckpt Final (300)
GRPO (Implicit) 0.154 0.072 0.338 0.313
GRPO (Explicit) 0.190 0.053 0.343 0.343

3B GDPO 0.192 0.117 0.308 0.293
RVPO-min (k=00) 0.181 0.124 0.348 0.283
RVPO-explicit (6=1.0/0.5) 0.184 0.011 0.313 0.308
RVPO (k=0.5—2.0/1.0—2.0) 0.189 0.147 0.313 0.303
GRPO (Implicit) 0.193 0.193 0.318 0.283
GRPO (Explicit) 0.221 0.102 0.343 0.343

7B GDPO 0.198 0.026 0.323 0.318
RVPO-min (k=00) 0.191 0.000 0.323 0.308
RVPO-explicit (6=1.0/0.5) 0.227 0.178 0.318 0.318
RVPO (k=0.5—2.0/1.0—2.0) 0.230 0.204 0.338 0.338
GRPO (Implicit) 0.234 0.234 0.394 0.359
GRPO (Explicit) 0.236 0.000 0.404 0.338

14B GDPO 0.215 0.000 0.394 0.374
RVPO-min (k=00) 0.225 0.190 0.369 0.293
RVPO-explicit (5=1.0/0.5) 0.188 0.163 0.414 0.359
RVPO (k=0.5—2.0/1.0—2.0) 0.261 0.236 0.384 0.384

Figure 2] illustrates constraint neglect under arithmetic mean aggregation at the optimal Qwen2.5-
7B training checkpoint. GDPO over-optimizes the easiest baseline axes (Communication Quality:
47.0%, Instruction Following: 32.5%) at the expense of stricter bottleneck constraints (Accuracy:
30.0%, Context Awareness: 18.3%, Completeness: 11.1%). RVPO’s variance penalty directly pre-
vents this individual objective exploitation. The resulting policy sacrifices some performance on
the two “easier” axes (Communication Quality: 45.1% vs 47.0%, Instruction Following: 30.1%
vs 32.5%) to pull up the three bottleneck axes, raising Accuracy to 33.3%, Context Awareness to
21.2%, and Completeness to 15.2%. This redistribution of optimization pressure results in RVPO
achieving a higher overall score (0.230) compared to GDPO (0.198), without requiring explicit per-
objective weights—the variance penalty dynamically prioritizes whichever constraints the current
policy struggles to satisfy (see Appendix [A.3). A full per-axis breakdown is provided in Appendix
Table

Table [1] tracks stability across both domains over the 300-step training run. On HealthBench, the
single-scalar GRPO (Explicit) baseline achieves a strong peak (0.221), outperforming GDPO’s per-
rubric decomposition (0.198). This reveals that naive decomposition via mean aggregation does not
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Figure 2: Per-axis performance at the optimal training checkpoint on HealthBench
(Medicine, Qwen2.5-7B). GDPO achieves one of the highest scores on Communication Quality,
which consistently yields the highest absolute scores across methods, but underperforms on the
stricter Completeness and Context Awareness constraints. By penalizing inter-objective variance,
RVPO redistributes optimization pressure toward these bottleneck axes, resulting in a higher overall
score (0.230 vs. 0.198).

inherently outperform a well-designed single scala—GDPO’s loss compensation actively under-
mines the richer signal. However, GRPO (Explicit) also degrades to 0.102 by step 300, demonstrat-
ing that training instability is not unique to decomposed rewards—even a well-tuned single scalar
cannot sustain its peak. At the extremes of the aggregation spectrum, GDPO collapses to 0.026
and hard-min (RVPO-min) to 0.000, confirming that both mean and min aggregation are unstable in
high-dimensional reward spaces. RVPO’s variance penalty is what unlocks the benefit of per-rubric
decomposition: by penalizing inter-objective disagreement, RVPO (K = 0.5 — 2.0) achieves the
highest peak (0.230) and the highest final score (0.204) among multi-reward methods, with minimal
degradation across training while GDPO and RVPO-min collapse to near-zero.

These findings are consistent across model scales (Table [I). At 3B, all methods peak early but
degrade by the final checkpoint, with RVPO achieving the best final score (0.147). At 14B, the
stability gap widens: GDPO and GRPO (Explicit) collapse to 0.000 by step 300, while RVPO
sustains 0.236 through step 300 and achieves the highest peak score at any scale (0.261). Notably, at
14B RVPO improves all five HealthBench axes simultaneously, suggesting that larger models have
sufficient capacity to satisfy bottleneck constraints without sacrificing easier objectives.

GPQA-Diamond evaluates whether balanced rubric optimization generalizes to a held-out reason-
ing benchmark. While RaR-Science covers graduate-level topics, GPQA tests specialized expert
knowledge requiring different reasoning patterns. Given the small dataset (N = 198), bootstrap
95% confidence intervals span +6.5%, placing all methods within the margin of error on absolute
accuracy. The notable pattern is that RVPO (k = 1.0 — 2.0) and RVPO-explicit are the only multi-
reward methods whose best checkpoint coincides with the final checkpoint, though the small sample
size precludes strong statistical claims about baseline degradation.

6.2 Tool Calling Dynamics

In the tool-calling setting, execution correctness is a continuous signal and format adherence is a
sparse, binary constraint. As shown in Figure 8] GRPO is highly sensitive to this disparity: the
larger magnitude of the correctness reward overshadows the binary format reward, delaying format-
ting improvements until step 25. GDPO mitigates this scale disparity by normalizing the reward
distributions (Z;), leading to earlier formatting improvements.



Table 2: BFCL-v3 evaluation [37]. Qwen2.5-1.5B and 3B. Avg is the mean of the three reported
subcategories; AST Sum evaluates single and simple function calls; Parallel and Par. Multiple eval-
uate the ability to invoke multiple functions simultaneously. All methods achieve comparable ac-
curacies, preserving general tool-calling capabilities. Results averaged across five runs per method
(run-to-run std ~ 0.4%).

Size Method Avg (%) AST Sum (%) Parallel (%) Par. Multiple (%)
GRPO 70.4 71.7 70.3 69.2
1.5B GDPO 71.9 734 71.7 70.7
’ RVPO-explicit (8 = 1.0) 71.3 72.5 71.0 70.5
RVPO (k = 1.0) 71.9 72.9 72.1 70.6
GRPO 80.3 81.3 77.8 81.9
3B GDPO 80.7 81.6 78.8 81.7
RVPO-explicit (6 = 1.0) 814 82.1 80.1 81.9
RVPO (k = 1.0) 80.4 81.5 78.4 81.3
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Figure 3: Tool Calling (RLLA) Training Dynamics [34]. Qwen2.5-1.5B training progression
across five independent runs; solid lines show the mean and shaded regions +1 standard deviation.
(Left) While mean-based baselines (GDPO and GRPO) successfully maximize execution correct-
ness, they struggle to satisfy the strict format adherence constraint (Right). In contrast, RVPO and
RVPO-explicit enforce this bottleneck constraint via a variance penalty, achieving simultaneous con-
vergence across both objectives.

However, GDPO plateaus before reaching full format compliance. This behavior illustrates the loss
compensation effect of arithmetic mean aggregation: the policy learns that high execution scores can
mathematically offset missing format constraints. In contrast, RVPO’s variance penalty discounts
outputs with high execution correctness but failed syntax checks, encouraging the policy to satisfy
both objectives simultaneously. Consequently, RVPO shows improved convergence on the format
metric while reducing the inter-run variance observed in the baselines.

Table 2] shows that all methods achieve comparable downstream accuracy on BFCL-v3 across 1.5B
and 3B scales. This indicates that RVPO’s primary benefit in this low-dimensional setting (M =2)
is faster convergence on the bottleneck constraint during training.

6.3 Ablation: Risk Coefficient and Curriculum Robustness

The risk coefficient k serves as an explicit knob along the mean-to-min aggregation spectrum: low k
optimizes average performance, high £ prioritizes worst-case satisfaction. Unlike methods that train
separate policies per objective and merge post-hoc [5]], £ parameterizes this trade-off within a single
training run.

As shown in Table[I] both extremes of this spectrum are unstable at 7B: mean aggregation (GDPO,
k=0) collapses to 0.026 by step 300, while hard-min (RVPO-min, k=00) degrades to 0.000. The
hard-min failure is intuitive: when only the single worst objective receives gradient signal, opti-
mization oscillates as different objectives alternate as the bottleneck, preventing stable convergence.
The optimal operating point lies strictly in the interior. To characterize this sensitivity, we evaluate
various static and annealed %k schedules on HealthBench. At £=5.0, the bottleneck axes improve
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Figure 4: Risk Coefficient Sensitivity and Curriculum Robustness on HealthBench (Medicine,
Qwen2.5-7B). Low constant k schedules are more stable but less performant, while high constant &
schedules achieve higher peaks but are more unstable. Annealing &k over training (k = 0.5 — 2.0)
provides the best of both regimes by allowing the policy to establish general capabilities under a
near-mean objective before the variance penalty tightens.

substantially over GDPO—Completeness rises from 11.1% to 17.0% and Accuracy from 30.0% to
34.4%—without substantially sacrificing the easier axes, yielding the highest peak score (0.241)
among static-k configurations at 7B. However, this peak is not stable through training: k=5.0 col-
lapses to 0.095 by step 300, requiring careful early stopping to capture the peak. We therefore report
the annealed k=0.5 — 2.0 schedule as our primary result, since it sustains performance through
training completion (0.204 at step 300) despite the lower peak. As shown in Figure 4] annealing
solves this by tightening the constraint bottleneck only after general capabilities are established.

We evaluated a range of annealing schedules on rubrics (Appendix Table ). Performance remains
stable across different schedules (0.1 — 2.0, 0.5 — 5.0), provided the curriculum initiates at a low
k value. Conversely, an aggressive start (1.0 — 2.0) causes premature constraint over-optimization
and collapse (0.000). These results suggest a practical heuristic: for low-dimensional, fixed reward
spaces like tool-calling, a static £ ~ 1.0 suffices. However, for high-dimensional or dynamically
varying reward spaces, annealing from a low initial k is necessary to establish general capabilities
before the variance penalty tightens.

7 Limitations and Future Work

The primary limitation of RVPO is the sensitivity of the risk coefficient k. While annealed curricula
(§6.3) are effective, optimal k values remain sensitive to reward space dimensionality, group size G
(our experiments use G=4 for tool-calling and G=16 for rubrics), and inter-objective conflict, moti-
vating future work on adaptive scheduling. Additionally, as demonstrated in Appendix[A.5] RVPO’s
bottleneck prioritization is driven by criterion difficulty rather than declared priority; developing
weighted RVPO variants could better align these dynamics. RVPO may also amplify noise from
unreliable reward channels, as the soft-min focuses optimization on whichever objective produces
the lowest Z-scores regardless of whether this reflects policy weakness or reward model noise.

8 Conclusion

We introduced Reward-Variance Policy Optimization (RVPO), which addresses constraint neglect
in mean-aggregated multi-objective RL via a LogSumExp variance penalty. RVPO scales from two
rule-based rewards to 17 concurrent LLM-judged criteria across multiple model sizes, consistently
improving bottleneck constraint adherence while maintaining training stability. The risk coefficient
k provides an explicitly tunable parameter for navigating multi-objective trade-offs within a single
training run. As alignment increasingly relies on decomposed reward signals—from rubric crite-
ria to safety constraints—robust aggregation that prevents any single objective from being silently
neglected becomes essential for reliable deployment.
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A Appendix

A.1 RVPO Algorithm

Algorithm [I{summarizes the full RVPO training procedure, including per-channel Z-normalization,
inactive reward masking, and SoftMin aggregation. In the RaR setting, the number of active reward
channels varies per prompt (M,ive € [5,17]), as each prompt defines a distinct rubric; channels
corresponding to criteria not applicable to the current prompt are excluded from the aggregation.
The risk coefficient k() may be held constant or annealed (e.g., linearly) over training steps. As
k — 0, RVPO recovers standard GDPO (mean aggregation); as k — oo, it reduces to hard-min.

Algorithm 1 Reward-Variance Policy Optimization (RVPO).

Require: Policy 7, reference policy mrer, M reward functions { R } j]‘/il, group size G, risk coeffi-
cient schedule k()
1: for each training step ¢ do

2:  Sample batch of prompts {xz;}

3:  for each prompt z; do

4 Generate G responses: {ygg) ?:1 ~mo(- | z;)

5 Compute rewards: Rgg) = R;(zs, y,gg)) forj=1,.... M

6: for each reward channel j = 1,..., M do

7 1 =% >4 R;g), o= std({R§-g)}g) > Z-normalize
8 2,7 = (R — 1)/ (o5 +€)

9 end for »

10: Al = —ﬁ ln(ﬁ > jeactive e k®-Z5 ) > SoftMin over active channels

11:  end for )
12z Whiten advantages across batch: A(9) = (A9 — 1 ,) /o4

13:  Update 6 via clipped policy gradient with advantages A and KL penalty against s
14: end for

2
15: Note: For RVPO-explicit, replace line 10 with A(9) = /L(Zg) - B (a%”) for active channels
only.

A.2 Training Hyperparameters

This section details the hyperparameter configurations used for the experiments. All training was
conducted on a single node with § NVIDIA H100 GPUs. On this hardware, tool-calling training runs
require ~1.5 hours for 1.5B models and ~2.5 hours for 3B models. In the rubrics setting, 300-step
training runs require ~2 hours (3B), ~4.5 hours (7B), and ~8 hours (14B) per experiment. RVPO’s
aggregation step (LogSumExp over M channels) adds negligible wall-clock overhead (<1%) rela-
tive to GDPO.

Tool Calling (RLLA-4Kk): To ensure a rigorous baseline comparison, we utilize the exact training
recipe established by GDPO [2] and ToolRL [34]. We use the verl framework [36] to fine-tune
Qwen?2.5-Instruct models (1.5B and 3B) for 15 epochs (=117 steps) with a PPO mini-batch size of
128, a learning rate of 1 x 107, a group size of G = 4 rollouts per prompt, and an adaptive KL
penalty (Bxz = 0.001).

Rubrics-as-Rewards (RaR-Medicine and RaR-Science): Similarly, we adopt the training hyper-
parameters established by the Rubrics-as-Rewards framework [14]. We use the TRL framework
to fine-tune Qwen?2.5 base policies (3B, 7B, 14B) for 300 steps with an effective batch size of 96
prompts per step. We apply a learning rate of 5x 10~% with a 10% linear warmup schedule, sampling
G = 16 responses per prompt at a temperature of 1.0, and a KL penalty coefficient of i = 0.04
against the frozen reference policy. Checkpoints are saved and evaluated every 50 steps; we report
the best-performing checkpoint alongside the final checkpoint (step 300).
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Asset Licenses: Qwen2.5 models (Apache 2.0), RLLA-4k (Apache 2.0), RaR-Medicine/Science
(CC-BY 4.0), HealthBench (MIT), GPQA-Diamond (CC-BY 4.0), BFCL-v3 (Apache 2.0), TRL
(Apache 2.0), verl (Apache 2.0).

A.3 Detailed HealthBench Results

Table [3] provides the full per-axis HealthBench evaluation at both the best and final training check-
points across all model scales.

Table 3: Per-axis breakdown of HealthBench-Medicine evaluations across model scales. Evalu-
ated over N = 5, 000 examples. (a) At the best checkpoint, RVPO achieves the highest overall score
at 7B and 14B, with 14B RVPO improving all five axes simultaneously. (b) At the final checkpoint,
GDPO and RVPO-min collapse at 7B while GRPO (Explicit) and GDPO collapse at 14B; RVPO
remains the most robust across scales. All sub-category point estimates have a 95% CI margin of
error of < 0.010.

(a) Best Checkpoint Performance

Size Method Overall Comm. Quality Instr. Following Accuracy Context Aware. Completeness
GRPO (Implicit) 0.154 0.397 0.257 0.239 0.152 0.085
GRPO (Explicit) 0.190 0.459 0.276 0.269 0.172 0.123

3B GDPO 0.192 0.451 0.289 0.264 0.179 0.121
RVPO-min (k=00) 0.181 0.444 0.266 0.256 0.177 0.115
RVPO-explicit (3=1.0)  0.184 0.465 0.272 0.261 0.171 0.114
RVPO (k=0.5—2.0) 0.189 0.460 0.274 0.269 0.188 0.110
GRPO (Implicit) 0.193 0.410 0.245 0.282 0.178 0.118
GRPO (Explicit) 0.221 0.485 0.333 0.315 0.211 0.142

7B GDPO 0.198 0.470 0.325 0.300 0.183 0.111
RVPO-min (k=00) 0.191 0.423 0.273 0.287 0.177 0.112
RVPO-explicit (=1.0)  0.227 0.480 0.306 0.320 0.205 0.151
RVPO (k=0.5—2.0) 0.230 0.451 0.301 0.333 0.212 0.152
GRPO (Implicit) 0.234 0.423 0.302 0.322 0.206 0.176
GRPO (Explicit) 0.236 0.460 0.311 0.333 0.201 0.168

14B GDPO 0.215 0.407 0.258 0.313 0.191 0.149
RVPO-min (k=00) 0.225 0.466 0.305 0.315 0.195 0.147
RVPO-explicit (3=1.0)  0.188 0.360 0.269 0.272 0.177 0.131
RVPO (k=0.5—2.0) 0.261 0.485 0.321 0.364 0.220 0.184

(b) Final Checkpoint Performance

Size Method Overall Comm. Quality Instr. Following Accuracy Context Aware. Completeness
GRPO (Implicit) 0.072 0.234 0.130 0.143 0.091 0.020
GRPO (Explicit) 0.053 0.189 0.135 0.114 0.067 0.007
3B GDPO 0.117 0.301 0.118 0.203 0.112 0.053
N RVPO-min (k=00) 0.124 0.304 0.200 0.202 0.129 0.064
RVPO-explicit (3=1.0)  0.011 0.117 0.064 0.074 0.020 0.000
RVPO (k=0.5—2.0) 0.147 0.380 0.182 0.232 0.143 0.075
GRPO (Implicit) 0.193 0.410 0.245 0.282 0.178 0.118
GRPO (Explicit) 0.102 0.216 0.212 0.171 0.096 0.035
7B GDPO 0.026 0.138 0.111 0.107 0.035 0.000
RVPO-min (k=00) 0.000 0.000 0.000 0.013 0.000 0.000
RVPO-explicit (3=1.0)  0.178 0.398 0.267 0.261 0.172 0.107
RVPO (k=0.5—2.0) 0.204 0.443 0.256 0.310 0.184 0.128
GRPO (Implicit) 0.234 0.423 0.302 0.322 0.206 0.176
GRPO (Explicit) 0.000 0.102 0.038 0.019 0.003 0.000
14B GDPO 0.000 0.027 0.008 0.000 0.000 0.000
RVPO-min (k=00) 0.190 0.357 0.226 0.275 0.170 0.143
RVPO-explicit (3=1.0)  0.163 0.300 0.155 0.236 0.148 0.114
RVPO (k=0.5—2.0) 0.236 0.439 0.287 0.329 0.202 0.171

A.4 Hyperparameter Ablation Details

Table [] provides the full numerical results for the hyperparameter sensitivity analysis presented in
Figure

Table[5]provides the full per-axis HealthBench breakdown across all k& schedules, including annealed
curricula.
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Table 4: Risk coefficient ablation on HealthBench (Medicine, Qwen2.5-7B). GDPO (k£ = 0) and
hard-min (k = o0) represent the spectrum endpoints. Constant k values capture high peak scores
but degrade by step 300. The annealed schedule £k = 0.5 — 2.0 achieves the best balance of peak
performance and stability.

Schedule (k) Best Ckpt  Final (300)
Baselines

GRPO (Implicit) 0.193 0.193
GRPO (Explicit) 0.221 0.102
GDPO (k = 0) 0.198 0.026
RVPO-min (kK = o) 0.191 0.000
Constant Schedules

k=0.25 0.207 0.129
k=05 0.171 0.095
k=1.0 0.194 0.015
k=20 0.225 0.083
k=25.0 0.241 0.095
k =10.0 0.202 0.010
Annealed Curricula

0.1 — 2.0 0.214 0.132
0.25 — 1.0 0.209 0.082
0.5 — 5.0 0.198 0.139
0.5 — 2.0 0.230 0.204
1.0 — 2.0 0.143 0.000

Table 5: Per-axis HealthBench breakdown across risk coefficient schedules (Qwen2.5-7B, best
checkpoint). Constant £=5.0 achieves the highest peak by substantially improving bottleneck axes
(Completeness: 17.0%, Accuracy: 34.4%) without sacrificing Communication Quality (48.1% vs.
GDPO’s 47.0%). The annealed schedule k=0.5 — 2.0 achieves a similar redistribution with better
training stability (see Table E[)

Schedule (k) Overall Comm. Quality Instr. Following Accuracy Context Aware. Completeness
Baselines

GRPO (Implicit) 0.193 0.410 0.245 0.282 0.178 0.118
GRPO (Explicit) 0.221 0.485 0.333 0.315 0.211 0.142
GDPO (k = 0) 0.198 0.470 0.325 0.300 0.183 0.111
RVPO-min (k = c0)  0.191 0.423 0.273 0.287 0.177 0.112
Constant Schedules

k=0.25 0.207 0.430 0.284 0.302 0.184 0.137
k=05 0.171 0.425 0.216 0.249 0.154 0.092
k=1.0 0.193 0.417 0.309 0.287 0.178 0.111
k=20 0.224 0.497 0.312 0.313 0.207 0.146
k=5.0 0.241 0.481 0.307 0.344 0.205 0.170
k =10.0 0.202 0.454 0.300 0.293 0.183 0.126
Annealed Curricula

0.1 —2.0 0.213 0.473 0.305 0.308 0.196 0.139
0.25 - 1.0 0.209 0.449 0.291 0.297 0.192 0.140
0.5 — 2.0 0.230 0.451 0.301 0.333 0.212 0.152
0.5 — 5.0 0.198 0.445 0.341 0.297 0.186 0.129
1.0 —» 2.0 0.143 0.259 0.211 0.216 0.119 0.096

A.5 Pre- vs. Post-Normalization Weighting

Table [6] evaluates methods under a weighted regime on the HealthBench (Medicine) domain. Stan-
dard RVPO incorporates the Al-generated categorical priority weights from the RaR framework [[14]]
(e.g., Essential=1.0, Optional=0.3) directly into the raw reward computation (12; = c¢; - w;, where
¢; € {0, 1} is the binary criterion score). However, for binary criteria, these scalar weights are natu-
rally absorbed by the per-channel Z-normalization (pre-normalization weighting). Table[6]evaluates
an alternative regime where these weights are explicitly applied post-normalization (Z j’ =wj - Z;)
to force the optimizer to recognize static priorities.
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While post-normalization weighting improves the baseline methods (GRPO, GDPO) by explicitly
forcing attention to priority constraints, it degrades the performance of RVPO. RVPO relies on un-
scaled empirical variance to dynamically prioritize bottleneck constraints. Applying static weights
post-normalization artificially compresses the variance of lower-weighted criteria, causing the soft-
min operator to prematurely ignore them. The standard pre-normalization RVPO exceeds the per-
formance of post-normalization baselines, indicating that dynamic variance regularization provides
a robust alternative to explicit post-hoc reward weighting.

Table 6: Performance comparison of pre- vs. post-normalization weighting on HealthBench
(Medicine, Qwen2.5-7B). When static Al-generated priority weights are explicitly applied post-
normalization (ZJ’. = wj - Z;), baselines (GRPO, GDPO) improve by satisfying neglected con-
straints. However, this explicit weighting degrades RVPO’s dynamic variance penalty. Standard
pre-normalization RVPO exceeds these explicit post-normalization baselines, serving as an auto-
matic, difficulty-driven alternative to static reward tuning.

Method Best Checkpoint  Final (Step 300)
Pre-normalization Weighting (Standard)

GDPO (Mean) 0.198 0.026
RVPO (k = 0.5 — 2.0) 0.230 0.204
Post-normalization Weighting (Baselines)

GRPO (Explicit) 0.221 0.102
GDPO 0.213 0.213
Post-normalization Weighting (RVPO)

RVPO (k = 0.5 — 2.0) 0.192 0.078
RVPO (k = 1.0 — 2.0) 0.201 0.000
RVPO (k = 2.0 const) 0.160 0.106

A.6 Explicit Variance Penalty (3) Ablation

Figure [5] provides the ablation for constant values of the explicit variance penalty (3). We observe
that calculating empirical variance over a dynamically small number of objectives (M € [5,17])
introduces higher sensitivity to the choice of 8 compared to the smooth k-parameterized soft-min
operator, with performance varying non-monotonically across the sweep. This gap between the
two formulations is consistent with the Taylor expansion’s regime of validity: the second-order
approximation Agypo ~ iz — ga% is tight only for small kd;, whereas at larger deviations the
LogSumExp naturally saturates toward the hard minimum and the quadratic penalty does not. This
supports the use of the LogSumExp formulation as the more robust default.

Annealed 3 schedules were also evaluated. A gentle schedule (8 = 0.1 — 0.5) peaks at 0.215 but
degrades to 0.132 by step 300, while a moderate schedule (8 = 0.25 — 1.0) peaks at 0.221 but
collapses to 0.000. Schedules ending above 8 = 1.0 collapse early. Both constant and annealed
explicit schedules can thus achieve peaks comparable to RVPO (peak 0.230, final 0.204), but none
match the LogSumExp’s training stability.

A.7 Broader Impacts

This work improves the ability of large language models to reliably balance competing objectives
and strictly adhere to formatting and safety constraints. By mitigating constraint neglect, RVPO
provides a computationally efficient mechanism for aligning models toward safer, more consistent
behavior without sacrificing general capabilities. However, as a foundational reinforcement learning
algorithm, variance penalization is agnostic to the semantic nature of the constraints. While we apply
it to enforce structural correctness and clinical accuracy, the same explicit constraint enforcement
could theoretically be misused if malicious or biased reward models are intentionally provided to
the optimizer.
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Figure 5: Explicit Variance Penalty (5) Sweep on HealthBench (Medicine, Qwen2.5-7B). Eval-

uating constant values of the explicit variance penalty () reveals more optimization instability and
higher sensitivity to hyperparameter choice compared to the LogSumExp (SoftMin) formulation.
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