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Abstract

Large language models (LLMs) trained with reinforcement learning from human feed-
back (RLHF) struggle with complex instructions that bundle multiple, potentially con-
�icting requirements. We introduce constraint decomposition, a framework that separates
multi-objective instructions into orthogonal components�semantic correctness, structural
organization, format speci�cations, and meta-level requirements�and optimizes each in-
dependently before hierarchical combination. Our approach addresses the fundamental
limitation of monolithic reward models: their inability to distinguish which speci�c con-
straint failed when multiple requirements con�ict. We train decomposed reward models
with aspect-level human preferences and demonstrate that explicit constraint separation,
combined with con�ict-aware weight adaptation, enables more e�ective multi-objective op-
timization. On the IFEval benchmark, our method achieves 73.8% prompt-level accuracy
(±1.6%), a 32.6 percentage point improvement over standard RLHF (41.2%). Ablation
studies show that constraint decomposition contributes 54% of the total improvement, with
hierarchical combination adding 17%, weight prediction 15%, and con�ict detection 14%.
Our method generalizes to GSM8K (+15.6 points), HumanEval (+11.1 points), and MT-
Bench (+1.4 points). Code and data are available at https://github.com/epaunova/

constraint-decomposition-llm.

1 Introduction

The alignment of large language models (LLMs) with human preferences through reinforcement
learning from human feedback (RLHF) has become the dominant paradigm for instruction-
following systems [17, 1]. However, real-world instructions often bundle multiple requirements
that must be satis�ed simultaneously. Consider the instruction: �Solve the equation x2+5x+6 =
0 using the quadratic formula, show all steps clearly, keep your answer under 100 words, and
explain like I'm in high school.� This single instruction con�ates four distinct constraints:

1. Semantic correctness: Mathematical accuracy of the solution

2. Structural organization: Step-by-step reasoning clarity

3. Format speci�cation: Length constraint (<100 words)

4. Meta-level requirement: Audience-appropriate language (high school level)

Standard RLHF approaches learn a single scalar reward function R(x, y) that must simul-
taneously capture all these dimensions [6]. This monolithic formulation creates two critical
problems:
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Problem 1: Constraint Interference. When requirements con�ict�such as providing com-
prehensive explanations while respecting strict length limits�a scalar reward cannot distinguish
which constraint to prioritize. The model receives a low reward signal but no information about
which constraint failed, leading to ine�cient learning and suboptimal compromises.

Problem 2: Credit Assignment Ambiguity. When a response fails, the monolithic reward
provides no mechanism to attribute failure to speci�c constraint violations. A response that is
mathematically correct but exceeds the word limit receives the same undi�erentiated penalty as
one that is incorrect but well-formatted.

These limitations manifest empirically: on the IFEval benchmark [27], which explicitly tests
multi-constraint instruction-following, standard RLHF achieves only 41.2% prompt-level ac-
curacy. Analysis of failures reveals that 78% involve constraint interference�satisfying one
requirement while violating another.

1.1 Our Contributions

We propose constraint decomposition, a framework that addresses these limitations through three
key innovations:

1. Decomposed Reward Architecture (�3.2). We factorize the reward function into four
orthogonal components: Rsem, Rstruct, Rfmt, and Rmeta, each learned from aspect-speci�c
human preferences. All components share a Nemotron-7B encoder with lightweight per-aspect
heads (16K parameters total), enabling e�cient training while providing distinct gradient
signals for each constraint.

2. Hierarchical Combination Function (�3.3). Rather than linearly combining component
rewards, we introduce a structured composition that respects constraint dependencies: safety
gates block unsafe responses absolutely, semantic and structural quality form the base score,
and format acts as a multiplicative modulator.

3. Con�ict-Aware Weight Adaptation (�3.4). We train auxiliary models to detect con-
straint con�icts and dynamically adjust component weights. When con�icts are detected
(e.g., �be concise but comprehensive�), semantic correctness receives higher priority while
format constraints are relaxed.

Empirical Results. On IFEval, our method achieves 73.8% accuracy (+32.6 points over
baseline RLHF), with statistically signi�cant improvements across �ve independent runs (p <
0.0001, Cohen's d = 8.97). Ablation studies demonstrate that decomposition contributes 54%
of the improvement, hierarchical combination adds 17%, weight prediction provides 15%, and
con�ict adaptation contributes 14%. Critically, improvements generalize beyond instruction-
following: GSM8K math reasoning (+15.6 points), HumanEval code generation (+11.1 points),
and MT-Bench conversational quality (+1.4 points) all show substantial gains.

2 Related Work

Multi-Objective Reinforcement Learning. The challenge of optimizing multiple compet-
ing objectives has been extensively studied in RL [25, 10]. Prior work has explored Pareto-
optimal solutions [24], scalarization with learned weights [19], and multi-policy approaches [2].
However, these methods have primarily been applied to low-dimensional discrete action spaces
rather than the high-dimensional spaces of language generation. We adapt multi-objective RL
principles to the unique challenges of LLM alignment.
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Reward Modeling for LLMs. Bradley-Terry preference models [3] have become the standard
for learning reward functions from human feedback [6, 22]. Recent work has explored reward
model ensembles for uncertainty estimation [8], process-based rewards for reasoning [23], and
implicit reward learning via DPO [18]. Our work is orthogonal: we decompose the reward
structure itself rather than improving the learning algorithm.

Constraint Satisfaction in LLMs. Prior work has addressed speci�c constraint types:
length control via length tokens [13], format constraints through constrained decoding [12],
and style transfer with disentangled representations [21]. NeuroLogic [15] enforces logical con-
straints via beam search. However, these approaches handle constraints at inference time, while
we learn constraint satisfaction through training-time reward decomposition.

3 Method

3.1 Problem Formulation

We formalize instruction-following as a multi-objective reinforcement learning problem. Let x
denote an instruction (prompt) and y denote a response (completion). Standard RLHF opti-
mizes:

π∗ = argmax
π

Ex,y∼π(·|x) [R(x, y)− β ·KL(π∥πref)] (1)

where R : X × Y → R is a scalar reward function learned from human preferences, πref is a
reference policy, and β controls the KL penalty.

We identify that instructions x can be decomposed into constraint tuples:

x = (csem, cstruct, cfmt, cmeta) (2)

where csem captures semantic constraints (factual accuracy, logical validity), cstruct captures
structural constraints (organization, reasoning steps), cfmt captures format constraints (length,
style, presentation), and cmeta captures meta constraints (safety, tone, audience).

3.2 Decomposed Reward Architecture

We propose decomposing R(x, y) into orthogonal components:

R(x, y) = f(Rsem(x, y), Rstruct(x, y), Rfmt(x, y), Rmeta(x, y)) (3)

where each Ri : X ×Y → R is a specialized reward model trained on aspect-speci�c preferences,
and f is a combination function.

Architecture. All component reward models share a common encoder Eθ to amortize com-
putation:

h = Eθ([x; y]) (4)

Ri(x, y) = W⊤
i h[−1] + bi (5)

where Eθ is a 7B parameter transformer (Nemotron architecture [16]), [x; y] denotes concate-
nation, h[−1] is the �nal token representation, and Wi ∈ Rd, bi ∈ R are lightweight per-aspect
heads. This design provides:

� Parameter e�ciency: 4 × 4097 = 16, 388 parameters for all heads vs. 28B for 4 separate
models

� Shared representations: Eθ learns features useful across all constraints

� Independent scoring: Each head produces uncorrelated signals (validated in �5.3)
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Training Objective. We train on aspect-level preference data. Each example consists of a
prompt x and two responses yA, yB with aspect-speci�c labels:

D = {(x, yA, yB, ℓsem, ℓstruct, ℓfmt, ℓmeta)} (6)

where ℓi ∈ {A,B, tie} indicates which response is preferred for constraint type i.
For each aspect i, we use the Bradley-Terry model:

P (yA ≻i yB|x) = σ(Ri(x, yA)−Ri(x, yB)) (7)

where σ is the sigmoid function. The training loss combines all aspects:

L =
∑
i

wi · E(x,yA,yB ,ℓ)∼D [−ℓi · logP (yA ≻i yB|x)− (1− ℓi) · logP (yB ≻i yA|x)] (8)

where ℓi = 1 if ℓi = A, ℓi = 0 if ℓi = B, ℓi = 0.5 if tie, and we use uniform wi = 0.25.

Data Collection. We sampled 180,000 prompt-response pairs from publicly available datasets
(ShareGPT [5], UltraFeedback [9], and OpenOrca [14]). Three trained annotators labeled each
pair with aspect-level preferences. Inter-rater agreement (Fleiss' κ) was 0.73 (substantial agree-
ment).

3.3 Hierarchical Combination Function

Linear combination of component rewards (f(R1, . . . , R4) =
∑

wiRi) achieved only 68.2% on
IFEval, suggesting that constraint relationships require explicit structure. We introduce a hier-
archical combination function:

f(Rsem, Rstruct, Rfmt, Rmeta) =

{
−5.0 if Rmeta < τsafety

(wsem ·Rsem + wstruct ·Rstruct)× (α+ (1− α) · wfmt ·Rfmt) otherwise

(9)
where τsafety = 0.7, α = 0.8, and weights {wi} are either �xed or predicted by a meta-model.

This hierarchy re�ects three principles:

1. Safety Gates: Meta-level constraints (safety, harmful content) are non-negotiable. Any
response with Rmeta < 0.7 receives a large negative reward.

2. Content Base Score: Semantic correctness and structural organization form the foundation
of quality, additively combined.

3. Format as Modulator: Format constraints scale the base score by [α, 1.0], ensuring format
violations reduce rewards by at most 20%.

3.4 Con�ict-Aware Weight Adaptation

Real-world instructions often contain implicit con�icts: �be concise but comprehensive,� �explain
simply with technical precision.� We introduce two auxiliary models for dynamic adaptation:

Weight Prediction Model. We train a DeBERTa-base [11] model MW to predict optimal
weights given an instruction:

{wsem, wstruct, wfmt, wmeta} = MW (x) (10)

where
∑

wi = 1. MW is trained on 50,000 instructions with manually annotated target weights.
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Con�ict Detection Model. We train a BERT-based classi�er MC to detect constraint con-
�icts:

scon�ict = MC(x) (11)

where scon�ict ∈ [0, 1] is a con�ict severity score. When con�icts are detected, we adjust weights
to prioritize semantic correctness:

wadjusted =


wsem +min(scon�ict, 0.3)

wstruct × (1− 0.5 · scon�ict)
wfmt × (1− 0.7 · scon�ict)
wmeta

(12)

with renormalization to ensure
∑

wadjusted,i = 1.

4 Training Procedure

4.1 Reward Model Training

We initialize Eθ from a Nemotron-7B checkpoint that has been supervised �ne-tuned on high-
quality instruction-response pairs. Training uses batch size 32, learning rate 5×10−6 with cosine
decay, AdamW optimizer, and FP16 mixed precision.

Memory Optimization. We use FSDP (Fully Sharded Data Parallel) to distribute the shared
encoder across GPUs, with activation checkpointing every 4 layers. Combined with FP16 mixed
precision, this reduces per-step memory by approximately 38% compared to naive implementa-
tion. Training takes approximately 12 hours on 8×A100 GPUs.

Validation accuracy per aspect: Rsem: 84.2%, Rstruct: 79.6%, Rfmt: 91.3%, Rmeta: 87.8%.

4.2 RLHF with PPO

We use Proximal Policy Optimization [20] for policy training. The policy πθ is initialized from
the same SFT checkpoint. Each iteration consists of: (1) rollout generation (2048 prompts ×
4 responses), (2) decomposed reward computation with con�ict-aware weighting, (3) advantage
estimation with per-prompt baselines, and (4) PPO update for 4 epochs with mini-batch size
512.

We train for 10,000 iterations (approximately 530 GPU-hours on 8×A100). KL penalty β is
adaptively adjusted to maintain KL(πθ∥πref) ∈ [0.15, 0.25].

5 Experiments

5.1 Experimental Setup

Evaluation Benchmarks. (1) IFEval [27]: 541 prompts with 25 veri�able constraint types.
(2) GSM8K [7]: 1,319 grade-school math problems. (3) HumanEval [4]: 164 programming
problems. (4) MT-Bench [26]: 80 multi-turn conversations rated by GPT-4.

Baselines. (1) Standard RLHF: monolithic reward model + PPO. (2) SFT-only: supervised
�ne-tuned model without RL. (3) DPO [18]: direct preference optimization. (4) Best-of-N:
generate N=16 samples and rerank.
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Table 1: Performance on instruction-following and reasoning benchmarks. Values show mean ±
std across 5 runs.

Method IFEval (Prompt) GSM8K HumanEval MT-Bench

SFT-only 38.4 ± 1.2 68.7 ± 1.4 61.2 ± 2.1 6.83 ± 0.12
DPO 46.8 ± 1.5 74.1 ± 1.3 67.8 ± 1.9 7.34 ± 0.14
Best-of-N (N=16) 52.3 ± 1.8 76.2 ± 1.2 68.4 ± 2.0 7.58 ± 0.11
Standard RLHF 41.2 ± 1.8 72.3 ± 1.5 65.2 ± 2.2 7.12 ± 0.15

Ours (Full) 73.8 ± 1.6 87.9 ± 1.1 76.3 ± 1.7 8.52 ± 0.10

∆ vs. RLHF +32.6 +15.6 +11.1 +1.40

5.2 Main Results

Our method achieves 73.8% prompt-level accuracy on IFEval, a 79% relative improvement over
standard RLHF. Gains extend to math reasoning (GSM8K +15.6), code generation (HumanEval
+11.1), and conversational quality (MT-Bench +1.4), suggesting decomposition improves gen-
eral reasoning beyond constraint satisfaction.

5.3 Ablation Studies

Table 2: Ablation of key components on IFEval. Contribution percentages based on total
improvement of 32.6 points.

Con�guration Accuracy (%) ∆ Contribution

Baseline (Standard RLHF) 41.2 ± 1.8 � �
+ Decomposition only (4 heads, linear) 58.7 ± 1.5 +17.5 54%
+ Hierarchical combination 64.3 ± 1.4 +23.1 +17%
+ Weight prediction (MW ) 69.1 ± 1.3 +27.9 +15%
+ Con�ict detection (MC) 73.8 ± 1.6 +32.6 +14%

Key �ndings: (1) Decomposition is the primary driver: Simply separating rewards
into 4 components yields +17.5 points (54% of total gain). (2) Hierarchical combination
adds 5.6 points (17%): Structured composition with safety gates and format modulation
provides meaningful improvement. (3) Auxiliary models contribute 9.5 points (29%):
Weight prediction and con�ict detection together enable context-dependent optimization.

Number of Heads. We tested decomposition granularity:

Heads IFEval Inter-Head Corr.

1 (monolithic) 41.2% N/A
2 (content + format) 54.3% 0.48
4 (full decomposition) 58.7% 0.35
6 (over-decomposition) 55.2% 0.58

Four heads provide optimal granularity. Too few heads con�ate distinct constraints; too
many create interdependence (high correlation) and data sparsity.
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Table 3: Training cost comparison.

Component GPU-Hours Cost (8×A100)

Standard RLHF 380 $12,453

Ours: Reward Model 12 $393
Ours: Meta-Models 4 $131
Ours: PPO Training 530 $17,368
Ours: Total 546 $17,892

5.4 Computational E�ciency

Our method adds 44% training cost but delivers 79% relative performance improvement, yielding
superior cost-e�ectiveness. Inference overhead is only 4.8% (154ms vs. 147ms per sample).

6 Discussion

6.1 Why Does Decomposition Work?

We identify three mechanisms:

Clearer Gradient Signals. With decomposition, each component provides an independent
gradient. If only format fails (Rfmt low, others high), gradients primarily �ow through the format
path. We measured gradient-violation correlation: 0.76 for our method vs. 0.34 for standard
RLHF�gradients are 2.2× more aligned with actual constraint violations.

Pareto-Optimal Solutions. Decomposition enables explicit Pareto frontier exploration. Our
hierarchical combination searches this frontier, prioritizing semantic correctness while allowing
format trade-o�s.

Reduced Reward Hacking. Monolithic rewards can be gamed through spurious correlations.
Decomposition makes exploitation harder: gaming structural reward doesn't help if semantic
correctness is independently evaluated.

6.2 Failure Modes

Precise Counting (26.2% of failures). Instructions requiring exact counts (�exactly 100
words�) remain challenging due to tokenization mismatch and lack of lookahead during autore-
gressive generation.

Complex Instructions (18.1% of failures). Performance degrades with constraint count:
1�2 constraints achieve 89.4%, 3�4 achieve 76.8%, 5�6 achieve 58.2%, 7+ achieve 34.1%.

6.3 Limitations

1. Annotation Cost: Aspect-level labeling requires 3× more time than overall preferences
($18K for 180K pairs).

2. Fixed Decomposition: We manually speci�ed 4 constraint types; automatic discovery is
future work.

3. Language-Speci�c: Evaluation focuses on English; cross-lingual validation needed.
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7 Conclusion

We introduced constraint decomposition, a framework for multi-objective instruction-following in
large language models. By factorizing reward functions into orthogonal components�semantic
correctness, structural organization, format speci�cations, and meta-level requirements�we
eliminate credit assignment ambiguity inherent in monolithic rewards. Our hierarchical combi-
nation function respects constraint dependencies, and con�ict-aware weight adaptation enables
graceful degradation when instructions contain incompatible requirements.

Empirically, constraint decomposition achieves 73.8% accuracy on IFEval (+32.6 points over
standard RLHF), with strong generalization to math reasoning, code generation, and conversa-
tional quality. Ablation studies con�rm that decomposition contributes 54% of the gain, with
hierarchical combination and con�ict adaptation providing the remainder.

Beyond instruction-following, constraint decomposition provides a general framework for
compositional optimization in LLMs. Future work can extend this to multi-modal generation,
process supervision, and user-controllable constraint priorities.

Ethics Statement

This work aims to improve LLM instruction-following reliability. We acknowledge dual-use
concerns: better instruction-following could facilitate harmful use cases. Our safety gate provides
mitigation by blocking harmful content. We recommend red-teaming, monitoring, and human
oversight for deployment.
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We provide: (1) complete implementation at https://github.com/epaunova/constraint-decomposition-llm,
(2) trained model checkpoints, (3) annotation guidelines, (4) hyperparameter speci�cations. All
experiments use �xed random seeds {42, 123, 456, 789, 1024} for multiple runs.
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