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● When humans make a judgment, they: 

○ Decompose good vs bad into simple forms

○ Establish a hierarchy of what matters most

● Humans also have the benefit of hindsight: 

○ We do or say the wrong thing and self-correct
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● A strong LLM expands user-defined constitutional principles into a hierarchical 
evaluation program (Q) with question-level checks.

User-defined 
Principles

Strong LLM

Dimensions that make up the core principles Nested questions to check 
dimension-level “goodness”
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● Supervised fine-tuning (500 samples) teaches the model the two-pass workflow 
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Draft Response Generation

An unaligned model generates a raw response to a user’s query.

Reflection on Issues

It then learns to critically evaluate its own draft against constitutional principles and 
fine-grained checks, identifying potential issues like factual inaccuracies, harmful 
content, or lack of helpfulness.

Revision for Safety & Quality

Finally, the model learns to revise its response to address identified issues, 
enhancing safety, honesty, and overall quality, before presenting the final 
output.




QA-LIGN Stage 3

● GRPO fine-tuning uses the rubric (Q) to score drafts and revisions
○ Model generates response with draft, critique, and revision
○ QA-LIGN evaluates the draft and revision separately across Q
○ Criteria are hierarchically pooled, with a safety-first priority
○ Drafts and revisions are both incentivized towards higher scores
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Experiment Setup

 🔧 Training Configuration
● Starting point: Llama-3.1-8B-Uncensored model (for all methods)
● Training data: 1,600 harmful prompts from WildJailbreak
● Same data and compute budgets 

a. 1 epoch
b. Same rollout budget/hyperparameters for GRPO
c. Same step count for DPO

Goal: Safety-align an uncensored model while preserving helpfulness

Goal: Align an uncensored model to be safe while preserving 
helpfulness
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 ⚖️ Training 
Methods

Direct Preference Optimization 
Same step budget 

8× step budget

GRPO Variants 
 Think-SFT + QA-LIGN rubrics Unary 

reward models

Same data and compute budgets 

● 1 epoch
● Same rollout budget/hyperparameters for GRPO
● Same step count for DPO
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Generic Safety:
AdvBench, JailbreakBench, 
ALERT, MaliciousInstruct, 
StrongREJECT, SORRY-Bench

HarmBench Suite:
ZeroShot, DirectRequest, 
Human-JB, GBDA, PEZ, UAT, 
AutoDAN

Metric: ASR ↓
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Human-JB, GBDA, PEZ, UAT, 
AutoDAN

Metric: ASR ↓

 🛡️ Safety

SGX
Culturally diverse safe queries

OR-Bench
Over-refusal test cases across 
10 categories

ARC-Challenge
Science QA

GSM8K
Math word problems

CSQA
Commonsense reasoning

 ✅ Benign Prompts  🧠 Capabilities

Metric: FRR ↓

Metric: Accuracy ↑




Results: ASRs

● QA-LIGN demonstrates superior safety performance with the lowest aggregate attack success rates across safety 
benchmarks.

● Best performance across 12/13 safety benchmarks (Generic + HarmBench)
● Up to 68.7% reduction in attack success rate on MaliciousInstruct vs uncensored baseline
● Matches DPO-800 performance using 8× fewer optimization steps (sample-efficient alignment)




Results: ASRs

● QA-LIGN demonstrates superior safety performance with the lowest aggregate attack success rates across safety 
benchmarks.

● Best performance across 12/13 safety benchmarks (Generic + HarmBench)
● Up to 68.7% reduction in attack success rate on MaliciousInstruct vs uncensored baseline
● Matches DPO-800 performance using 8× fewer optimization steps (sample-efficient alignment)




Results: FRRs and General Capabilities

● QA-LIGN preserves helpfulness while enforcing safety
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● No alignment tax: +4.09% on GSM8K, +2.3% on CSQA vs uncensored baseline
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Conclusion



Our Contributions

● Our framework, QA-LIGN, encodes alignment with interpretable, multi-dimensional rubrics 
rather than a single scalar reward.

● We operationalize a Draft-Reflect-Revise training loop, delivering per-criterion feedback that 
drives targeted improvements.

● Across safety evaluations, QA-LIGN reduces attack success rates while maintaining 
reasoning capabilities and avoiding false refusals on benign tasks.

We believe our findings will facilitate future research on controllable, transparent alignment and the 
importance of decomposition-based reward modeling.




Read our Paper here!

https://arxiv.org/pdf/2506.08123
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