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Introduction
pLarge Language Models (LLMs) demonstrated 
remarkable capabilities,  
pUnderstanding human instructions and generating helpful 

responses.

pThe robustness of current LLMs is still far from promising, 
i.e., the inconsistency problem.

23 PAGES IN TOTAL 3



Introduction

pLLMs generate 
inconsistent answers 
for the identical tasks.

pTwo GPT-4 examples.

pHindering practical 
applications.
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Introduction
pRecent work explored the prompt-sensitive problem.

pThey proposed to optimize the task instruction to elicit 
the best performance.

pWe quantitatively analyze the consistency of the LLMs’
generation.

pWe then propose a novel training framework via 
consistency alignment.
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Inconsistency in LLMs
pConsistency Definition: 

• 𝑄,	 all conceivable linguistic paraphrases; 𝑌, possible responses

pConsistency metrics: consistency rate 𝐶𝑅, and maximum 
consistency rate 𝑀𝐶𝑅
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Ω!is a cluster of consistent responses

sim 𝑦", 𝑦# ∈ {0,1} 



Inconsistency in LLMs
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pConsistency metrics of 
current LLMs on Super 
Natural Instructions.

p Necessity to improve the 
robustness especially the 
smaller one



Training Framework
pSupervised fine-tuning with 
instruction augmentation 
• SFT (IA) for short
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pConsistency alignment training 
with automatic feedback
• CAT for short



SFT (IA)
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pInstruction Augmentation: 
• Prompt LLMs to paraphrase original instructions into several re-phrasings. 
• Prompt: 𝑃𝑎𝑟𝑎𝑝ℎ𝑟𝑎𝑠𝑒 𝑡ℎ𝑒 𝑖𝑛𝑝𝑢𝑡 𝑡𝑜 ℎ𝑎𝑣𝑒 𝑑𝑖𝑓𝑓𝑒𝑟𝑒𝑛𝑡 𝑤𝑜𝑟𝑑𝑠 𝑎𝑛𝑑 𝑒𝑥𝑝𝑟𝑒𝑠𝑠𝑖𝑜𝑛𝑠

𝑏𝑢𝑡 ℎ𝑎𝑣𝑒 𝑡ℎ𝑒 𝑠𝑎𝑚𝑒𝑚𝑒𝑎𝑛𝑖𝑛𝑔 𝑎𝑠 𝑡ℎ𝑒 𝑜𝑟𝑖𝑔𝑖𝑛𝑎𝑙 𝑠𝑒𝑛𝑡𝑒𝑛𝑐𝑒𝑠…	

pSupervised Fine-tuning:
• Training Set                                                          .  𝑘 tasks, 𝑛 instructions, 𝑚 

instances.
• Loss:



CAT 
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pCollecting training pairs: 
• For input 𝑥", utilize the trained model to generate 𝑛 responses for 𝑛 instructions

pSelf rewards:
• Prompt the trained model to give a reward 𝑟" for each response 𝑦"
• Sub-reward: Expected answer type 𝑟"$𝜖 0, 1 ,	with prompt:
• 𝐷𝑒𝑡𝑒𝑟𝑚𝑖𝑛𝑒𝑤ℎ𝑒𝑡ℎ𝑒𝑟𝑡ℎ𝑒 𝑎𝑛𝑠𝑤𝑒𝑟 𝑖𝑠 𝑡ℎ𝑒 𝑒𝑥𝑝𝑒𝑐𝑡𝑒𝑑 𝑎𝑛𝑠𝑤𝑒𝑟 𝑡𝑦𝑝𝑒 𝑓𝑜𝑟 𝑡ℎ𝑒 𝑞𝑢𝑒𝑠𝑡𝑖𝑜𝑛 Q…
• Sub-reward: Correctness 𝑟"%𝜖{0, 1} , with prompt:
• 𝐷𝑒𝑡𝑒𝑟𝑚𝑖𝑛𝑒𝑤ℎ𝑒𝑡ℎ𝑒𝑟𝑡ℎ𝑒 𝑎𝑛𝑠𝑤𝑒𝑟 𝑖𝑠 𝐶𝑜𝑟𝑟𝑒𝑐𝑡	𝑜𝑟	𝐼𝑛𝑐𝑜𝑟𝑟𝑒𝑐𝑡	𝑓𝑜𝑟 𝑡ℎ𝑒 𝑞𝑢𝑒𝑠𝑡𝑖𝑜𝑛 Q…



CAT 
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pSelf rewards: 

pTraining Objective:
• Training pairs: each input 𝑥:, ⋃:,	< < 𝑦<, 𝑦: > where 𝑟< > 𝑟:	⋀𝑟< = 2
• Loss:



Experiments
pExperimental setup

pMain results

pDetailed Analysis

p Human Evaluation
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Experimental setup
pDataset: Super Natural Instructions. Construct test set I/II.

pModels: Vicuna-7B, Vicuna-13B, LLama 2-7B and 
Llama 2-13B
pBaselines: SFT, off-the-shelf LLMs ChatGPT and GPT-4
pEvaluation Metrics: 
• Robustness metrics 𝐶𝑅, and 𝑀𝐶𝑅 on test set I ; 
• Correctness metrics ROUGE-1 and ROUGE-L on test set I/II
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Experimental setup
pImplementation Details:
• Use Vicuna-7B, Vicuna-13B, and ChatGPT to paraphrase the original 

task instructions. 
• Randomly sample 10 instructions * 10 instances for each task.
• Training SFT (IA) using FastChat, with epochs=3, lr=2e-5, etc.
• Self-wards are from LLMs themselves, fine-tunned Vicuna-7B, 

Vicuna-13B, Llama 2-7B, and Llama 2-13B
• CAT, using revised Llama-efficient DPO, with epochs=3, lr=1e-5, 𝜆=1, 

etc. with LoRA.
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Main Results on test set I
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pObservation:
• + SFT > 

Vanilla
• + SFT (IA) > 

+SFT
• + SFT (IA) + 

CAT > + SFT 
(IA)

pEffectiveness



Main Results on test set II 

23 PAGES IN TOTAL 16

pComparison on the standard 
test set.

pObservation:
• + SFT > Vanilla
• + SFT (IA) > +SFT
• + SFT (IA) + CAT > + SFT (IA)



Detailed Analysis
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pThe choice of Rewards:
• CAT using 𝑟:= only or using 𝑟:> + 𝑟:=

• CAT rewards from fine-tunned version or the vanilla Vicuna-13B
• Report the ROUGE values on test set I
• Observation: 𝑟:> + 𝑟:= > 𝑟:=;  A strong LLM is better for rewarding 



Detailed Analysis
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pThe choice of 𝜆
• The performance of diff. 𝜆 in the loss. 

Observations:
• The necessity of 

adding the SFT loss
• The necessity of CAT,  

learning from negative 
generations. 



Detailed Analysis
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pThe performance of diff. number of augmented instructions.
• The size of training set and other hyperparameters are fixed.

Observations:
• The necessity of 

augmenting instr..
• The necessity of 

sufficiently trained 
instances.



Human Evaluation 
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pHuman evaluation on different trained models.
• Report the diff. ratios, and evaluate the diff. responses with 

0/1/2 and report wins, ties, and losses.

• Observations:
• Superior performance when use CAT + SFT(IA).
• A model can be continually improved with additional CAT.



Conclusion
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pWe investigate the robustness of current LLMs in terms of the 
consistency of the generated responses. 

pWe introduce a novel training framework, i.e, SFT(IA) + CAT , 
which helps to boost the robustness of LLMs.

pThe method is self rewarded, without the need for additional 
human guidance or external reward models.

pWe conduct extensive experiments to verify the effectiveness 
of the proposed training framework and each component.



Limitations
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pThe self-rewarding may be limited when it is applied in a less 
aligned LLM.

pThe diversity of the verbalized instructions may be limited 
compared with end-users.
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