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Introduction

Cllarge Language Models (LLMs) demonstrated
remarkable capabilities,

CUnderstanding human instructions and generating helpful
responses.

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

Catherine Willows: Okay, no phone, no friends, no nothing.
Lindsey Willows: For how long?

Catherine Willows: A month

Lindsey Willows: Whatever

Catherine Willows: Hey, you want to make it _two _?

\- J

... Use your language skills to determine what the
- element being referred to by the underlined number.
Like _number _ ...

t%l two

‘ ... Employ your knowledge to determine the referent of
@ the highlighted number. The numbers will be marked
with two underlines surrounding like _ number _ ...

’(%1 The referent of the highlighted
ap humber "two" is months
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CILLMs generate
Inconsistent answers
for the identical tasks.

CTwo GPT-4 examples.

CIHindering practical
applications.




Introduction

C1Recent work explored the prompt-sensitive problem.

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

CdWe quantitatively analyze the consistency of the LLMs’
generation.

CIWe then propose a novel training framework via
consistency alignment.
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Inconsistency in LLMSs

C1Consistency Definition:

R = ]ECIi,Qj cQ [Ewa(qz-),yjNY(qj) sim(y;, yJ)H

* (), all conceivable linguistic paraphrases; Y, possible responses

C1Consistency metrics: consistency rate CR, and maximum
consistency rate MCR

1 stm(Yi, Y;
CR= 18] > 2 X (%')y | sim(y;, y;) € {0,1}

QLEQ Y, €Yy y; €Yy, jF#1

e
Qis a cluster of consistent responses
| Y|

1
Qreq
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1.0

Inconsistency in LLMSs

Em MCR
B CR
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CIConsistency metrics of
current LLMs on Super
Natural Instructions.

1 Necessity to improve the
robustness especially the
smaller one




Training Framework

C1Supervised fine-tuning with C1Consistency alignment training
instruction augmentation with automatic feedback

* SFT (lA) for short * CAT for short

______________________________

Co i :
Copy s Instruction Golden __p:/ Instruction | ------+------ oI \ Copy
: Response : i Response !
: : | 4
Instruction |- : Paraphrased I LLM
Paraphraseg Golden | Instruction 1 ' Response 1 | | @ >...>@
Instruction K P
Response i I i (fixed)
+ LLM | SFT
| Paraphrased
Instruction n Responsen |
Paraphrasing IParaphrased Golden |
nstruction n o
prompt |~ Response / Direct Preference Optimization

23 PAGES IN TOTAL



G Co

‘ o » Instruction SEET - - _p Z
| Response :
Instruction |-

SFT (IA)
Instruction T
Response
+ LLM | SFT

Paraphrasing Paraphrased Golden !
*| Instruction n < -

prompt - Response )

Clinstruction Augmentation:
* Prompt LLMs to paraphrase original instructions into several re-phrasings.

* Prompt: Paraphrase the input to have dif ferent words and expressions
but have the same meaning as the original sentences ...

CISupervised Fine-tuning:

» Training Set S = (J, U U;"{a}, =7, y’} . k tasks, ninstructions, m
instances.

*Loss: Lgpt = — Z log P(yi,t|aaxiayi<t)
t

23 PAGES IN TOTAL



______________________________

Instruction f------+------ , Golden | ' Copy
| Response !
P hrased ' v
araphrase .
] o e | ()@@ CAT
(fixed)
LLM
Paraphrased
Instruction n Responsen |-

Direct Preference Optimization

ClCollecting training pairs:

* For input x;, utilize the trained model to generate n responses for n instructions

C1Self rewards:

* Prompt the trained model to give a reward 7; for each response y;
» Sub-reward: Expected answer type 17 €{0, 1}, with prompt:

* Determine whetherthe answer is the expected answer type for the question Q ...
* Sub-reward: Correctness 1 €{0, 1}, with prompt:

* Determine whetherthe answer is Correct or Incorrect for the question () ...
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Instruction | ------+------ ,| Golden | | Copy

Response

Paraphrased

Instruction 1 : Response 1 L LLM @ >...>@
(fixed)

Paraphrased A < A I
Instruction n Responsen |-

Direct Preference Optimization

C1Self rewards:

r 0
ri=<1, rI' =1Ar" =
r 1ATr

CITraining Objective:
* Training pairs: each input x;, U; ; < y;,¥; >wherer; > 1; Arj = 2
* Loss:

Lrank: — Z max(()?pi _pj>

Ty <Tj

L = Lrank + A *Lsft
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Experiments

ClExperimental setup
CIMain results
C1Detailed Analysis

J Human Evaluation
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Experimental setup

[C1Dataset: Super Natural Instructions. Construct test set I/11.

CIModels: Vicuna-7B, Vicuna-13B, LLama 2-7B and
Llama 2-13B

[C1Baselines: SFT, off-the-shelf LLMs ChatGPT and GPT-4

C1Evaluation Metrics:
* Robustness metrics CR, and MCR on test set | ;
* Correctness metrics ROUGE-1 and ROUGE-L on test set I/l
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Experimental setup

Climplementation 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, Ir=2e-5, etc.

e 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, Ir=1e-5, 1=1,
etc. with LoRA.
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Main Results on test set |

CR MCR ROUGE-1 ROUGE-L
GPT-4 0.8303 0.8693 0.3870 0.3751
ChatGPT 0.8134 0.8620 0.3022 0.2744
Vicuna-7B 0.6492 0.7694 0.1385 0.1266
Vicuna-7B + SFT 0.7092 0.8123 0.3782 0.3672
Vicuna-7B + SFT (IA) 0.7753 0.8504 0.3894 0.3757
Vicuna-7B + SFT (IA) + CAT 0.8298 0.8743 0.4187 0.4097
Vicuna-13B 0.7959 0.8589 0.1724 0.1596
Vicuna-13B + SFT 0.8017 0.8490 0.4028 0.3903
Vicuna-13B + SFT (IA) 0.8267 0.8619 0.4131 0.4014
Vicuna-13B + SFT (IA) + CAT 0.8390 0.8804 0.4276 0.4185
Llama2-7B 0.5735 0.7129 0.0637 0.0492
Llama2-7B + SFT 0.7702 0.8308 0.2682 0.2560
Llama2-7B + SFT (lA) 0.7921 0.8475 0.2901 0.2733
Llama2-7B + SFT (IA) + CAT 0.8107 0.8521 0.3012 0.2806
Llama2-13B 0.7151 0.8065 0.0737 0.0627
Llama2-13B + SFT 0.7505 0.8180 0.3085 0.2975
Llama2-13B + SFT (lA) 0.7589 0.8282 0.3379 0.3280
Llama2-13B + SFT (IA) + CAT 0.8100 0.8601 0.3711 0.3502
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C1Observation:

° +SFT>
Vanilla

* + SFT (lA) >
+SFT

* +SFT (IA) +
CAT >+ SFT
(1A)

ClEffectiveness




Main Results on test set |

ROUGE-1  ROUGE-L
GPT-4 0.4506 0.4408
ChatGPT 0.3187 0.3051
Vicuna-7B 0.1702 0.1570
+SFT 0.4085 0.3929
+SFT (IA) 0.4122 0.3984
+SFT (IA) + CAT  0.4391 0.4285
Vicuna-13B 0.2102 0.1972
+SFT 0.4234 0.4071
+SFT (IA) 0.4477 0.4350
+SFT (IA) + CAT  0.4683 0.4417
Llama2-7B 0.0684 0.0513
+SFT 0.2743 0.2614
+SFT (IA) 0.3163 0.2903
+SFT (IA) + CAT  0.3189 0.2977
Llama2-7B 0.0745 0.0643
+SFT 0.3351 0.3215
+SFT (IA) 0.3697 0.3587
+SFT (IA) + CAT  0.4289 0.4066

CdComparison on the standard
test set.

C10bservation:
* + SFT > Vanilla

* + SFT (IA) > +SFT
* + SFT (IA) + CAT >+ SFT (IA)
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Detailed Analysis

CIThe choice of Rewards:
* CAT using rl-C only or using riT + rl-C
e CAT rewards from fine-tunned version or the vanilla Vicuna-13B

* Report the ROUGE values on test set |

T C C

* Observation: r; +1;" >1;7; Astrong LLM is better for rewarding

Rewards ROUGE-1 ROUGE-L
r¢ from SFT 0.4123 0.4051
r< 4+ T from SFT 0.4276 0.4185

r¢ + T from Vicuna-13B 0.3962 0.3877
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Detailed Analysis

CIThe choice of A
* The performance of diff. Ain the loss.
0.60 = roveer | 0 Observations:
—&— ROUGE-1 .
0.55 1 —a- McR [ 095 * The necessity of
-%- CR $ R
050 - 090 § adding the SFT loss
B s oss 2 * The necessity of CAT,
2 & learning from negative
S 0.40 -0.80 & -
S generations.
0.35 - -0.75
0.30 T T T T 0.70

0 0.5 1 10
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Detailed Analysis

CIThe performance of diff. number of augmented instructions.
* The size of training set and other hyperparameters are fixed.

0.65

0.60 A

ROUGE Scores
o o
w (9]
o (6]

o
B
[y

~#— ROUGE-L
—— ROUGE-1
-&- MCR
_________ BT s -%~- CR
k- -A ____________ ‘
k/?%ﬁk

1 10 20
# Instructions per Instance

30

23 PAGES IN TOTAL

0.95 .
Observations:

* The necessity of
augmenting instr..

* The necessity of
sufficiently trained

instances.
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Human Evaluation

C1Human evaluation on different trained models.

* Report the diff. ratios, and evaluate the diff. responses with
0/1/2 and report wins, ties, and losses.

Strategy Baseline diff. win tie lose
CAT+SFT(IA) Vanilla 83 48 44 8
CAT+SFT(IA) SFT 46 32 55 13

CAT+SFT(IA) SFT(A) 27 31 60 9

e Observations:

* Superior performance when use CAT + SFT(IA).
* A model can be continually improved with additional CAT.
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Conclusion

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

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

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

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

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

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