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Motivation
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Research Goal

* RLHF I{O| Z2fol 2 EhAlof| et I 24

RLHF pipeline®] 2} B2 CHS0f DJX|= R3S HAR O R £

. In-distribution performance
. Out-of-distribution performance
. Output diversity

=M L&k SFT, RLHF, Best-of-N sampling
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Dataset and Tasks

* Generalization

- Dataset: TL;DR datasetl| HE[™ = HH AL
.25 120,0007H2| Reddit HAlE & 2o = A

- RM &t O|O|E{: Stiennon et al. (2022)0| =%/t MS T [|0|E{ &
.9k 64,000702] R2F H|WZ 0|20 YO human annotator 7t Xt 7|0 M2} MSg|

* Instruction Following task

- Dubois et al. (2023)2| AlpacaFarmOi|A &1t SFT, RLHF & RM 2EZ A2
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Model Evaluation

* Generalization evaluation
- GPT-4E human evaluator proxy= AE

- Preference vs. Reference (PvR)
. GPT-40]|A| model output vs reference output (ground truth) X|A|gt 2,
OfH =30| O LI2X| AFSIEE 5t 57
- Head-to-head Comparisons: & 20| £212 GPT-40] H|A|5}0{ O] 0| O LI2X| ZNSIEE

- 00D Yt} "ot
. QOFE|AA: TL;DR dataset (train) » CNN/DailyMail (O0OD test)
. IF EfA3: AlpacaFarm (train) = AlpacaEval, Sequential Instructions (OOD test)

o3t
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Model Evaluation

* Diversity evaluation
- S OIS HOEY| QIH, 01T 10l Bo| ALRSHS Of2] TN 7 B S A}

- distinct N-grams, Sentence-BERT embedding cosine similarity, NLI diversity
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Experimental Results (GENERALISATION)

*

Summarization
- BoN>RLHF > SFT &A M
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Figure 1: Summarisation Generalisation Results. GPT-4-PvR for SFT, BoN and RL policies, based on LLaMa
7B, trained on the summarisation task. In-distribution is performance on TL;DR, and out-of-distribution is on
CNN/DailyMail, and generalisation gap is ID — OOD performance.
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Experimental Results (GENERALISATION)

* Instruction Following

- AlpacaEval(easy OOD)0[ME= 2E REO| H[=5HA| & QS| X[2F, Sequential Instructions (hard
OO0D) EA0f|= RLHFIF 2 O & Qtts}
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Figure 2: Instruction Following Generalisation Results. GPT-4 PvR for SFT, BoN and RL policies, based
on LLaMa 7B, trained on the AlpacaFarm Self-Instruct instruction following task. ID is on AlpacaFarm Self-
Instruct, OOD is on the AlpacaEval and Sequential Instructions datasets respectively, and generalisation gap is
ID - OOD performance.
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Experimental Results (DIVERSITY)

* Per-input diversity

M
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Figure 4: Per-input diversity metrics for RLHF and SFT models. For these scores the outputs used to
calculate the diversity are a sample of outputs from the model for single input. These per-input scores are then
averaged, as in Eq. (2). Error bars are standard deviation of the per-input diversity score across different inputs.
Note that some plots have broken y-axis for better visualisation.
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Experimental Results (DIVERSITY)

* Across-input diversity

H B0t Chfot AEME, LHE, O{2|E 21X S8 3 4 dot=X
Lo A E B S5 F HYE|= "mode collapse” 24 2

[ 2ts/d1t Chfd AtO[2] trade-off
EAD 7T Sent BERT 7T NLI T
0.900 0.800 0.92
0.875 | 0.7754 M 0.90 - R S
0850 ] ) 0.750 =1 ] 088 2
0.825 0.725 A 0.86 4
0.800 : | 0.700 % : : 3 : :
BoN RLHF SFT BoN RLHF SFT BoN RLHF SFT

Figure 5: Across-input diversity metrics for RLHF, BoN and SFT models. For these scores the outputs used
to calculate the diversity are a set of single outputs from a range of inputs, as in Eq. (3). Note that all plots have
broken y-axis for better visualisation; the differences between SFT and RLHF are much smaller in this case than
in the per-input diversity metrics in Fig. 4. Error bars (where present) are standard deviation of the across-input
scores over different samples from the set of outputs for each input.




sing & Artificial Intelligence Lab

Copyright © 2024 Natural Language Proces:

PAFT: Prompt-Agnostic Fine-Tuning

Chenxing Wei'®, Mingwen Ou°, Ying He?', Yao Shu”!, Fei Yu*

TCollege of Computer Science and Software Engineering, Shenzhen University, China
°Tsinghua Shenzhen International Graduate School, Tsinghua University, China
%Guangdong Lab of Al and Digital Economy (SZ), China
‘Hong Kong University of Science and Technology (Guangzhou), China
tSchool of Information Technology, Carleton University, Canada
weichenxing2023@email.szu.edu.cn, yaoshulRhkust-gz.edu.cn




Copyright © 2024 Natural Language Processing & Artificial Intelligence Lab

Motivation
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The average accuracy using this prompt is 86.27%.
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The average accuracy using this prompt is 66.93%.
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Motivation

* Research Gap

- 7|& fine-tuning task semantics O| Ozl prompt surface pattern et&
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Contribution

L
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Overview

* PAFT

* Traditional Supervised Finetuning

Step1 : Conversation Dataset construction Step2 : Supervised Finetuning
le > la Py |
| >|< >|
. - o
@ | Special Prompt @ | Training ‘g'
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[ e e i R e R |

* Prompt-Agnostic Finetuning

Stepl : Candidate Prompts Construction Step2 : Dynamic Finetuning
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Preliminaries
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Figure 3: This figure presents experimental results across four datasets comparing base and SFT model performance
on 450 diverse prompts (both human-written and LLM-generated). Probability distribution plots reveal that despite
SFT’s overall accuracy improvements, substantial performance variability persists—certain prompts yield markedly
lower accuracy, with high standard deviations indicating significant prompt-dependent fluctuations. These findings
underscore crucial impact of prompt and demonstrate the necessity for prompt-agnostic fine-tuning approaches.
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Candidate Prompt Construction

* Diverse LLM Ensemble

- pre-training data, architectures, and optimization objectives 2| XtO|0| A &= task
interpretation 2| 1R3¢t HEEE LASE| f{s Lot g 522 218 10 20| LLM ALE
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Candidate Prompt Construction

* Dual Prompting Strategy

7| 28 few-shot &! zero-shot 7|8 dgt
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Dynamic Fine-Tuning

*

Dynamic Fine-Tuning Algorithm

P: Candidate Prompt Training Set

D: Task-Specific Dataset

T: Number of Training Epochs

K: Number of Same Prompt Training
62: Initialized Trainable Parameters
ng: Learning Rate

Algorithm 1 The PAFT Framework

1: Input: Generate a good candidate prompt training set [P;
A task-specific dataset [D; The number of training epochs
T'; The number of same prompt training K; Initialized
trainable parameters 63; Learning rate 7

2: Output: Fine-tuned model parameters 6*.

3: for eachepocht =0to 7 — 1 do

4:  p <« RandomlySample(lP) // Randomly select a

prompt from the candidate set
sH k < 0 // Initialize the step counter
6:  for each data point (z,y) € D do

7 | «+ InputConstruction(z,p) // Construct in-
put using prompt p and data x
8: OF 1 0F — eV ol(0, Dlo—ox
9: k < k + 1 // Increment the step counter
10: if £ mod K == 0 then
11: p < RandomlySample(PP)
12: end if
13:  end for
14: 6?2, « 6%
15: end for

16: return 6* = 6%
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Experimental Setup

* Datasets

Reasoning 8! Language Understanding

. HellaSwag: &4l 7|8t =2 52 IOt
. Winogrande: 224 2|5 210 O[3l 5= IO}
RACE: B¢ 8l =2|™H X2 &

—

Specialized Capability Evaluation

.HumanEval: 2 & M4 5= ™It

. T-Eval: Tool Af2 5= ™I}

. XStory-Cloze: tizt B! multilingual reasoning 2}

Mathematical Reasoning

.GSMS8K: =3t 2X| |2 5= ™o}t
. Geometry3k: 2&& 48t 22 524 IO}
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Experimental Results

* Prompt Robustness

Methods Hellaswag PIQA Winogrande RACE-mid RACE-high Average

Metric Mean  Std Top | Mean  Std Top | Mean Std Top | Mean  Std Top | Mean  Std Top | Mean  Std Top
Base Model | 4736 +9.78 0% | 74.68 +6.24 0% | 45.15 +£11.78 0% | 7139 +733 0% |67.62 £6.78 0% | 61.24 =838 0%
User 9235 +278 0% | 77.87 +236 0% | 78.16 +7.97 0% | 79.88 +632 22% | 81.05 =+445 4% | 81.86 =478 5%

TopAccuracy | 9127 +£2.79 86% | 7596 +389 0% | 66.77 +£3.94 0% | 84.81 +4.06 59% | 8245 £3.26 14% | 8025 +£3.63 32%
BATprompt | 9030 £1.79 78% | 8341 £1.74 16% | 69.01 +4.45 0% | 8392 4538 65% | 81.33 £421 12% | 81.56 £3.51 34%
Z0PO 9246 +243 86% | 83.52 +2.23 27% | 7475 £3.81 0% | 83.50 4505 51% | 8236 £4.53 35% | 8332 +3.61 40%

PAFT 93.83 +0.70 100% | 89.33 +0.63 100% | 82.09 +0.81 100% | 87.26 +2.23 94% | 8517 =171 73% | 87.57 =£1.57 94%
— Improv. | +1.37 -1.09 14% | +581 -1L11  73% | +3.93 -3.00 100% | +2.45 -1.83 29% | +2.72 -1.55 38% | +425 -194 54%

Method HumanEval Xstory_cloze Geometry3k T-Eval GSMSK

Base 41.31(+ 10.36) 48.23 (£ 8.36) 32.17 (+ 15.36) 58.97 (£ 14.03) 74.36 (£ 21.37)
SFT 49.63 (£4.31) 54.77(+£4.79) 3794 (+6.17) 7037 (£ 8.14) 81.47 (£ 13.24)
PAFT 54.24 (+ 1.36) 60.27 (£ 0.73) 40.19 (+ 1.27) 73.17 (£ 3.27) 85.71 (+5.93)

< Improv.  +4.61 (-2.95) +5.50 (-4.06) +2.25 (-4.90) +2.80 (-4.87) +4.24 (-7.31)
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Experimental Results

* Inference Efficiency

Table 3: Comparison of inference time (in hours) for
different fine-tuning methods. PAFT shows better infer-
ence efficiency than other methods. The last line shows
the multiple of PAFT improvement.

Inference time/h Hellaswag PIQA Winogrande RACE Average

Base Model 3.97 1.35 1.72 6.24 332
User 6.52 0.98 3.27 8.23 4.75
TopAccuracy 5.75 1.13 2.76 7.56 4.30
BATprompt 4.57 1.57 3.14 7.98 4.32
ZOPO 5.12 0.87 3.23 8.28 4.38
PAFT 1.19 0.39 0.45 2.08 1.02

> Improv. x3.3 x2.23 x3.82 x3.00 x3.25
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Experimental Results

* Hyperparameter Robustness.

J|2 MBI K = 4, T = 3)0& | |50l M58 o4, BE EHATM B2 HBE 87.46%(+1.34)

PAFT= otO|HIl2(0|E &2l ERES ¢, & 0HE=|AH0| 1S 22 &

m)—
o

Table 5: Performance comparison of PAFT with varying hyperparameters K (number of iterations per prompt) and
T (number of epochs) across multiple reasoning and reading comprehension tasks. Results are reported as mean
accuracy (= standard deviation) on the Hellaswag, PIQA, Winogrande, RACE-mid, and RACE-high datasets. The
best results for each metric are highlighted in bold.

3
=
-+
s

f & Hellaswag PIQA Winogrande RACE-mid RACE-high

3 9358(+1.47) 89.33(+£0.63) 81.78(+1.11) 86.30(+2.73) 84.35(+2.24) 87.07 (+ 1.64)
3 9359(+£1.24) 88.37(+£0.49) 82.09(+0.81) 86.30(+2.64) 84.02(+2.24) 86.87 (£ 1.48)
3 9383 (+£1.10) 89.07 (+£0.53) 81.96(+ 1.15) 87.26 (+2.23) 85.17 (£ 1.71) 87.46 (+ 1.34)
3
6

Average

93.83 (£ 0.70) 88.99 (£ 0.59) 82.69 (£0.97) 86.25(+2.75) 84.36(+2.06) 87.22 (% 1.41)
9337 (£ 1.47) 88.32(+£0.68) 81.05(x3.44) 84.40(+2.30) 83.34(+1.66) 86.10 (£ 1.91)

RARRRR
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Experimental Results

* Impact of Training Prompt Quantity

Figure 8: Scaling Law of Training Prompt Numbers: Mean and Standard Deviation of Accuracy Across Different
Datasets. The x-axis represents the number of prompts on a logarithmic scale, while the y-axis shows the mean

Mean of Accuracy(%)
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[ ——— Mean of Accuracy(%)

Std of Accuracy(%)

accuracy (left) and standard deviation of accuracy (right) for each dataset.
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