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Introduction

Overview

@ Recent work on prompt-based fine-tuning:

o Multilingual Adaptation (Ma et al., 2023)

o Sequence Labeling: Generalization to Complex Tasks (Ma et al.,
2024)

o Parameter-Efficient Method: Integration with Graph Neural
Networks (GNNs) (Yuan et al., 2024)
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Multilingual Adaptation

We applied prompt-based fine-tuning to zero-shot cross-lingual transfer
learning.

o Prior work: Zhao and Schiitze (2021) implemented prompt-based
fine-tuning in multilingual natural language inference tasks,
(XNLI, Conneau et al., 2018).

o We (Ma et al., 2023) further conducted an extensive comparative
analysis of the cross-lingual transfer capabilities of prompt-based
fine-tuning compared to vanilla fine-tuning.
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Multilingual Adaptation
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Prompt-Based Fine-Tuning: Multilinugal Setting LMU i

@ Training on English data: prompt pattern, verbalizer, fine-tuning by mask token
prediction.
@ Inference in the cross-lingual setting:
e input given in target languages
@ no changes in prompt pattern, verbalizer

cross-lingual transfer

training  — inference
/ \ MPLM
YA I

X X

[ This was a gift for my son. He loved it. ] [ Beim zweiten Gebrauch bereits undicht!!! ]

P(x) l 7 l
[ This was a gift for my son. He loved it. ] 2 [ Beim zweiten Gebrauch bereits undicht!!! ]
In summary, the product was [MASK] .

In summary, the product was [MASK] .
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__Muhilingual Adaptation |
Datasets and Models

o Datasets
e Amazon Reviews Dataset: _
Multi-class sentiment analysis task in 6
languages (Keung et al., 2020) o |
o PAWS-X:

Binary paraphrase identification task in 7 A

languages (Yang et al., 2019) ’ '
o XNLI:

Multi-class natural language inference task

in 15 languages (Conneau et al., 2018)

<
S

HaRudy

<
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good

o Multilingual Models —
o Multilingual BERT model (M) (Devlin = =

et al. , 2019) Figure 3: A prompt example for Amazon Dataset

o XLM-R model (X) (Conneau et al., 2020)
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Main Findings

@ Zero-shot cross-lingual results on full source language fine-tuning:
Slight, but consistent improvement.

Amazon PAWS-X XNLI Avg.

MAJ 20 55.81 33.33 36.17

Direct-mBERT 20.21 45.05 35.05 33.44
Vanilla-mBERT  42.97 80.24 65.05 62.75
PrROFIT-mBERT 43.98 82.16 65.79 63.98

Direct-XLM-R 21.98 51.10 35.68 36.25
Vanilla-XLM-R  54.56 82.51 73.61 7022
PROFIT-XLM-R  54.66 82.73 73.82 70.40
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@ Zero-shot cross-lingual results on few-shot source language
fine-tuning:
Large improvements for Amazon/XNLI.
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Multilingual Adaptation: Summary
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@ In zero-shot cross-lingual transfer:
prompt-based fine-tuning > vanilla fine-tuning

@ Performance improvement is larger in few-shot learning scenarios.
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Sequence Labeling: Generalization to Complex Tasks .
Luow

Motivation

@ Prompt design for sentence classification tasks is not complex,
given that these tasks typically assign a single label to each sentence,
requiring only one prompt per task.

X= [ Works as stated ! ]

!
PO = ‘ [ Works as stated ! ] ‘

In summary, the product was [MASK] .

Figure: Prompting example for sequence classification.

Generalize prompt-based fine-tuning from sentence-level to token-level
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Sequence Labeling: Generalization to Complex Tasks

ToPro

. i

ToProJ@): Token-Level prompt decomposition

@

ToPro

19
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Please give the pos tags of the
sentence: “Works as stated!”.

The pos tags of the sentence:
“Works as stated!” are: ???

“Works”, “as”, “stated”, “!”

The pos tag of “Works” is “VERB”.

The pos tag of “as” is “CCONJ”.

The pos tag of “stated” is “VERB”.

The pos tag of “!” is “PUNCT".

Prompt-Based Fine-tuning

9
@ .

ToPro

) 79
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Sequence Labeling: Generalization to Complex Tasks

ToPro

ToProjeJ: Method

Token-Level Prompt Decomposition

@ Given an input sentence / N T N
X:X]_,XQ,"‘,X,,. {

Works as stated ! \
(x X)=
e Decompose the Sentence X |nt0 n Thepos(agc{ Works |sak|ndof[MASK]
tO ke ns. Works as stated !
T(X,x,)=
¢ ! Thepos(aga! |sakmdof[MASK]
PtT,X):< >
Works as stated !
o APp|}{ the token Ievellprompt r(x,w[mpomw = |sakmdof[MASK]}
function T(X,x;) n times such

that each token x; has a prompt. K [ ot e }
The pos tag o( is a kind of [MASK] %

The prompt pattern used in this example:
T(X,z;) =“ X ThePOStagof x; isakindof [MASK] .
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Sequence Labeling: Generalization to Complex Tasks .
Luow

Experiments

ToPro fine-tuning for zero-shot cross-lingual transfer

o Tasks
o PAN-X for named entity recognition (NER) in 41 languages (Pan
et al., 2017)

o UDPOS for POS tagging in 38 languages (Nivre et al., 2020)

o Models
o Encoder-only Models:

e Multilingual BERT model (M) (Devlin et al., 2019)
o XLM-R model (X) (Conneau et al., 2020)

o Encoder-decoder Model:
o Multilingual T5 model (T) (Xue et al., 2021)
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Sequence Labeling: Generalization to Complex Tasks .
Luow

Experiments

Baselines

e Vanilla Fine-Tuning (Vanilla):
predicts the token labels through the hidden states of each token
in the output layer without using a prompt pattern.

e Prompt Tuning (PT):
only trains the parameters of continuous prefix prompts (Tu et al.,
2022).
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@ ToPro Fine-Tuning outperforms Vanilla Fine-Tuning and
Prompt-Tuning substantially across both tasks.

@ ToPro with mT5 model achieves SOTA performance.

Model Method PAN-X UDPOS

Vanilla Fine-Tuning 62.73 70.89
mBERT  Prompt-Tuning 56.76 69.91
ToPRO Fine-Tuning ~ 81.91 76.16

Vanilla Fine-Tuning 61.30 72.42
XLM-R  Prompt-Tuning 53.05 71.86
TOPRO Fine-Tuning  80.03 76.16

Vanilla Fine-Tuning 64.19 71.38
mT5 Prompt-Tuning - -
ToPRO Fine-Tuning ~ 92.82 86.11

Nie (CIS, LM
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Sequence Labeling: Generalization to Complex Tasks

Generalization to Complex Task Tasks: Summary

ToPro

@ ToPro -LOJ extends prompt-based fine-tuning to sequence labeling
tasks.

@ ToPro outperforms two baselines on NER/POS on a zero-shot
cross-lingual evaluation.
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Background
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@ Prompt-based fine-tuning methods introduced so far are effective,
especially in low-data settings.
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Parameter-Efficient Method: Integration with GNNs .
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Background

@ Prompt-based fine-tuning methods introduced so far are effective,
especially in low-data settings.

@ These methods traditionally employ Full-Parameter Fine-Tuning
(FPFT), which involves adjusting the entirety of a model's
parameters.
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@ Prompt-based fine-tuning methods introduced so far are effective,
especially in low-data settings.

@ These methods traditionally employ Full-Parameter Fine-Tuning
(FPFT), which involves adjusting the entirety of a model's
parameters.

@ However,

o Large Language Models (LLMs) have billions of parameters.
o Updating all these parameters poses a practical challenge.
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Background

@ Prompt-based fine-tuning methods introduced so far are effective,
especially in low-data settings.

@ These methods traditionally employ Full-Parameter Fine-Tuning
(FPFT), which involves adjusting the entirety of a model's
parameters.

@ However,

o Large Language Models (LLMs) have billions of parameters.
o Updating all these parameters poses a practical challenge.

= Parameter-Efficient Fine-Tuning (PEFT):
optimizes a relatively small subset of an LLM’s parameters
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Parameter-Efficient Method: Integration with GNNs

Question

How to develop an effective
prompt-based
parameter-efficient fine-tuning (PEFT) method?
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Parameter-Efficient Method: Integration with GNNs

Question

How to develop an effective
prompt-based
parameter-efficient fine-tuning (PEFT) method?

= GNN For NLP: Navigating Information Flow
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Parameter-Efficient Method: Integration with GNNs

Motivation
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Label words are anchors: Understanding the mechanism of In-Context
Learning (ICL) from an information flow perspective (Wang et al., 2023).

\nﬁo(mation aggrega tiop mfo\vmation aggregat,bn
Shallow
Review: | dislike ... Sentiment: Negative Review: A good ... Sentiment: Positive Review: ... Sentiment: Layers
Label Prediction
Review: | dislike ... Sentiment: Negative Review: A good ... Sentiment: Positive Review: ... Sentiment: L[; 3:?5
Wang et al. (2023)
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Parameter-Efficient Method: Integration with GNNs
LuDWIG-

Motivation

Label words are anchors: Understanding the mechanism of In-Context
Learning (ICL) from an information flow perspective (Wang et al., 2023).

\“gormatlon aggregat,bn \“gom‘\aUOn aggregat,-on
Shallow
Review: | dislike ... Sentiment: Negative Review: Agood ... Sentiment: Positive Review: ... Sentiment: Layers
Label Prediction
Review: | dislike ... Sentiment: Negative Review: A good ... Sentiment: Positive Review: ... Sentiment: L[; 3:':5

Wang et al. (2023)

Two roles of label words as anchors:

o Information aggregation:
aggregating information from preceding words.

@ Information distribution:
propagating information to last token for label prediction.
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GNNNavi: Navigating the information flow in prompt-based
fine-tuning
Full Parameter Fine-tuning:

@ Inspired by the information flow
perspective of ICL, we proposed a
novel prompt-based PEFT method
GNNavi.

o GNNavi is able to:
e navigate the information flow
e save the training resources
e outperform FPFT and other
PEFT methods (LoRA, Adapter, R AR S
Prefix-tuning) in few-shot settings. & & § & &F SEA
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Parameter-Efficient Method: Integration with GNNs
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Pipeline: GNNavi e

a) Positive b) ) GNN Layer
i |

t

’;" Review: ... Sentiment: Positive Review: ... Sentiment: Negative Review: ... Sentiment:

Decoder-only LLM
Decoder Layer e W \y

Decoder Layer e s, 5

GNN Layer . ) S @ Message passing

@ Information aggregation

®© ® Nodes

Decoder Layer

Decoder Layer

Review: the greatest musicians Sentiment: Positive Review: sometimes dry Sentiment: Negative Review: funny yet Sentiment:

a) A GNN layer is inserted into LLM, taking a sentiment analysis task as example.
(Note: Only parameters in the GNN layer are updated in fine-tuning.)

b) The input text is transformed into a graph, with tokens as nodes and information
flow paths as edges.

c) Visualization of the working mechanism of the GNN.

Nie (CIS, LM

Prompt-Based Fine-tuning April 2, 2024 26 /37



Parameter-Efficient Method: Integration with GNNs
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GNN Structure in GNNavi

We adopted two types of GNN architecture in

t the GNN Layer.
GNN Layer @ GNNavi-GCN:
Graph Convolutional Network (GCN) (Kipf
g"Decoder n-th LayerT and Welling, 2017)
Add & Layer normalization <« " h(l,)
i e\ 2, T
i v
Feed Forward v/EN(v)
| S .
o : @ GNNavi-SAGE:
Add & Layer normalization <+ GraphSAGE (Hamilton et al., 2017) generates
t node embeddings for previously unseen data
Self-attention using node feature information.

h) = o (W (h & AGG({A(), v € N(v)})) )

v/

)

hg) denotes the updated node representation of v, h(v, denotes the token representation of its neighbouring nodes from /-th
decoder layer, o is the activation function, W is the trainable parameter of GNN, N(v) includes all the neighbouring nodes of v.

Nie (CIS, LMU
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Parameter-Efficient Method: Integration with GNNs .
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Experimental Setup

GNNavi for sentence classification with few-shot fine-tuning

o Tasks

SST-2: Stanford Sentiment Treebank Binary for sentiment analysis (Socher
et al., 2013)

o EmoC: EmoContext for 4-label emotion classification (Chatterjee et al.,
2019)

o TREC: Text REtrieval Conference Question Classification for question type
classification containing 6 types (Li and Roth, 2002)

@ Amazon: Binary classification for Amazon reviews (McAuley and Leskovec,
2013)

o AGNews: AG's news topic classification dataset with 4 labels (Zhang et al.,
2015)

o Models
o GPT2-XL (1.6B) (Radford et al., 2019)
e LLaMA2 (7B) (Touvron et al., 2023)
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Parameter-Efficient Method: Integration with GNNs

Baselines
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@ ICL: In-context learning with one- or few-shot demonstrations per class.
@ FPFT: Full-Parameter Fine-Tuning.
@ PEFT (Paramter-Efficient Fine-Tuning):

\
¥
Class Label (with linear head)

3 I
A qp % § Transionmer '

| Layer !

. ovimmion | i

N S ke T | ZxFesdoward '
Pretrained H [CLS] Amying mevie | ! ! xFeo: :
a e(CLS]) e(Amazing) e(moive) e(l) ! | |
Welghts + f + + + r ! |
Layer! Prompts .,. : | i

Layer2 Prompts Transformers | ; |

LayerN Prompts ; : H

N
xC———
(a) LoRA (Hu et al., 2022) (c) Adapter (Houlsby et al., 2019)

(b) Prefix Tuning wisnd tiong, 2021)

a) LoRA: Low-Rank Adaptation, reducing training parameters by injecting trainable rank
decomposition matrices into each layer (Hu et al., 2022).

b) Prefix Tuning: incorporating virtual tokens into the LLM and updating only the
parameters of the virtual tokens (Li and Liang, 2021).

c) Adapter: inserting an adapter module to each layer (Houlsby et al., 2019).
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Overall Performance
@ GNNavi outperforms all the baselines on average.

@ The performance improves as training examples increase.

Method #Param SST-2 EmoC TREC Amazon AGNews Average‘#Param SST-2 EmoC TREC Amazon AGNews Average

GPT2-XL | Llama2
k=0
IcL - 5544 648 5468 5332 7212 4841 | - 6755 960 7036 9498 8414 6533
k=5
IcL - 6317 630 5768 5367 5043 4625 | - 8693 2018 4572 9230 8016  65.06
LoRA 25M 9198 50.60 7520 8880  85.20 7836 42M 9542 6420 88.40 9180 8660 8528
Prefix 61M 5913 7346 3202 6000 7540  60.18 303M 5096 5856 21.36 4936 2578  41.20
Adapter 154M  79.82 7600 79.60 9145 8125 8162 198M  50.92 84.05 1880 4945 2480  45.60
FPFT 16B 6213 6130 6528 7300  80.82 6851 6.7B 9463 6192 8172 9586  87.58 8434
GNNavi-CGN 26M 8431 7548 7672 9090 8316 8211 168M 9456 7830 832 9400 8625  86.63
GNNavi-SAGE 51M 8195 7870 7792 8866 8288 8202 336M 9201 8012 80.80 9566 8606  87.11
k =200
LoRA 25M 90.83 80.80 9080 8200 8620  86.13 42M 9129 86.80 9360 9580 9040 9132
Prefix 61M 5092 80.18 69.80 5080  79.08  67.96 303M 4835 8172 4568 5228 2754 5111
Adapter 154M 8865 8070 96.60 9230  89.80  89.61 198M 50.92 8505 8820 4945 8150 6757
FPFT 168 6897 7370 8016 7482 8534  76.60 678 95.64 7990 96.76 9612  91.44 9197
GNNavi-GCN 26M 90.67 7882 9188 9294 8920 8870 168M 9536 8285 9550  96.45  91.05  92.24
GNNavi-SAGE 51M 9046 82.68 9232 9344 8928  89.64 336M 9530 8194 9476 9596 9068  9L.73
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Results: GNNavi
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Influence of Training Sample Size

@ The improvement is particularly pronounced in low-data settings.

- SST-2 —— SST-2
~&— EmoC ~&— EmoC
) 125
1251 - TREC —=— TREC
—8— Amazon 10.0 —e— Amazon
. 10.0{ —*— AGNews L 07 —e— AGNews
75
g 75 g
8 8
g /.—/" E 50
; 5.0 ;
8 8
é 25 5 25
z 2
0.0 S0
0.0+
-25
-25

10 20 50 100 200 10 20 50 100 200

Examples per class

GPT2-XL

Improvement gained by adding training examples for GNNavi-SAGE, compared to performance of 5-shot fine-tuning.

Nie (CIS,

Prompt-Based Fine-tuning

Examples per class

LLaMA2
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Efficiency analysis

Method GPT2-XL LLaMA2

LoRA 25M 4.2M ,
Predix SIM 393M @ GNNavi reduces the number of
Adapter 15.4M - 198M training parameters.
FPFT 1.6B 6.7B

GNNavi-GCN 2.6M 16.8M

GNNavi-SAGE  51M  33.6M

Size of training parameters.

o GNNavi speeds up the training
SST-2 EmoC TREC Amazon Agnews process by a factor of up to 6
GPT2-XL  4.7x 6.3x 4.1x 3.9x 3.4x

Llama2  43x  24x  16x  14x 12x compared to FPFT.
Training acceleration of GNNavi-GCN compared to FPFT.

Prompt-Based Fine-tuning April 2, 2024 32/37



Ablation Study: GNNavi
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Position of GNN Layer

%0 @ The insertion position of the
GNN layer greatly affects the
model’s performance.

o
S

@ Adding the GNN layer within the
first 10 layers results in lower

Accuracy

v
o

401 T2 performance, except for EmoC.
- --- TREC
30 ,—/’ —=- Amazon
— Average @ Performance peaks at around
! IayerinlSGPTZ-Xva:ereGl\lzrgiBszins:rGted . o the 44th Iayer, then deClineS
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Ablation Study: GNNavi

Removal of Information Flow

Remove distribution path: path removed

T T .

Review: ... Sentiment: Positive Review: ... Sentiment: Negative Review: ... Sentiment:

7

Remove aggregation path:

Y
Review: ... Sentiment: Positive Review: ... Sentiment: Negative Review: ... Sentiment:
2

\M

SST-2 EmoC TREC Amazon Agnews Average
81.95 78.70 77.92 88.66 82.88 82.02

-aggregation -0.07 -110 -0.68 +0.56 -0.08 -0.27
-distribution  +3.07 -12.88 -2.44 +1.64 -1.44 -2.41
Nie (CIS, Prompt-Based Fine-tuning

UDWIG-
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Both aggregation and distribution
paths impact performance.

Except for SST-2 and Amazon
binary tasks, removing the
distribution path leads to a
larger performance drop.

These findings suggest the
distribution path is more crucial
for information flow, particularly
in multi-label tasks.
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Parameter-Efficient Method: Integration with GNNs

Further Discussion on Information Flow
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Saliency score:

I = Z ;/m ) } )
OAn BN A
) / \f/\\’ ) w
> (ijyec (i Jg) L L
S = =\et 277
|C| FPFT GNNavi

Comparison of information flow between FPFT and GNNavi for SST-2.
Both models are trained with 5 training examples per class.

@ In FPFT, token interactions with all previous words can cause information flow
confusion without guided navigation.

@ GNNavi follows a GNN-guided information flow, producing stable curves that
represent consistent information aggregation.
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Parameter-Efficient Method: Integration with GNNs

Further Discussion on Information Flow

LUDWIG-

Saliency score:

. O :
/<9Ah/ ey ERRV
) / \f/\\f ) w
E(,"J')GC //(Iv.l) ° * e ° ° * P N
S=—"—F——
|C| FPFT GNNavi

Comparison of information flow between FPFT and GNNavi for SST-2.
Both models are trained with 5 training examples per class.

@ In FPFT, token interactions with all previous words can cause information flow
confusion without guided navigation.

@ GNNavi follows a GNN-guided information flow, producing stable curves that
represent consistent information aggregation.
= GNNavi's role as a navigator, directing information flow in specific

directions.
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Parameter-Efficient Method: Integration with GNNs

Integration with GNNs - Summary

o

@ Inspired by the “Labels are anchors” theory of in-context learning, we
propose GNNavi, a novel prompt-based parameter-efficient
fine-tuning method that incorporates a GNN layer.

@ In language understanding tasks, GNNavi demonstrates superior
efficacy and efficiency over FPFT and other PEFT methods.
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Parameter-Efficient Method: Integration with GNNs

Thanks for your attention!
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