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Source Model: GPT-2-Large

Method Counterpart Original Transfer
GPT-2-XL. OPT-2.7B LLaMA-3.2-3B LLaMA-3.2-3B-Instruct
Empty - 75.92 72.94 73.39 70.87 73.28
Random - 64.47.457 | 67.3913.99 68.44.5 95 62.43.5 40 63.05.5.28
Baseline (PEZ) - 81.54.107 | 71.8346.12 71.5143.01 64.13.3.65 66.44 .4 30
Baselinepruned - 76.47:5_96 71.7717.31 68.65i4_13 62.87:5_44 63.28i3.73
CommonVocabpmned LLaMA-3.2-1B-Instruct | 80.304150 | 72.20:370 72.1344.70 66.58.3.12 68.07.47.05
CommonVocabpmned OPT-1.3B 77.16ig_77 70.1 116.76 71 .88i3.92 65,67i1_82 66.88;598
Ours LLaMA-3.2-1B-Instruct | 82.414224 | 74934403 73.6943.18 61.47.455 67.68..4.50
Ours OPT-1.3B 82.3412.51 73.8819‘14 73-6018.65 68.3513.43 69.7015.55
*2: 7—&XLty I AGNEWS
Source Model: OPT-1.3B
Method Counterpart Original Transfer
GPT-2-XL OPT-2.7B LLaMA-3.2-3B LLaMA-3.2-3B-Instruct

Empty - 32.71 52.42 52.18 43.22 41.13
Random - 36. 14i2,44 57.26i4'37 55.7614_76 42.5514 26 40.74i0.7o
Baseline (PEZ) - 53-334;3.20 56.61i6'4() 49.7919'30 42-7110.68 41~02i0.86
Baselinepruned - 49.85i2' 18 59.98i4'27 57 .0614'59 43,07i 1.88 40-964;0.46
CommonVocabyryned | GPT-2-Large 52.39.0.00 | 59.771:5.15 56.89.580 42.78.1 96 41.6941 35
CommonVocabyryped | LLaMA-3.2-1B-Instruct | 52.49:151 | 56.87:500 48.6019.07 41.8147.20 41.82.0.88
Ours GPT—Z—LaI’gC 55.2911_55 63.2813.75 59.5215_03 42.68i 1.46 43-4711.08
Ours LLaMA-3.2-1B-Instruct | 53.71+176 | 60.891256 55.95.5.09 41.92.1 45 42.38..0.80
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Source Model: GPT-2-Large

Method Counterpart | Prompt
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Ours OPT-1.3B seed1: negatively collect reform talent give movie improve achievement in 1980
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seed4: 2009 this mediocre 396 music utilize Music analyze Best competition

seedS: create emotional fearful boring dull boring characters this an true

% b\l 57z, BEFEICOWT, Ours I& Counterpart 73
OPT-13B DI5H, 4 DDX =7y P ETLFTRTT
Baseline % 2[A] 5 7z. Counterpart 2% LLaMA-3.2-1B-
Instruct DA, LLaMA-3.2-3B \DIEE DR FIX IR
ENTHo7edbDD, X -7y PEFTLTER
USRS o S TNCY

5.2 AGNEWS DfER

AGNEWS IZBWT OPT-13B YV —XETILE L
27y P Fa—= v B EBERER2
27”9, Ours X Original IZBWT, SST-2 L [AkEY
% 5 @D Counterpart (23T b Baseline D E % L
[0 5 7z. %7z, Baselinepuned (& X —7 v M ETIZ
X o Tld Baseline % LA 255 H D, KXRAVIZ
BOLWTIXHRRZE M ORI 72 M NS HERE LR 5 Z
Y ERT. I L T, GPT-2-XL, OPT-2.7B,
LLaMA-3.2-3B-Instruct N\ DELFZIZ B\ T BEF2 MR
%R$— T, LLaMA-3.2-3B N\ DHif5 Tl SST-2
CEBROTRDOFES Empty & NE - 72,

5.3 FEROMER

Original DAHFR L D, BRFIEIIPEZ v > 7 b
Fa—=r7HRDOHREZG | Z LT 5 Z L R X
na.

EBIZOVWTHIREFEI R MR EZ R L 2
73, Counterpart ¥ X —% v M ET L DHAGD
BIKET 2P AN, 2, YV—RE
7 )L & Counterpart [l TEEEHRFERE T IERTE T
b, =7 v FETAAIORBZEMEEDOMHEDON
FWRELERZGEICE, ZOEREEGHDHT
LOBEMHEL R WD LMBRTE 5. KT
LLaMA-3.2-3B \D#LFS T Empty % LRI WERE
BHBZEE, ETAT—FT7F ¥ DENKZWV
Ba, 7ury 7 MiBOATIIRANES Z & 2R

— 3206 —

23 %.

6 7O>7 O

Ours, Baseline TIEE Nz v > 7 b &S
%. Rakotonirina & [7] &, ST ZHHFEN T 1~
FRZEENB RIS WVIZY, ETUETIEL
RITWHADLD B EMELTWS. £ I TARIHT
X, REfbEhiTar TS N BEET L HEHFEE L
THERAEETH Z2REICEHL, ZOMEA %ML
ERAE

R3CR#ELEZEO T Y T MERT. RTIES O
DY — METHIT L TRELI =T v > 7 b DR
RezhrzhiddhLTBh, XHI»RELS
EXBIANENC {unknown} ¥ ZCRT 5.

Baseline Tk L7=7 v > 7 M, XF LT T
5 XD REER <pad>"D LD R N —F v ERT
FEBEALTWABIED, "uf"S°"LucMor" 7 ¥ —fi%
TRWVENEENLMHADD 5. —77, Ours T
bL7=7 v v 7 MIHEERAL TR T Z 238050
2TxE 5D, HEHER L 8 T#& 2 % & Rakotonirina
5[ DFREAET 5.

o T, AFETHRELEINS T > T MIEK
DEFALTIELEZT 0 F R TH B Z e hREE
N, ZNDPEBAOEMEE R T K OAREMED D
505, FEBMEEIXSHROMETH 5.

7 &HOHIC

AIFFETIX, EEE T NETHDIAAZEM DI
WIEDEM T 2 FEREICHRR M 2 HIR L /en—F 7
0y SN Fa—=rIh, TSR MEREIC NIE

BRI L 72, EBROMER, FEDET LA
EHETRERREREOREIHRE I, X517
0y b a—=V KIS ERTDH 2 A[REMED
R XN,

This work is published without peer review and
is licensed by the author(s) under CC BY 4.0
(https://creativecommons.org/licenses/by/4.0/).



8

HE

AL, HRERAARFDRA— S —a P a—X&
TSUBAME4.0 % F|f U TE5EHM L 7-.

BE Xk

(1]

(2]

(3]

(4]

(5]

(6]

(7]

(8]

[9]

[10]

[11]
[12]

Taylor Shin, Yasaman Razeghi, Robert L. Logan IV, Eric Wal-
lace, and Sameer Singh. AutoPrompt: Eliciting Knowledge from
Language Models with Automatically Generated Prompts. In Pro-
ceedings of the 2020 Conference on Empirical Methods in
Natural Language Processing (EMNLP), pp. 4222-4235, On-
line, November 2020. Association for Computational Linguistics.
Brian Lester, Rami Al-Rfou, and Noah Constant. The power
of scale for parameter-efficient prompt tuning. In Proceedings
of the 2021 Conference on Empirical Methods in Natural
Language Processing, pp. 3045-3059, Online and Punta Cana,
Dominican Republic, November 2021. Association for Computa-
tional Linguistics.

Zexuan Zhong, Dan Friedman, and Danqgi Chen. Factual prob-
ing is [MASK]: Learning vs. learning to recall. In Proceedings
of the 2021 Conference of the North American Chapter
of the Association for Computational Linguistics: Human
Language Technologies, pp. 5017-5033, Online, June 2021.
Association for Computational Linguistics.

Mingkai Deng, Jianyu Wang, Cheng-Ping Hsieh, Yihan Wang,
Han Guo, Tianmin Shu, Meng Song, Eric Xing, and Zhiting Hu.
RLPrompt: Optimizing discrete text prompts with reinforcement
learning. In Proceedings of the 2022 Conference on Em-
pirical Methods in Natural Language Processing, pp. 3369—
3391, Abu Dhabi, United Arab Emirates, December 2022. Asso-
ciation for Computational Linguistics.

Yuxin Wen, Neel Jain, John Kirchenbauer, Micah Goldblum, Jonas
Geiping, and Tom Goldstein. Hard prompts made easy: Gradient-
based discrete optimization for prompt tuning and discovery. In
Thirty-seventh Conference on Neural Information Process-
ing Systems, 2023.

Zijun Wu, Yongkang Wu, and Lili Mou. Zero-shot continuous
prompt transfer: Generalizing task semantics across language mod-
els. In The Twelfth International Conference on Learning
Representations, 2024.

Nathanaél Carraz Rakotonirina, Roberto Dessi, Fabio Petroni, Se-
bastian Riedel, and Marco Baroni. Can discrete information ex-
traction prompts generalize across language models? In ICLR,
2023.

Johannes Hellrich, Bernd Kampe, and Udo Hahn. The influence
of down-sampling strategies on SVD word embedding stability.
In Anna Rogers, Aleksandr Drozd, Anna Rumshisky, and Yoav
Goldberg, editors, Proceedings of the 3rd Workshop on Eval-
uating Vector Space Representations for NLP, pp. 18-26,
Minneapolis, USA, June 2019. Association for Computational Lin-
guistics.

Alec Radford, Jeff Wu, Rewon Child, David Luan, Dario Amodei,
and Ilya Sutskever. Language models are unsupervised multitask
learners. 2019.

Susan Zhang, Stephen Roller, Naman Goyal, Mikel Artetxe, Moya
Chen, Shuohui Chen, Christopher Dewan, Mona Diab, Xian Li,
Xi Victoria Lin, Todor Mihaylov, Myle Ott, Sam Shleifer, Kurt
Shuster, Daniel Simig, Punit Singh Koura, Anjali Sridhar, Tianlu
Wang, and Luke Zettlemoyer. Opt: Open pre-trained transformer
language models, 2022.

Aaron Grattafiori, et al. The llama 3 herd of models, 2024.
Richard Socher, Alex Perelygin, Jean Wu, Jason Chuang, Christo-
pher D. Manning, Andrew Ng, and Christopher Potts. Recursive
deep models for semantic compositionality over a sentiment tree-

[13]

[14]

[15]

— 3206 —

bank. In Proceedings of the 2013 Conference on Empirical
Methods in Natural Language Processing, pp. 1631-1642,
Seattle, Washington, USA, October 2013. Association for Compu-
tational Linguistics.

Alex Wang, Amanpreet Singh, Julian Michael, Felix Hill, Omer
Levy, and Samuel R. Bowman. GLUE: A multi-task benchmark
and analysis platform for natural language understanding. 2019. In
the Proceedings of ICLR.

Xiang Zhang, Junbo Zhao, and Yann LeCun. Character-level con-
volutional networks for text classification. In Advances in Neural
Information Processing Systems, 2015.

Noam Shazeer and Mitchell Stern. Adafactor: Adaptive learning
rates with sublinear memory cost. In Proceedings of the 35th
International Conference on Machine Learning, Vol. 80 of
Proceedings of Machine Learning Research, pp. 4596-4604.
PMLR, 10-15 Jul 2018.

This work is published without peer review and
is licensed by the author(s) under CC BY 4.0
(https://creativecommons.org/licenses/by/4.0/).



Fd4: F—&tw I SST2

Source Model: LLaMA-3.2-1B-Instruct

Method Counterpart Original Transfer

GPT-2-XL OPT-2.7B LLaMA-3.2-3B LLaMA-3.2-3B-Instruct
Empty - 82.11 72.94 73.39 70.87 73.28
Random - 75.48t2_35 62-2717.60 61 -90¢4.21 63.51i3.75 63.26t3_65
Baseline (PEZ) - 80-2311.68 68.5119,52 68.0315,96 68.0716'31 74.0812,37
Baselinepruned - 80.34t2_19 63.58i7_56 67.57i4_93 68.30i6,24 71 .01t2_97
Ours GPT—Z—Large 80. 16t2_00 72.8915.07 72.0612_15 67.55i3.19 73-51t3.54
Ours OPT-1.3B 82.68.329 | 70.30.743 70.71.6.92 70.05.+4.96 72.84.43 16

x5 7—Xtv I I AGNEWS
Source Model: LLaMA-3.2-1B-Instruct

Method Counterpart Original Transfer

GPT-2-XL OPT-2.7B LLaMA-3.2-3B LLaMA-3.2-3B-Instruct
Empty - 41.13 52.42 52.18 43.22 41.13
Random - 26.3410_37 55-0315.36 49.4715_73 43.2411_21 40.6110_41
Baseline (PEZ) - 29.4011.01 56.6713,22 49. 1311_94 43.861225 42.5012,15
Baselinepmned - 28.9?&0.94 53-7312.02 45-5115.85 41.9310.42 41-5710.56
Ours GPT—2-Large 29.2410_34 60.63i4.24 55.62i5.21 41 .4210_37 42.6910.97
Ours OPT-1.3B 29. 1Oi().27 57-4416.32 53.0814_87 41 .8612'63 42.8411,35

#£6: AV T NFa— DRI A&

Parameter Value
Learning rate 0.3
Training steps 5000
Train batch size 16
Optimizer Adafactor[15]
The number of soft token 10
T BEFHED AT X=X
Parameter Value
Vocabrary to be pruned m 8192
kNN value K 64
Number of iterations L 5
Top-k value s 8192

A EEBRNSA—42
F6ITOY TS NFa—o T DNRT R —RE R
T, i, RTCEEFEORIX—ZERT. 5
ENERF R 22 IR I & D IRRFIED T X — X3 [H
ELRD, REEOEHZED 5.

B LLaMA-3.2-1B-Instruct D& R

YV — ZEF )% LLaMA-3.2-1B-Instruct ¥ U7z D
EREE 4, R51R7.
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