The Power of Scale for Parameter-Efficient Prompt Tuning

Brian Lester, Rami Al-Rfou, Noah Constant

{brianlester, rmyeid, nconstant}@google.com Go gle Research

Prompt Tuning

Efficient Multitask Serving 100 T 100 e s
Prompot Tunin Strong Task Performance A . X'V S —+= 5 —@-— Sampled Vocab
p g p N r N A BeSt Settlngs ( x ) 90 —e- 20 % 90 —x— Class Label f
e Keep pre-trained T5 model frozen. e Prompt length: 100 - ::: igg :%: 0 .
° . ° ° eg 0 ° o o o
e Learn continuous prompts for downstream Model Tuning Prompt Tuning Prompt Design e Prompt initialization: Class Labels 7 3%0 " 5/
tasks, prepended to input embeddings. (a.k-a. “Fine-Tuning) Oure) (e.9. GPT-3) e Pre-training method: LM Adaptation 3 70 / - / g 7 /
e LM adaptation steps: 100K g g : z
Pre-trained Model Pre-trained Model Pre-trained Model P P 2 P 4 : 7 o B - \.
Cl G ith Model Tuni @ Tunable & % Frozen % Frozen 3 ‘§/+/ %
oses Gap wi odel 1unin : '
P 9 Robustness with Scale o e o
e As scale increases, matches model tuning. [(TTTTTT1T11] TTT 1T T 11711 TTT T T T T e For larger models, even S —n
e With <0.01% task-specific parameters! h ~ / —~ —~— : : 10° 10° 101 10° 10° 101
Input Text Tunable Soft  Input Text Engineered  Input Text non-optimal settings do well. Model Parameters Model Parameters
Prompt Prompt (a) Prompt length (b) Prompt initialization
—8— Model Tuning —H- Prompt Design .
—®— Model Tuning (Multi-task)  —x— Prompt Tuning LM Adaptatlon 100 100
100 o . ) ., -m- Span Corruption -m- 0K
e TS5 pre-training uses “sentinel” tokens, 90 uemy Span Cormuption /: 90 ::: ;gi /é
% B .« . . " protrained ) - which are never seen in fine-tuning. 80 MAdaptation ) 80 SRR x/"/
/07 | Efficient Sel‘Vlng Model Tuning Vo] . Prompt Tuning g 70 o . ~ 5 7 / S —
. | i ini o x o X
% . /./: e No model forking _ (11B params) | e Prepare model for prorvptmg !)y.tralnlng R 60— 3 0 563 )
N o / = al] N Mixed-task on standard LM task with realistic text. S g5 m S 5 8
>  / a e Tiny task-specification Task A |22 Task AModel | Batch o e 3 /
O Batch (11B params) | Q40 . S 40 ®
g 70 S o Pre-trained a A
s - e One model for all tasks - . Model 30 \ 30
e X J — & !
Task B Task B Model (11B params)
60 X/ ./. ® Mixed'batCh mUItitaSk Batch (1‘]B params) : 20 ® 20
“ ] inference > ~ | Task Prompts = . . = .
50 B e . (20K params each) 108 10° 1010 108 10° 1010
108 10° 1010 1012 -Ilgiaastlc(:t? c2 | ' Model Parameters Model Parameters

Model Parameters

(¢) Pre-training method (d) LM adaptation steps

Prompt Ensembling & Interpretability
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Prompt Ensembling

e Multi-task serving enables efficient ensembling
by learning multiple prompts for one task.

Parameter Efficiency Interpretability

e For T5-XXL, we add just 0.003% parameters!
e Parameters restricted to input layer (cf. “Prefix Tuning” per-layer).
e Adding ~3% parameters to T5-XXL (cf. “Adapters”) = adding BERT-Large.

e Examined top-5 nearest neighbor tokens by cosine similarity.

10° e Prompt ensemble consistently beats best e Even with random init, label verbalizers often appear in top-5 nearest tokens.
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