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Overview

| Parameter-Efficient Tuning

Why Few-Shot Parameter-Efficient Fine-Tuning is
PEET? —| Better and Cheaper than In-Context Learning
" | (NniPs2022)

https://papers.nips.cc/paper_files/paper/2022/file/0cdet95b83bd186c11d466302888454c-Paper-Conference.pdf

e

How to ¥ Parameter-Efficient Fine-Tuning Design Spaces

(ICLR 2023)
p E FT? https://openreview.net/pdf?id=XSRSWxyJIC

S——

" Distill or Annotate?

onl)’ _| Cost-Efficient Fine-Tuning of Compact Models
Train? | (acL2023)

https://aclanthology.org/2023.acl-long.622.pdf

e
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I = A AX'” Better and Cheaper than In-Context Learning
SOaT L

S_D._O_{IJIO|

PEFT Parameter-Efficient Tuning

ICL

In-Context Learning

PEFT= ICLELI S

olr

= Ei1l =k =L

ME2 PEFTEE=S MIISICH (T-Few)
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Better and Cheaper than In-Context Learning

| ICLOJl CH&HO —

- Enable a single model to perform many tasks immediately without fine-tuning.

- Enable mixed-task batches, where different examples in a batch of data correspond to different tasks
oy using different contexts in the input.

=y

Computational Cost ICL’s unexpected behavior

- model needs to process all of the in-context - ordering of examples in the confext
labeled examples heavily influences the model's predictions

- self-attention operationBts 11246 - ICL can still perform well even if the
kZ0l2| HIOIEI= k-shot ICLGl= A2 in-context example labels are swapped

k2 0l2l HIOIE! k+1JHE XMElol= A1l 232

- For GPT3, 32-shot ICL

b12 tokens per in-context example = 144gb cache * ICL typically produces

inferior performance compared to fine-tuning

132 examples x b12 tokens x 96 layers
x 12288 d_model x 32 bits
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| PEFTOI CHSHO4 —

- JIZENl 20|11 %= adapter JIE| PEFT= EIEOZ ME2 parameterE FJt

resulting in small but non-negligible increases in computational costs and memory.

1[0

- PEFTE 201N 2E0I21 SiL, very little labeled data settingUil i Al= & CHE 10 UKL &
- Few shot setting2 112ist PEFTJI 26IL}



Proposed Method : T-Few recipe

| PEFT strategy : (1A)3

Infused Adapter by Inhibiting and Amplifying Inner Activations

AnHElI= ArS

- must add or update as few parameters as possible fo av
oid iIncurring storage and memory costs

- it should achieve strong accuracy after few-shot training
on new ftasks.

- it must allow for mixed-task batches, since thatis a capab
ility of ICL

mixed-task batchzi=

- P-tuningOILI prompt funing®e Jrs
(task promptE I 201K ALESHA D0

- OlAIEt =01 L2
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Few-Shot Parameter-Efficient Fine-Tuning is
Better and Cheaper than In-Context Learning

]

softmax

XJ [

| € R4

(Berse
oul)

Nonlinearity

Mixed-task batchOl CHoHAl=

TaskUl &= 12 E=5tH CoHM Ar=EoHH =



Proposed Method : T-Few recipe

| PEFT strategy : (1A)3

Conventional

__________________

o : {' Layer
1 Transformer
, Layer IOOOOOOI

Adapter

2x Feed-forward
layer
7 3

Layer Norm

+
Adapter
Feed-forward layer

Multi-headed
attention

___________________

Feedforward
up-project

Nonlinearity

Feedforward
down-project

[eXoXeXoXoXeol
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(1A)3
]

softmax o

[ Nonlinearity ]

) (@
| € R

L(l,+1+1)=L*3xd




Proposed Method : T-Few recipe

A
| at& g

2= labeldd £

=&l labeldd Al

(NJHO| M= [CHE
incorrect target
senfences)

Short Iabel H2ol=
SHNIS sli2dstol 2l
(IengTh normalize
term)
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Few-Shot Parameter-Efficient Fine-Tuning is

Better and Cheaper than In-Context Learning

Liv = —% Zt logp(ytlxa y<t)

N 7(n) ~(n a
D om—12t—1 log(l —p(yg )|x y(<t)))

S T

LyL = —

B(x,y) = & 31, log p(ys|x, y<¢)
exp(B(x,y))

Lin = —log
exp(B(x,y)) —I—Z _; exp(B(x,§(M))

Lim - 60.7
Lim * Ly - 62.71
Lim + Ly + Ly ¢ 63.3



Experiments

BPERIEERN=ER

Algst 38 70 - 3B/11B
(zero shot specialized training o TH)

&l MIEL: few shot 20~70 shots
(GPT31t s<ot M=)

: GPT30IA AFZ22E few shot HIOIEIF SIHEIA
20rM, BIRC] few shot GIOIE AHMIMIEf (&E bHH)

OH

CIOIEIAY: GPT3 25 AR =28t HIOIE A

: COPA, H-SWAG, Story Cloze, ANLI, CB,
RTE, WSC, Winogrande

+ RAFT benchmark

(real-world few shot benchmark)
banking / medical -
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Few-Shot Parameter-Efficient Fine-Tuning is
Better and Cheaper than In-Context Learning
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Layer Norm @ FISH Mask
Compacter @ ntrinsic SAID
Compacter++

Figure 2: Accuracy of PEFT methods with Ly,
and L when applied to TO-3B. Methods that
with variable parameter budgets are represented
with larger and smaller markers for more or less
parameters.
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FLOPs per example

% T-Few B GPT-36.7B
@ To B GPT-3138B
% 15+v ] opPT-31758B

Figure 3: Accuracy of different few-shot learning
methods. T-Few uses (IA)3 for PEFT methods
of TO, TO uses zero-shot learning, and TS+LM
and the GPT-3 variants use few-shot ICL. The
x-axis corresponds to inference costs; details are
provided in section 4.2.
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Better and Cheaper than In-Context Learning
I ICL vs T-Few —
Inference Training Disk Method Acc.

Method FLOPs FLOPs space Acc. T-Feu 75 8%

T-Few 1.1e12 2.7el16 42MB 72.4% Human baseline [2] 73.5%

TO [1] 1.1e12 0 0B 66.9% PET [50] 69.6%

T5+LM [14] 4.5e13 0 16 kB 49.6% SetFit [51] 66.9%

GPT-36.7B [4] 5.4el3 0 16 kB 57.2% GPT-3 [4] 62.7%

GPT-313B [4] 1.0el4 0 16 kB 60.3%

GPT-3175B [4] 1.4el5 0 16 kB 66.6% Table 2: Top-5 best methods on

RAFT as of writing. T-Few is
Table 1: Accuracy on held-out TO tasks and computational costs  the first method to outperform the

for different few-shot learning methods and models. T-Few human baseline and achieves over
attains the highest accuracy with 1,000x lower computational 6% higher accuracy than the next-
cost than ICL with GPT-3 175B. Fine-tuning with T-Few costs  best method.

about as much as ICL on 20 examples with GPT-3 175B. SEC =T

FLOPS: FLoatfing point Operations Per Second T-few= &XI0

AEIEL 85 €38
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I ICL vs T-Few —

FLOPs are not a direct measurement of real-world computational cost
(latency, power usage, and other costs can vary significantly depending on hardware and other factors)

- https://arxiv.org/pdf/2110.12894 pdf (ICLR2022)

However, we focus on FLOPs because it is a hardware-independent metric that closely with real-world costs

with N parameters Input sequence Z0[2] 282 103
ICLOI AAE HIOIE 2012 SRI2 98

- Decoder-only Transformer (c.g. the GPT series) nference:

- |nference: 2N FLLOPs per token T-Few Fequires 1199"103 - 1.1912 FLOPs

- Training: 6N FLOPs per token GPT-317b5B requires 2x175e9x (41 x 98 + 103) = 1.4e15 FLOPs
- Encoder-Decoder Transformer (e.g. TO, Tb)

- Inference: N FLOPs per token Training: (1000 with batch size 8, input length 103)

- Training: SN FLOPs per foken >3 x11e9 x 1,000 x 8 x 103 = 2.7e16 FLOPs

T-few(11B)E =& AlF = K= GPT3 176BUHIA 2074 =0 CHet ICL 2 =2l A 22 HIs0| =L
+ ot50okeE O AT00C=Z TAIZE 3082 2= & -> Microsoft Azure JlE 223 AR


https://arxiv.org/pdf/2110.12894.pdf
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| Main Focus —

ol ZHEE|1 A= HEAQI PEFT HEfS

: Adapter, Prefix Tuning, BitFit, LoRA --- -

Find Underlying design patterns of PEFT

(Rather than developing individual tuning strategy)
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Design Spaces

| Main Focus —

==0HAM &l /= Design Pattern of PEFT

(i)
(ii)
(iii)
(iv)

LayerE E&g8= 5= [, HH JI&=2 HE0610f ot=It? (Group layers in a spindle pattern)

Layerg= &= parameters & H ZE6H0L ot=1? (Allocate evenly among layers)
E&d Layer grouptts st A2 Z= LayerE & AIZ7? (Tune all groups)

Layer8= HH PEFTHEE HEAIZ 7 (Assign appropriate tuning strategies to each group)

Our goal is not to list all possible design choices,

but to show how design spaces can guide parameter-efficient fine-tuning research.
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| Design Space e
SO>Sl 2+ 254 =XHC=E design spaceE s=0{JHHA THE IHSS

SO: Jisst RE MEHX] 118
- stsM=er: Adapfter, Prefix, BitFit, LORA

—1 =
_ St e Layer:  Zlayerdtsis= =122 050

- Layer & frainable parametersC| ~:  Random

OIS MEHK| ZOIM, KHHIEOR MAst 471X JIES St 1007H DS HESIH| MEeH:
E

> HlEfor PEIS0| = HIWE Sof IHE 24
- 24ct IHHE HIE O =, L2 HHCl refining IH-EES HA ST design space 28



Design Pattern

| S1: Grouping Constraints

how to assemble the layers into groups that will be tuned using the same strategy
- TOC| 24 layer 220 CHet variontE 25 026 MERXJE HS AISHA &

- 24HC! layerE, S48 SR6t= 4)4 OECE L0l variant 112
- Ol [H, 47H8l layerdES= HEH X0 [Hot =0| (ex: G1-&6IH layer G4-Fl6IH layer S)

Increasing (Ni+1 > Ni): the number of layers in groups gradually increases:
Uniform (Ni+1 = Ni): the number of layers in groups is the same
Decreasing (Ni+1 < Ni): the number of layers in groups gradually decreases

Spindle (N1 < N2 = N3 > N4): the numbers of layers in groups af both ends are smaller
Bottleneck (N1 > N2 = N3 <N4): the numbers of layers in groups at both ends are bigger

1 ] [ 1

2572, Natural Language Processing
" & Artificial Intelligence

Parameter-Efficient Fine-Tuning

Design Spaces
.

Increasing Uniform Decreasing Spindle Bottleneck
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Design Spaces

| S1: Grouping Constraints e

SEEE
(D randomly sample 100 models from the SO design space that satisfy each grouping pattern constraint

(i fine-tune with 3 epochs
(i) compute the average performance for each design space.

Table 1: Average performance (low-compute, low-epoch regime: 100 random models, 3 tuning
epochs) on the GLUE datasets using the T5-base pretrained backbone. We compare adding different
layer grouping constraints to the Sy design space.

Layer Grouping | SST-2 MNLI QNLI QQP RTE STS-B MRPC CoLA | Avg

So-models | 769 70.1 72.5 73.3 63.6 71.7 73.8 243 | 65.7
Increasing 85.3 74.9 77.2 77.5 66.8 76.2 76.0 33.0 70.8
Uniform 84.8 73.7 78.1 78.6 68.5 77.8 79.2 36.1 72.1
Decreasing 81.9 72.1 78.3 76.7 67.3 75.9 78.6 28.7 70.0
Spindle 86.9 75.5 79.8 79.4 69.8 78.3 80.1 37.3 73.3
Bottleneck 84.5 74.6 76.9 78.1 69.2 76.2 78.6 32.1 71.3

= Applying the spindle grouping partitioning to SO yields the new design space Sl1.
Ex)GL:L1~L3 / G2:L4~L12 / G3:L13~L21 / G4:L22~L24
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Design Spaces

| S2: Trainable Parameters per Layer —

how to allocate the parameters within the layers of each group.

Increasing (ni+1 2 ni): number of frainable parameters per layer increases or remains the same
Uniform (ni+1 = ni): number of frainable parameters in every layer is constant
Decreasing (ni+1 < ni): number of frainable parameters per layer decreases or remains the same

Table 2: Average performance (low-compute, low-epoch regime: 100 random models, 3 tuning
epochs) on the GLUE datasets using the T5-base pretrained backbone model. We compare adding
different parameter allocation constraints to the S, design space.

Param Allocation | SST-2 MNLI QNLI QQP RTE STS-B MRPC ColLA | Avg

Increasing 87.2 77.9 79.4 78.7 71.6 77.6 814 320 | 73.2
Uniform 87.8 77.4 80.1 805 739 78.1 80.4 343 | 74.0
Decreasing 86.4 75.8 78.4 770 704 77.1 78.7 358 | 724

= Allocating the number of trainable parameters to layers uniformly
yields the new design space S2.
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| S3: Selecting the Groups e

whether all groups actually need tuning (HE 1= Xl tuning=ed ZAL1KXI7)

Table 3: Average performance (low-compute, low-epoch regime: 100 random models, 3 tuning
epochs) on the GLUE datasets using the T5-base pretrained backbone model. We compare adding
different tunable group constraints to the S, design space.

Tunable Groups | SST-2 MNLI QNLI QQP RTE STS-B MRPC CoLA | Avg
G1 82.6 72.1 77.6 70.6 65.3 71.9 717.6 27.6 | 68.2

Go 83.3 72.8 717.5 72.8 63.6 72.8 0.5 273 68.4

G3 83.6 3.3 78.2 73.3 66.4 71.3 77.9 229 | 684

G4 83.2 73.0 77.9 7357 63.9 72.0 77.9 279 | 68.7

G1, G 83.5 132 78.0 75.4 67.7 T2 78.0 28.0 | 69.6

Gs, Gy 87.8 74.6 78.3 76.9 68.6 74.3 78.3 28.3 70.7

G1, G2, G3 86.0 75.8 79.0 77.8 71.8 78.8 79.0 330 | 72.6
Ga, G3, G4 85.2 76.6 9.1 78.6 70.1 77.6 79.1 319 | 7122
G1,G2,G3,G4 | 883 77.4 82.1 81.5 74.9 79.4 814 343 | 749

= We will tune all the groups.
We refer to S2 with this additional design pattern as the new S3 design space
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| S4: Selecting Strategies per Group —

2t JZ0H 01 St F2IS M A7

e I ——a N}

Strategy Assignment | SST-2 MNLI QNLI QQP RTE STS-B MRPC CoLA | Avg Strategy Assignment | SST-2 MNLI QNLI QQP RTE STS-B MRPC CoLA | Avg
G1-Adapter (A) 89.8 835 849 808 725 808 785 377 | 76.1 G2-Adapter (A) 91.6 843 855 823 735 828 81.3 388 | 775
G1-Prefix (P) 893 831 844 801 701  80.0 71.6 33.0 | 747 G2-Prefix (P) 89.6 840 8.5 8L5 733 825 80.5 36.2 | 76.7
G -BitFit (B) 89.0 82.9 84.1 814 720 811 77.0 30.8 | 74.8 G2-BitFit (B) 91.2 83.6 85.7 89 726 826 80.8 33.1 | 76.5
G1-LoRA (L) 89.9 83.6 850 81.1 718 810 78.8 353 | 75.8 G2-LoRA (L) 91.4 84.4 86.1 8.0 728  81.8 81.6 398 | 774
Gi1-(P L) 89.1 828 8.1 812 719 815 79.1 350 | 75.7 G2-(P, L) 91.6 846 868 818 738 828 82.0 385 | 717
G1-(A, P) 89.8 828 848 811 722 813 79.2 364 | 759 G2-(A, P) 922 842 871 822 744 830 825 408 | 783
G1-(A,L) 896 838 856 813 729 817 795 368 | 764 G2-(A,L) 920 844 865 818 736 826 822 401 | 779
G1-(A,P,L) 89.6 83.5 852 815 722  8l4 79.2 352 | 759 G2-(A,P L) 91.8 84.8 86.8 818 741  83.0 82.1 379 | 71.7
G:1-(P,B,L) 893 836 85 816 723 810 78.8 35.7 | 76.0 G2-(P,B,L) 91.6 841 871 820 740 829 82.4 358 | 774
G1-(A,P,B) 892 833 848 818 725 81l 78.6 356 | 75.8 G2~(A, P, B) 91.8 842 8.8 8.1 737 833 822 412 | 781
G1-(A, B, L) 89.8 834 848 811 726 816 79.4 34.8 | 75.9 G2-(A,B,L) 922 843 861 820 741 832 82.0 376 | 77.6
G1-(A,P,B,L) 90.0 83.1 853 816 726 814 79.2 36.5 | 76.1 G2-(A,P,B,L) 92.0 84.1 870 819 742 831 81.3 424 | 78.1
Strategy Assignment | SST-2 MNLI QNLI QQP RTE STS-B MRPC CoLA | Avg Strategy Assignment | SST-2 MNLI QNLI QQP RTE STS-B MRPC CoLA | Avg
G3-Adapter (A) 925 83 875 83 739 840 838 449 | 794 Gas-Adapter (A) 938 858 8.6 848 763 858 86.0 485 | 812
Gi-Prefix (P) 9L5 847 867 826 742 838 829 405 | 784 G4-Prefix (P) 935 852 883 836 768 853 856 448 | 803
Gs-BitFit (B) 91.9 843 870 80 736 84l 83.3 36.1 | 77.8 G4-BitFit (B) 941 83 889 844 771 854 862  46.1 | 80.9
Gs-LoRA (L) 928 84 878 835 747 824 84.0 440 | 793 G4-LoRA (L) 940 8.0 892 8.0 772 855 85.8 477 | 813
Gs-(P L) 93.0 852 83 88 752 844 84.2 37.9 | 79.0 G4-(P, L) 943 862 893 858 780  86.0 882 472 | 818
Gs-(A,P) 924 86 881 836 750 842 84.0 418 | 79.3 G4-(A, P) 941 862 896 8.4 779 862 86.9 453 | 814
Gs-(A,L) 920 859 82 831 753 843 83.9 422 | 7194 Gs-(A,L) 942 859 892 855 778 862 88.0 468 | 817
Gs-(A,P L) 926  86.0 875 84 756 846 83.5 439 | 796 Gs-(A,P L) 941 88 888 8.7 774 865 87.9 4438 | 813
G3-(P,B,L) 927 858 872 837 752 845 838 408 | 792 G4-(P, B, L) 946 864 904 861 782 868 885 472 | 823
Gs-(A, P, B) 933 858 886 840 755 849 84.1 421 | 79.8 G4-(A,P,B) 945 860 896 8.0 780 862 88.1 44.8 | 816
Gs-(A,B,L) 937 8.5 8.0 82 758 842 84.2 39.7 | 794 Gs-(A,B,L) 943 864 892 856 782 864 88.3 46.6 | 81.9
Gs-(A,P,B,L) 933 856 877 88 752 843 844 416 | 794 Gs-(A,P,B,L) 942 862 892 859 785  86.1 880 453 | 816

Gll (A, L) — GQ: (A, P) — Ggi (A, P, B) — G4Z(P, B, L)

Adapter is more recommended in groups closer to input,
BitFit is more recommended in groups closer to the output.
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| After Selecting Design Space e

Table 4: Performances of different tuning methods on the GLUE datasets using the T5-base (upper
part) and TS5-3b (lower part) pretrained backbone models, respectively. The results are averaged
with standard deviations as subscripts). The S4-model and the S4-3b-model
perform significantly better than the second-best PEFT methods in all the eight datasets at the sig-
nificance level p < 0.05(x) or even p < 0.01(xx).

Method | SST-2 MNLI QNLI QQP RTE STS-B MRPC  CoLA | Average
full | 952 87.1 93.7 89.4 80.1 89.4 90.7 5.1 | 845
Adapter 94.6 85.5 89.8 86.7 75.3 86.7 89.1 59.2 83.3
Prefix 94.0 81.6 87.8 83.4 64.3 83.1 84.8 34.0 76.6
BitFit 94.4 84.5 90.6 88.3 74.3 86.6 90.1 57.7 83.3
LoRA 94.8 84.7 91.6 88.5 75.8 86.3 88.7 51.5 82.7
Si;-model | 95.5%%  87.6%%  92.7:*  88.81% 80.4%, 87.4%, 91.2%% 62.23, 85.7
full | 974 91.4 96.3 89.7 91.1 90.6 92.5 67.1 | 895
Adapter 96.3 89.9 94.7 87.8 83.4 90 89.7 65.2 87.1
Prefix 96.3 82.8 88.9 85.5 78.3 83.5 85.4 427 80.4
BitFit 95.8 89.5 93.5 88.5 86.2 90.7 88.6 64.2 87.1
LoRA 96.2 90.6 94.9 89.1 91.2 91.1 91.1 67.4 88.9
S4-3b-model | 97.27%, 91.6% 96.67% 89.57% 9155, 91.55. 91.95, 69.75, 89.9
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| Design Space Ablation e

Table 5: Performances of different tuning methods on GLUE datasets using the RoBERTa-base
(upper part) and RoBERTa-large (lower part) pretrained backbone models. The results are averaged
over 20 random runs (with standard deviations as subscripts). Here we also include two baselines:
(i) So-model, where all the designs are randomly selected for ROBERTa as in the Sy design space;
(ii) S3-model, where strategies are randomly assigned to different ROBERTa layer groups as in the
S3 design space. The S4-model and S4-3b-model perform significantly better than the second-best
PEFT methods in all the eight datasets at the significance level p < 0.05(%) or even p < 0.01(xx).

Method | SST-2 MNLI  QNLI QQP RTE STS-B MRPC  CoLA Average
full | 948 87.6 92.8 91.9 80.8 90.3 90.2 636 | 865
Adapter 94.2 87.1 93.1 90.2 71.5 89.7 88.5 60.8 84.4
Prefix 94.0 86.8 91.3 90.5 74.5 90.3 88.2 61.5 84.6
BitFit 93.7 84.8 91.3 84.5 77.8 90.8 90.0 61.8 84.3
LoRA 94.9 87.5 93.1 90.8 83.1 90.0 89.6 62.6 86.4
So-model 94.2 95.3 90.4 90.6 75.6 89.6 88.0 60.9 85.6
S3-model 94.3 87.2 92.8 91.0 81.8 90.3 89.2 63.2 86.2
Si-model | 94.8,¢ 87.8)% 93.4:°, 916, 858]% 904}, 90.0]% 63.2;. | 871
full | 964 90.2 94.7 92.2 86.6 92.4 90.9 680 | 889
Adapter 96.6 90.5 94.8 91.7 80.1 92.1 90.9 67.8 88.1
Prefix 95.7 87.6 92.1 88.7 82.3 89.6 87.4 62.8 85.7
BitFit 96.1 88.0 93.4 90.2 86.2 90.9 92.7 64.2 87.7
LoRA 96.2 90.6 94.7 91.6 87.4 92.0 89.7 68.2 88.8
So-model 95.5 86.5 923 89.8 84.6 89.2 86.3 61.2 85.6
S3-model 96.3 89.4 93.8 90.2 85.9 90.8 90.9 63.4 87.6
Si-3b-model | 96.6]%, 90.87, 95.1;% 92.0]%, 87.2,5 92.33, 91.8], 684}, | 893
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Cost-Efficient Fine-Tuning of Compact Models

| Main Focus —

how fo most efficiently use a fixed budget to build a compact model.

Distillation from LLM
(purchase or rent GPUs to distill LLM)

VS

Annotating more data by hiring annotators
(directly fine-tune a small model)
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Infroduction Distill or Annotate?
Cost-Efficient Fine-Tuning of Compact Models

| Main Focus —

For smaller budgets
- Increase the amount of labeled data

As the budget increases
- Distill using larger unlabeled datasets
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Distill or Annotate?

. . Cost-Efficient Fine-Tuning of Compact Models

| Cost for each Obijective -
Dataset Task #Train  $/Label Total $
. WLP (Tabassum et al., 2020) Named Entity Recognition 11,966 $0.260 $3,111
A NN O'I'CI 1'| on STANCEOSAURUS (Zheng et al., 2022) Stance Classification 12,130  $0.364 $4.415
FEVER (Thorne et al., 2018) Fact Verification 104,966 $0.129 $13,544
C O ST MULTIPIT 14 (Dou et al., 2022) Paraphrase Identification 92,217 $0.200 $18,443
MULTIPIT e, (Dou et al., 2022) Paraphrase Generation 49,673 $0.371 $18,443
NATURAL QUESTIONS (Kwiatkowski et al., 2019) Question Answering 87,372 $0.129 $11,271

Table 1: Data annotation costs for various NLP datasets/tasks.

Google Cloud Jl&
A100 (40GB of VRAM) : $3.75 per 1 GPU hour
COmpuTG'honGl A40 (A]OOED‘ 2 HH Eezu‘l) : $ 18/5H oer 1 GPU hour

Cost Student Model: T5-base
Fine-funing TH-Small (60M) on bK data
takes less than half an hour, which costs approximately $1
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/\ E |7< =
Additional $
Task N (Initial $) Strategy Ann. Performance ( #Additional Data )
Dist. Performance ( GPU Hours/#Unlabeled Data )
+$0 +$100 +$200 +$300 +$500
1K ($260) T5-Small (Ann.) 407 (+0) 50.0 (+384) 53.7 (+769) 57.8 (+1153) 62.7 (+1923)
- T5-XXL [72.4] = T5-Small (Dist.) N/A 71.1 (54h/19K) T1.3 (107h/42K) T0.9 (160h/65K) T0.8 (267h/11IK)
5K ($1300) T5-Small (Ann.) 674 (+0) 682 (+384) 68.6 (+769) 68.7 (+1153) 69.3 (+1923)
T5-XXL [74.2] = T5-Small (Dist.) N/A 65.3 (54h/7K) TL8 (107h/30K) 7T2.4 (160h/53K) T25 (267h/99K)
+$0 +$100 +$150 +$200 +$300
IK ($364) T5-Small (Ann.) 375 (+0) 454 (+274) 455 (+412) 45.5 (+549) 447 (+824)
R T5-XXL [62.5] = T5-Small (Dist.) N/A 54.2 (54h/37K) 54.6 (80h/60K) 563 (107h/82K) 56.9 ( 160h/126K)
SAURUS Bl (550 T5-Small (Ann.) 494 (+0) 507 (+274) 526 (+412) 49.1 (+549) 50.3 (+824)
( ) T5-XXL [69.6] = T5-Small (Dist.) N/A 524 (54h/17K) 55.4 (80h/40K) 562 (107h/62K) 60.5 ( 160h/ 106K )
+$0 +$50 +$75 +$100 +$150
1K ($129) T5-Small (Ann.) 49.7 (+0) 49.7 (+387) 49.7 (+581) 497 (+775) 49.8 (+1162)
S T5-XXL [73.5] = T5-Small (Dist.) N/A 71.3 (27h/54K) T1.1 (40h/86K) T1.6 (S54h/118K) T1.T (80h/182K)
5K ($645) T5-Small (Ann.) 672 (+0) 68.2 (+387) 68.1 (+581) 68.1 (+775) 68.9 (+1162)
( T5-XXL [78.0] = T5-Small (Dist.) N/A 734 (27h/35K) 7T4.1 (40h/67K) T43 (S54h/99K)  T4.8 (80h/163K)
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| AQ HIR JIZE 45 ’ ’
—_— OO I
Model WLP STANCEOSAURUS FEVER MULTIPIT 4 MULTIPITgen WATURAL QUESTIONS
T5-XXL = T5-Small (Dist.) 70.6 ($502) 58.9 (%$279) 74.2 (%$101) 80.9 (%$161) 73.8 ($245) 17.8 ($148)
T5-Small (Ann.) 70.5 ($1,300) N/A 74.0 ($1,032) 81.0 ($1,980) N/A 17.8 (%$3,321)
T5-Small (Ann.) - Upper Bound 71.1 ($1,800) 53.0 (%$2,595) 76.9 ($12,899) 87.5 (%$17,443) 69.3 ($14,469) 26.2 ($9,981)

Table 4: Performances along with (the corresponding budget) of Dist., Ann. that performs the same/similar to Dist.,
and Ann. upper bound by leveraging all existing annotated data. The best performance for each task is in bold.

Annotation dataZ= XICHSE WM&
distillation?] 8s= FHOHEX| =06t=
Annotation=
L5 HIMICH

£0H Distillationg8| &
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| =71 CIOIE K&

T5-XXL = T5-Small (Dist.) T5-Small (Ann.)
WLP
(a) $100 (b) $300 (c) $500
60 60 60
“ 40 Y 40 % 40
20 20 20
100 1000 10000 100 1000 10000 100 1000 10000
N N N
STANCEOSAURUS
(a) $100 (b) $200 (c) $300
55 55 55
* 45 B -
35 35 35
100 1000 10000 100 1000 10000 100 1000 10000
N N N
MuLTiPITGen
(a) $100 (b) $200 (c) $300
o 70 270 270
-d - - |
2 60 © 60 2 60
3 .
i 30 & 50 & 50
[44] [v4] [24]
40 40 40
100 1000 10000 100 1000 10000 100 1000 10000
N N N

Figure 3: Results according to different number of start-
ing annotated data (/V) under fixed additional budgets.
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%7| HIOIE{Jt SEto=
X2 A2H0| ORl 014,

Distillation0| 4 &
Ol = 1HAQl '=<'>“=.='10II:L
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Model Variants —
T5-XXL = T5-Small (Dist.) ®T5-XXL = T5-Base (Dist.) ®T5-XXL = T5-Large (Dist.)
T5-Small (Ann.) T5-Base(Ann.) T5-Large (Ann.)
WLP
709 725 735 o
70 p—— ‘
60 ‘

=2 budgetJI=
.
40
$326 (N=0.17K) $560 (N=17K) $1600 (NV=5K)

MuLTIPITGen 740 753 739 E% AI’OIZO‘" é:hl HA |

70 66.3 65.5

s -i o e DistillationOl H 2 1tA0IH2l

F1

| 56.4 |
%0 o [A3EN B

o | |
30

BERT-iBLEU

M &2 student model3

$337.1 (N=0.7K) $671 (N=17K) $4010 (N=170K)
St oYL
Figure 4: Results with different compact model sizes: Distillation@l 2 H AHXIHZH

Small (60M), Base (220M), Large (770M). For Dist.,
a teacher is fixed (XXL-11B), and the distillation cost is
set to $300. Best viewed in color.
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| GPT3.5 as an Annotator

WLP
70
60
50
E 4 .
40 # T5-XXL = Small (Dist.)
30 T5-Small (GPT-3.5 Ann.)

T5-Small (Human + GPT-3.5 Ann.)
T5-Small (Human Ann.)

20

N s, 5 S,
%

> Y 9 % Soy
Total Cost ($)

STANCEOSAURUS

* T5-XXL = Small (Dist.)
T5-Small (GPT-3.5 Ann.)
T5-Small(Human + GPT-3.5 Ann.)

T5-Small(Human Ann.)

S o T % % %
o 9 % 9 %% 9 %,

Total Cost ()
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Figure 6: Comparisons with GPT-3. 5 annotation. Given
an initial human annotation N={0.I/K, IK, 5K} with
the corresponding costs, $200 is additionally allocated
for distillation or GPT-3.5 annotation (i.e., Human +
GPT-3.5 Ann.).

Data point JI1=0l OtLIZE,
Total budgetE JIEQE M= [

GPT3.5= AIFEIELCT H = 0HA QI
AnnotatorOILC}t

ct, 01& ol distillationE2L= 801 =L
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| Conclusion —
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