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e Limitation of existing few-shot adaption methods:

* In-context learning (ICL) methods:
* Instable performance to the format of prompts
 No learnable parameters to capture the complicated features

e PEFT(LoRA)based methods:
e Overfitting to few-shot data

 Inthis work, we ask:

 Forfew-shot adaptation, how can we develop an efficient method that avoids
overfitting to few-shot data, as commonly observed in PEFT, while also overcoming
ICL's lack of learnable parameters and extra inference cost?
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« Reframing the forward pass as a learnable preconditioned gradient descent
(PGD) parameterised by LayerNorm:

1
Zt—l—l — Zt - PtVE(Zt), Pt — Ft A —

Ot

* Optimization with fast convergence:

T—1
|Z¢ — Ziya |
P pr—
TP =2z =z

* Improving generalization through sharpness-aware regularization:

H(P) = tr(P,V*L(Z:)P/)
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* LLMs learn layer-wise gradient descent in the forward pass
Zt+1 = Zt — nV£(Zt)
S.t. ft(Zt) = _nV'C(Zt) = Attn(Zt)

 Reframe this as as preconditioned gradient descent by treating LayerNorm as
learnable preconditioner P = {P,}1_;

VL(Zy) — :
Ziy1 = 2y —I'y ( ;) ”ta 'y = diag(:)
t
1
Zi—l-l — Zt — PtVE(Zt), Pt — Ft . 0_—
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» Fast Convergence objective:

» Step ratio: optimization efficiency and stability described by:

1Ze+1 = 27\ < pell 2o = 27|, pr <1

* Implicitly optimizing the convergence bound of preconditioned gradient descent
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e Optimizing the local sharpness of loss landscape
* Hutchinson approximation for the preconditioning Hessian trace

H(P) = tr(P,V*L(Z,)P!) ~ -E, [uTPt(Vﬁ(Zt + ePv) — Vﬁ(Zt))]

M= | =

—~
~/

% Z [I/?Pt (VL(Z + ePy;) — Vﬁ(Zt))]

)

The algorithm for this approximation is given in our paper
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« SOTA onvarious few-shot benchmarks when competing with the baseline model

Table 1: Comparison between OFA and other baseline algorithms on Llama2-7B and Llama3-8B-
Instruct. Mean accuracy and standard deviation across five random seeds are reported. Best results

are highlighted in bold.

Dataset | SST-2 SST-5 TREC AGNews Subj HateSp18 DBPedia EmoC MR
Method | Llama2-7B

Zero-shot 83.00 27.00 50.00 70.20 51.40 54.20 72.00 41.80 73.60
Few-shot (ICL) 94.44:|:1_44 41-72:|:3.68 77.32*4_41 85.68:&2_(}{) 52.56:|:3_09 70.24:&5,30 96.64:|:0_48 75.48:|:1_63 93-24:b0.50
Soft-prompt 56.241699 24.241096 55.201414 78.004760 57401493 59.561696 T4.404643 35.084520 54.3211 76
Label-anchor 83.324595 27684401 T7A484349 83.724104 53.004295 64524500 81404367 591241060 84.4045.50
Task-vector 81.44:|:4_73 25.96:|:0_59 65.68*1_93 79.68i4_07 58.565;4_91 67.68:&3,70 89.48:|:2_58 44.64:|:3_53 82.32i5_37
1IA3 93.284299 46.08.017 84401599 87.041197 T1.924g508 72441059 94.684109 64.324195 88.80L1228
12CL 87.684247 39.121049 78564532 85481116 T73.841384 69.881567 90.164185 63.724137 87.6812.926
OFA (Ours) | 95843041 50.361325 85921190 89.00112 88401476 83.0413720 97.724050 76.60103 94.361113

| Llama3-8B-Instruct

Zero-shot 93.00 35.80 71.00 80.40 50.80 67.80 67.40 53.60 86.40
Few-shot (ICL) 96-48:|:0.48 46'72:|:2.54 79-92:|:5.83 89.64i(}_5g 57.48:|:7_08 52.72j:2.35 97'00:|:0.28 65.28i4_29 93.12i0_15
SOft-pI'OIl'lpl 84.68:|:7_71 38-40:|:5.68 75.68*8_17 84.96i3_80 73.28:|:5_41 62.72:&5.54 82.88i5_45 55.32:|:9_74 75-76:b7.71
Label-anchor 93.36:|:2_3g 40.54:|:5_44 78.28:|:4,07 84-64j:1.61 54.16:|:2_25 69.48:&5.43 87.48:|:3_04 59.36:|:2_48 8820:&3.69
Task-vector 94'80:|:2.02 56'42:|:1.15 79.83:|:1_52 89-21j:(}.58 76.08:|:1_23 67.12j:0.32 79.52i1_34 57.96i4_59 86.52i0_54
1A3 94.32, 080 49241006 87.604345 88364180 82.0d1743 T7.204437 92564, g0 68.044004  91.76.40.43
I2CL 90.8410908 48.961045 79.601p20 88.961203 8l.481468 65.881361 91.204203 64.324205 88.8810.41
OFA (Ours) | 97.084027 58321974 89.06.;4 918406 92.641343 8947047 97.924105 79.244,5, 94.56.05
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* Probe analysisabout the properties introduced by our proposed loss function
* Layer wise-accuracy, loss, sharpness and step ratio
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