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Introduction

Pretrained language models (PLMs) have significantly improved the performance on

various NLP tasks

Finetuning PLMs on low-resource texts poses significant challenges
o High variance in performance for different final layer weight initializations

o Prone to overfitting leading to poor generalization on test set



Prior Methods

Encourage proximity to pretrained weights
o Weight Decay [1], RecAdam [2], Top-K-layer Finetuning [3], Mixout [4]
o Finetuning only a sub-network chosen based on empirical Fisher Information matrix (FIM)
m  Child-Tuningp [5], DPS Dense [6]

m  Promising direction with improved results



Prior Methods

Empirical FIM-based sub-network selection: Green edges indicate weights that are

finetuned on the downstream task, while red edges indicate frozen pretrained weights.



Limitations

Low-resource scenarios
o Data scarcity can skew the gradients used to compute the FIM, leading to sub-optimal sub-
network selection [7].
o [8] theoretically shows that empirically determined FIM deviates significantly from the true FIM

when sample size is low.



Method: Motivation

Deviate from prior empirical FIM based selection.



Method: Motivation

Many choices for sub-networks! How to select an optimal one?



Method: Motivation

Evaluate on downstream task
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A combinatorial problem of selecting an optimal sub-network based on the performance on

downstream task.



Method: Motivation

Need for computationally efficient approach!



Method: Motivation

Given a sub-network (set of green edges), learn the

%) task-specific weights on training dataset

Evaluate on downstream task

90% Vv 80% 70%

Evaluate on a held-out set and update the sub-network

Continuous optimization of sub-network and task-specific weights based on the downstream task performance ,,



Method: Attention Guided Weights Mixup

For a given sub-network, W, are the pretrained weights and W are the task-specific

A =45

Weights on the red edges can be writtenas, 0O W +1 0O W,

weights

Weights on the green edges can be writtenas, 1O W + 0 ®O W,

© denotes the element-wise multiplication operation
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Method: Attention Guided Weights Mixup

W=gW,a,W)=aOW+(1—-a)W,

o Represent each weight as a linear interpolation of pretrained weight W, and task-specific weight W

o areferred to ‘attention parameters’ in this work, determines the chosen sub-network

m If a =1 then the corresponding weight belongs to the sub-network to be finetuned

m If a =0 then the corresponding weight is assigned to the frozen pretrained weight

(@)

W depends on the chosen sub-network, i.e., a

o In this formulation, a € [0,1] allowing a transition from discrete to continuous sub-network selection
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Method: Attention Guided Weights Mixup

M a0, 1
= ///)\/,I '
O O O

m Continuous relaxation of sub-network selection

o a€[0,1]

m Edges are depicted in shades of red and green

m If a closer to 0 then the corresponding weight has more influence of pre-trained weight and vice-versa

o Goalis to learn a that influences the sub-network and task-specific weights W
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Method: Bi-Level Optimization

Learn a and W, which are interdependent, to improve downstream task performance

o Given a sub-network determined by a, learn W

o Evaluate learned network determined by W, update a
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Method: Bi-Level Optimization

Learn a and W, which are interdependent, to improve downstream task performance

o Given a sub-network determined by a, learn W

o Evaluate learned network determined by W, update a

Bi-level optimization framework!
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Method: Bi-Level Optimization

Stage 1 — Given a sub-network determined by «a, learn W on the training split
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Task weights W
as a function of a argwgninll(g(W, @, Wo); DB 4 24|\ w2 = W(a)

Training split DB~
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Method: Bi-Level Optimization

Stage 2 — Evaluate learned network determined by W*(a) on the validation split, update «

Q Q
/ )// \
ls \y \
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Learned task weights W*(a) N
arg min L(g(W*(a), a, Wo);DB_Val) + Ay |a]|2 = «

Validation split pB—val
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Method: Bi-Level Optimization

min  L(g(W* (@), @ Wo); DBVl + 1, a2

st. W*(a)= arg min L(g(W, a, W,); DB—T) + A, [[W||3
W

(
Blgg ) ( 0.0 )
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. nyB—tr updates * . nyB—val
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Stage 1: Learn W on the train split Stage 2: Evaluate on validation split and
update a
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Method: Bi-Level Optimization

lteratively use one-step gradient descent and finite-difference approximation to solve the

optimization [9]

W*(a) ~ W' =W — 0, Vw[L(gW, a, W,); DB + 4, | |w|2]

a" ~ o' = o — gV [L(gW', a Wy); DBVAL) 4+ A, [|a||2]
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Method: Implementation Details

Use low-rank approximation of a, express as product of two rank 1 matrices

Split original training dataset in 4:1 ratio to obtain training DB~ and validation splits

DB—Val

Perform random sampling K times and average the learned a and W parameters to

mitigate overfitting (K = {1, 2, 5})

Please refer to the paper for more details!
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Comparison with FIM-based sub-network selection methods on low-resource scenarios

Training split |  Vanilla CHILD-TUNINGp,  DPS Dense Ours
300 62.54 4+ 6.57 6247 +5.5 61.69 +£5.62 68.97 + 3.09
500 65.85 4 4.57 68.35 4+ 4.36 68.99 +2.92 7242 +2.14
1000 73.19 + 2.62 74.07 + 2.75 75.00 £ 1.61 76.68 + 1.58

Comparison of Our Method with Vanilla, Child-Tuningp, and DPS Dense Method Using BERT Large Across 300, 500, and
1000 Training Data Splits: Averaged Evaluation Metrics Over Eight GLUE Datasets (Highest Performance in Each Row
Indicated in Bold)
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Comparison with parameter efficient finetuning (PEFT) methods on low-resource scenarios
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Vanilla Prompt Tuning Prefix-Tuning LoRA Ours

Averaged Performance Across CoLA, RTE, STSB, and MRPC Datasets for Vanilla, Prompt
Tuning, Prefix-Tuning, LORA, and Our Method Using BERT Large in Low-Resource Scenarios with
500 and 1000 Training Instances

22



Evaluation across various PLMs

Models Methods CoLA MRPC RTE STSB Average
Mean Std Mean Std Mean Std Mean Std Mean Std

BERT Vanilla | 64.11 1.33  90.80 177 70.69 283 8992 0.61 78.88 1.64

Ours 66.07 135 91.84 037 7343 152 90.34 048 80.42(+1.54) 0.93(-0.71)
BART Vanilla | 58.54 141 9203 073 81.84 141 9154 040 80.99 0.99

Ours 60.15 081 9233 040 8426 054 9220 0.09 82.23(+1.24) 0.46(-0.53)
RoBERTA Vanilla | 66.06 2.07 9225 0.57 7852 13.01 91.89 0.31 82.18 3.99

Ours 66.52 145 92,58 048 8422 144 9221 008 83.88(+1.70) 0.86(-3.13)
DeBERTA Vanilla | 63.74 134 9231 037 8559 158 91.74 0.17 83.34 0.86

Ours 6596 1.15 9232 028 8617 147 9199 0.15 84.11(+0.77) 0.76(-0.10)
XLNet Vanilla | 4093 27.28 91.83 091 71.17 1440 91.68 0.19 73.90 10.69

Ours 61.66 195 9219 038 8354 144 9212 0.08 82.38(+8.48) 0.96(-9.73)

Comparison of Our Method and Vanilla Finetuning on Five Popular PLMs: Evaluation Over Ten Runs with Different Random
Seeds, Reported as Mean and Standard Deviation. Average Score Represents Performance Across Four Datasets. Best
Scores Highlighted in Bold, Underlined Values Indicate Degenerate Seeds
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Comparison with other prior methods

Methods CoLA MRPC RTE STSB Average
Mean Std Mean Std Mean Std Mean Std Mean @ Std
Vanilla 64.11 1.33 90.80 1.77 70.69 2.83 8992 0.61 7888 1.64
Mixout 6442 1.51 9131 108 7205 1.67 9039 057 7954 1.21
R3F 64.62 138 91.63 093 70.75 176 8992 061 7923 1.17
R-Dropout 64.14 158 91.87 0.78 7024 2.83 9025 049 79.13 142
CHILD-TUNINGp 6485 132 9152 081 7169 195 9042 044 79.62 1.13
Re-init 6424 2.03 91.61 080 7244 174 90.71 0.14 79.75 1.18
DPS Dense 6498 1.08 9150 0.83 73.14 197 9051 055 80.03 1.11
DPS Dense (Ourrun) 64.08 150 90.25 221 7192 145 90.20 0.47 79.11 141
Ours 66.07 135 9184 037 7343 152 9034 048 8042 093

Comparison of Our Method with Other Regularization Methods on Four Small Datasets (CoLA, RTE, MRPC, STSB): Mean
and Standard Deviation of Ten Random Seeds Reported for Each Method. Bold Indicates Best Performance. Double-Sided
T-Tests Show Statistically Significant Improvement (p < 0.05) Over Vanilla. Baseline Results from DPS Dense [6]
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Conclusions

Deviate from prior FIM-based sub-network selection which is sub-optimal in low-resource
scenarios

Attention-guided weights mixup strategy for continuous relaxation of sub-network selection
and task weights estimation

Bi-level optimization framework to optimize both W and a on different splits of training data
Outperforms various baselines on low-resource scenarios

Demonstrates improved stability across PLM architectures
25



Potential in continual learning

Our method could help models retain old knowledge while learning new tasks.
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