arXiv:2509.15974v2 [cs.CL] 19 Apr 2026

Published as a main conference paper at ACL 2026

BEFT: Bias-Efficient Fine-Tuning of Language Models
in Low-Data Regimes

Baichuan Huang!, Ananth Balashankar?*, Amir Aminifar!,
"Lund University, Sweden, 2Google DeepMind, USA,
{baichuan.huang, amir.aminifar} @eit.Ith.se, ananthbshankar @ google.com

Abstract

Fine-tuning the bias terms of large language
models (LLMs) has the potential to achieve un-
precedented parameter efficiency while main-
taining competitive performance, particularly
in low-data regimes. However, the link be-
tween fine-tuning different bias terms (i.e., by,
by, and b, in the query, key, or value projec-
tions) and downstream performance remains
largely unclear to date. In this paper, we in-
vestigate the link between fine-tuning by, by,
and b, with the performance of the down-
stream task. Our key finding is that directly
fine-tuning b, generally leads to higher down-
stream performance in low-data regimes, in
comparison to by and by,. We extensively eval-
uate this unique property across a wide range
of LLMs spanning encoder-only and decoder-
only architectures up to 6.7B parameters (in-
cluding bias-free LLMs). Our results provide
strong evidence for the effectiveness of directly
fine-tuning b, across various downstream tasks.
The implementation code is available at https:
//github.com/whubaichuan/BEFT.

1 Introduction

Fine-tuning pre-trained large language models
(LLMs) for downstream tasks has gained a lot of at-
tention over the past few years. Parameter-efficient
fine-tuning (PEFT) methods have been widely stud-
ied (Ding et al., 2023; Yang et al., 2024) to reduce
the fine-tuning overheads, such as computation
cost, graphics processing unit (GPU) memory us-
age, and energy consumption. Among these PEFT
techniques, bias-only fine-tuning—which involves
updating only the bias terms of the LL.Ms (Zaken
et al., 2022)—provides the potential for unprece-
dented parameter efficiency.

Bias-only fine-tuning offers out-of-the-box us-
ability, without extra requirements for additional
configuration and auxiliary reparameterization.
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Figure 1: Fine-tuning b, (green) leads to higher down-
stream performance, compared to b, (red) and by, (blue)
(even combined with PEFT such as LoRA), on the SST-
2 dataset with low-data regime (1000 training samples).

This is in contrast to the majority of the previous
work in this domain, e.g., prefix tuning (Li and
Liang, 2021), adapter tuning (Houlsby et al., 2019),
LoRA (Hu et al., 2022), and GaLore (Zhao et al.,
2024). Moreover, in low-data regimes, fine-tuning
all bias terms has been shown to be competitive
with full-parameter fine-tuning, despite updating a
significantly smaller subset of full parameters (Za-
ken et al., 2022; Logan IV et al., 2022). Despite the
advantages of bias-only fine-tuning, the relation-
ship between fine-tuning different bias terms and
downstream performance remains largely unclear
(Ding et al., 2023; Weng et al., 2024).

In this paper, we investigate the link between
fine-tuning different bias terms (i.e., by, by, and
b, in the query, key, or value projections) and
downstream performance. We observe that fine-
tuning b, generally leads to higher downstream
performance in low-data regimes, compared to b,
and by. For instance, for BERTpagg in Fig. 1,
fine-tuning the value bias (green rhombus) leads to
higher downstream performance than b, (red rhom-
bus) and by, (blue rhombus). We then analyze the
expressiveness of bias terms by, by, b, and provide
further evidence supporting our observation.
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We empirically validate the effectiveness of fine-
tuning b, versus b, and b;, on BERTgAsE using
the GLUE/SuperGLUE benchmarks (Wang et al.,
2019b,a), without any post-hoc evaluation. We fur-
ther extend our validation to autoregressive LLMs
(such as OPT-1.3B) and bias-free LLMs (such as
LLaMAZ2-7B) across various tasks. At the same
time, our work is compatible and can be readily
combined with PEFT methods, e.g., low-rank adap-
tation (LoRA) (Hu et al., 2022), vector-based ran-
dom matrix adaptation (VeRA) (Kopiczko et al.,
2024), weight-decomposed low-rank adaptation
(DoRA) (Liu et al., 2024), and PiSSA (Meng et al.,
2024). In particular, we show that directly fine-
tuning b,, using LoRA leads to higher downstream
performance compared to b, and by, in Fig. 1, with
a substantially lower number of parameters. Our
main contributions are:

* We investigate the link between fine-tuning
by, by, and b, with the performance of the
downstream task, both analytically and em-
pirically. We study and shed light on the ex-
pressive power of bias terms by, by, and b, in
the query, key, or value projections. Our key
finding is that directly fine-tuning b,, generally
leads to higher downstream performance in
low-data regimes, in comparison to by and by,
without requiring any post-hoc evaluation.

* We extensively validate the effectiveness of
directly fine-tuning b,, in low-data regimes,
without relying on any post-hoc evaluation,
across a wide set of LLMs, covering both
encoder-only and decoder-only architectures
with up to 6.7B parameters, including bias-
free LLMs. Our experiments span a variety
of downstream tasks, such as classification,
multiple-choice, and generation tasks. More-
over, our results show that fine-tuning b, us-
ing LoORA/VeRA/DoRA leads to higher down-
stream performance compared to b, and by,.

2 Bias-Efficient Fine-Tuning (BEFT) for
Scaled Dot-Product Attention

Given an LLM model with pre-trained parame-
ters including weights and bias terms, the number
of bias terms is substantially smaller than that of
weights. In this section, we investigate the link
between the bias terms by, by, and b, and the
downstream performance. Following the proce-
dure in (Zaken et al., 2022), we first fine-tune all
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Figure 2: Importance ranking and accuracy (%) of
fine-tuning different bias terms on SST-2 with low-data
regime on BERTasE. We expect higher-ranked bias
terms to achieve higher accuracy. Incorporating angular
changes into magnitude changes effectively links the
target bias term with the downstream performance.

the bias terms and then evaluate the change of dif-
ferent bias terms before and after fine-tuning, i.e.,
Aby, where by captures the collection of the sin-
gle type of bias across Transformer layers [ from

1to L, ie, by — {bgl)}L

In bias-efficient

fine-tuning (BEFT), we aim %0 identify the bias
term, among query by, key by, and value b, for
scaled dot-product attention (SDPA), that has the
largest change, denoted as the target bias term, for
effective fine-tuning (rather than all bias terms). In
other words, the target bias type 7 with the largest
A(br) is:

T = argmax {A(br)}.
Te{q, k, v}

In our empirical studies, we observe that the ac-
curacy of fine-tuning b, is higher than that of fine-
tuning b,, especially in the low-data regime. In
contrast, previous work (Zaken et al., 2022) consid-
ers only the magnitude of bias change and overall
views the change in b, is more than b,,, which is
inconsistent with our observation considering the
downstream performance. To further investigate
this and inspired by weight-parameter decomposi-
tion (Liu et al., 2024; Bini et al., 2025), we aug-
ment the magnitude changes with angular changes
to study the link between fine-tuning different bias
terms and downstream performance.

We denote the bias term at layer [ before
fine-tuning as b(Tl) pre

as bgp’p ! We incorporate angular changes

into magnitude changes by projection and
then scale normalization. Overall, the change
of the bias term across all layers is defined
as follows (the derivation is in Appendix A.3):

and after fine-tuning
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Figure 3: (a) Fine-tuning the investigated positions—by, by, and b,—affects the expressiveness of the low-rank

mapping differently: by is ineffective; [by provides only limited improvement; ' b, acts effectively as a direct

addition after the SDPA output. The distributions of attention weights for (b) encoder-only and (c) decoder-only
LLMs with the mean percentage of 1000 samples, showing inherent sharpness and high sparsity of attention weights.
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As shown in Fig. 2, augmenting the magnitude
with angle effectively links the target bias term
with the downstream performance that can be
achieved by fine-tuning b,, compared to b, and
bi. Similar patterns have been observed in our
empirical evaluation presented in Section 3.2.

Next, we discuss the potential expressive power
of the bias terms query by, key by, and value b,
for SDPA. Concurrent with our work, (Qiu et al.,
2025) has attracted considerable attention from the
research community by showing that gating after
the value projection is more effective than after the
query or key projection. This study further sug-
gests that gating enhances the expressiveness of
low-rank mappings in the attention module. Sim-
ilarly, b7 in BEFT can be interpreted as a linear
variant of the additive gating introduced in (Qiu
et al., 2025). As such, b7 can potentially improve
the expressiveness of low-rank mapping.

As shown in Fig. 3a, the query/key/value linear
projections are based on W /i /o, and bg /i /o, as
well as the input X. For bias-free LLMs that tend
not to include bias terms in the attention module
(Touvron et al., 2023), we can manually add b /x /.,
in their attention module, denoted as follows:
Q=XW,+b,K=XWj+b,V=XW,+b,.
Then, SDPA is calculated as follows:

Attention(Q, K, V) = SOftmaX(QTIg)V’

where dy, is the size of the key vector within one
T
attention head; softmax(%) is the attention

weights A. Given Q, K,V € R"*% (n is the

sequence length) and softmax as row-wise, we ex-
ploit g € R (one row of Q). For by, € RM*%

a= softmax(%) = Softmax(%),

where a € R'*™ is one row of attention weights
A and by, is broadcast across the rows of K, so
that each row of K is incremented by the same
elements, while within each row the elements can
differ. The constant qka € R! is broadcast across
the column of gK”. Because softmax is shift-
invariant, i.e., softmax(qK7) = softmax(qK” +
qka), hence by, will not improve expressiveness.

For b, € R1xdr b, instead affects the attention
weights after softmax. The Jacobian of softmax is:

J = diag(a) —a’a, |J;;| — 0,Vi,

where J € R™*" and diag is the diagonal matrix.
The diagonal element is a;(1 — a;) and the off-
diagonal element is —a;a;. Moreover, because
of a; € (0,1) and ) a; = 1, the majority of
|Ji,j| approach zero especially in high-dimension
dy, due to the observed inherent sharpness and
high sparsity of A in Fig. 3b and 3c (as well as
Appendix-B.1-Fig. 7 and 8). Therefore, softmax is
insensitive to the change of b, and the capacity of
b, in improving the expressiveness is limited.

For b, € R because of 3 a; = 1, we have:

a(V+b,) =aV +a(l,b,) =aV +b,, (1)

where b, is broadcast across the rows of V, i.e.,
1,b, € R™*%_ where 1,, € R™*! denotes an
all-ones column vector. As such, b, adds a full-
dimensional linear freedom in the output space,
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Figure 4: Importance ranking and downstream performance of fine-tuning [bg |, |bg ', and | b, | on (a) SST-2, (b)
STS-B, and (c) CoLA, with BERTgagE. Overall, augmenting the magnitude-based approach with angular changes
(Mag+Angle) shows a precise and dynamic link between bias-term rankings and downstream performance across
diverse data regimes, outperforming both the Magnitude and Fisher approaches.

without being restricted by the softmax or the low-
rank attention weights. In this case, b, can be
regarded as being directly added after the SDPA
output; gating after SDPA and after value projec-
tion have been shown to be more effective than
other positions (Qiu et al., 2025). Therefore, b,
improves the expressiveness more than b,. We note
that in our discussion, we do not include the bias
term of the linear layer in output projection, as b,
is able to yield an effect equivalent to that of bias
terms in the output projection (Appendix-B.2) in
terms of improving the expressiveness.

In summary, our discussion in this section and
empirical evaluation in Section 3 show that directly
fine-tuning b, generally leads to higher down-
stream performance in low-data regimes, in com-
parison to fine-tuning by or by.!

3 Evaluation

3.1 Experimental Setup

To validate our approach for effective fine-tuning,
we primarily exploit BERTgasg (Devlin et al.,
2019) on the GLUE benchmark (Wang et al.,
2019b) without the WNLI task (Zaken et al., 2022).
Building on this, we extend our key finding to
RoBERTapagg (Liu et al., 2019) and BERT ARGE
(Devlin et al., 2019) on the GLUE benchmark and

"Note that although the investigation process of bias terms
needs post-hoc evaluation, our final conclusion (w.r.t. the
efficiency of directly fine-tuning b,) does not require any
post-hoc evaluation.

SuperGLUE benchmark (Wang et al., 2019a) (a
task-specific final linear classifier layer is used
for encoder-only LLMs). Furthermore, to gener-
alize our key finding from masked LLMs to au-
toregressive LLMs, we exploit OPT-1.3B and OPT-
6.7B (Zhang et al., 2022) evaluated on the GLUE
benchmark, SuperGLUE benchmark, SQuAD (Ra-
jpurkar et al., 2016), and DROP datasets (Dua et al.,
2019), across classification, multiple-choice, and
generation tasks. All these experiments undergo
training on 1 NVIDIA Tesla T4 GPU with 16GB
random-access memory (RAM) for BERTpASE,
RoBERTapagE, and BERT ArGE, With 1 NVIDIA
Tesla A40 GPU with 48GB RAM for OPT-1.3B
and 1 NVIDIA Tesla A100 GPU with 80GB RAM
for OPT-6.7B. The experimental details are docu-
mented in Appendix D. We also provide the paired
t-test for main results to show the statistical signifi-
cance in Appendix-C.2.

3.2 Bias-Term in Value vs Query and Key

We report the importance ranking and downstream
performance for various bias-selection approaches,
as shown in Fig. 4 and Table 1, where the impor-
tance ranking is obtained by sorting the change of
bias terms, as discussed in Section 2. The greater
the change, the higher the importance ranking.

In Fig. 4, we present results on three represen-
tative datasets from the GLUE benchmark with
distinct evaluation indicators, and we reveal the
interpretative finding across different data regimes:
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Training Data by SST-2 RTE QQP QNLI MNLI,, MNLL,, CoLA MRPC STS-B Avg.
b, 85.87 5957 68.87 73.81 43.8f 45.7t 43.2F  84.0f 756" 64.5

Low b, 800 469 651 677 40.1 40.5 308  81.1 678 578
b, 772 465 605 669 39.5 40.1 6.5 79.2 654 535

b, 8727 6577 7357 7937 583 59.87 46.37  84.17 8347  70.8

Medium b, 854 581 693 729 45.0 46.4 36.1 83.1 733 633
b, 797 545 0.00 67.6 41.4 42.1 203  80.8 67.1 504

b, 8817 6287 7447 808" 62.2f 64.2° 4217 8557 8517 717

High b, 858 584 718 766 47.8 48.5 329 842 769  64.7
b, 81.6 530 129 68.1 42.1 42.1 6.5 78.8 68.7 504

Table 1: Downstream performance (%) of fine-tuning different bias terms with BERTpasg on the GLUE benchmark.
We highlight the best results and annotate the target bias term selected by our approach with the symbol t. For the
datasets shown in Fig. 4, we additionally report the mean=std over three random seeds in Appendix C.3-Table 11.

low-, medium-, high-, and all-data regimes.

In the SST-2 dataset, as shown in Fig. 4 (a),
our approach consistently selects b,, as the target
bias, while the Magnitude approach always selects
b,. However, the accuracy corresponding to fine-
tuning b, surpasses that of b, across different data
regimes, showing the inaccuracy of the Magnitude
approach—particularly in the low-data regime. In
the case of the Fisher approach, although it also
identifies b, as the target bias, it results in a static
importance ranking for bias terms across differ-
ent data regimes. In contrast, our approach dy-
namically captures the narrowing importance gap
between b,, and b, as training data increases, align-
ing closely with the observed convergence in their
downstream performance. These results demon-
strate that our approach not only achieves superior
identification of target bias than the Magnitude ap-
proach, but also has the capacity of dynamic im-
portance ranking compared to the Fisher approach
(see Appendix C.1-Fig. 10 for other datasets).

Similarly, for the STS-B dataset, as shown in
Fig. 4 (c), the Magnitude approach selects b, as the
target bias from medium- to all-data regimes. How-
ever, selecting b, has a lower performance (i.e.,
lower Spearman correlation coefficient) than select-
ing b,,. Although the Magnitude approach selects
b, in the low-data regime, the importance rank-
ing gap between b, and b, does not align with the
observed differences in downstream performance.
The Fisher approach, on the other hand, suffers
from the static importance ranking as before. Con-
versely, from low- to medium-data regimes, our
approach reflects the increasing performance gap
between b, and by, in line with their changing im-
portance ranking.

Furthermore, for the CoLA dataset, as shown

in Fig. 4 (b), our bias-efficient approach consis-
tently selects b,, as the target bias, while the Mag-
nitude approach always selects b,. Considering the
performance metric (i.e., the Matthews correlation
coefficient), the Magnitude approach selects the
incorrect target bias between b, and b,. Moreover,
the Magnitude approach exhibits a static impor-
tance ranking across different data regimes. Simi-
larly, the Fisher approach results in a fixed impor-
tance ranking. In contrast, our approach adaptively
adjusts the performance gap between b, and b,
aligning with the observed shift in their importance
rankings. These results confirm the advantages of
augmenting the magnitude with angular changes
over Magnitude and Fisher approaches.

In Table 1, we report the downstream perfor-
mance for by, by, and b,. We annotate the tar-
get bias term selected by our approach with the
symbol t. In Table 1, fine-tuning b, consistently
achieves higher performance than fine-tuning b,
across the GLUE benchmark, from low- to high-
data regimes. Conversely, fine-tuning b, exhibits
consistently lower performance than fine-tuning
by. As such, our approach consistently succeeds
across all datasets and diverse training data regimes.
These results are also consistent with the discussion
in Section 2. Overall, these results show that our
approach captures importance rankings and selects
the target bias term to be effectively fine-tuned.

3.3 Efficiency and Effectiveness

Prior work has indicated that fine-tuning all-
bias-terms has competitive performance to full-
parameter fine-tuning in low-data regimes (Zaken
et al., 2022; Logan IV et al., 2022; Doering et al.,
2024). Accordingly, we investigate the efficiency
and effectiveness of our BEFT in low-data regimes.
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Fine-Tuning  Params] Runtime| Accuracy?
Our BEFT 0.01% 132.9 58.53+1.88
Rand uniform  0.01% 659.6 50.40+2.94
All biases 0.09% 144.9 56.40+2.88
All parameters 100% 206.1 57.46+2.20

Table 2: Runtime (s) and downstream performance (%)
(meandstd over three runs with different random seeds).
We also highlight the second-best results, indicating the
strong potential of fine-tuning the target bias term.

In Table 2, our BEFT achieves remarkable pa-
rameter efficiency with only 0.01% of the full pa-
rameters, when fine-tuning BERTgAsE, in the low-
data regime of the RTE dataset. Fine-tuning all bi-
ases (Zaken et al., 2022) requires 0.09% of the full
parameters, nearly 9x more trainable parameters.
Although “rand uniform” samples and fine-tunes
the same number of bias terms as BEFT, it yields
substantially worse performance and requires more
time due to inefficient uniform sampling. In terms
of runtime, full-parameter fine-tuning takes 206.1
seconds (s), and all-bias fine-tuning requires 144.9
s, whereas BEFT completes in just 132.9 s. Despite
this significant reduction in parameter footprint and
a decrease in training time, our proposed BEFT
achieves a comparable performance with all-bias
fine-tuning and all-parameter fine-tuning in this
case (more cases in Appendix C.1-Fig. 11). These
results highlight BEFT’s promise as an unprece-
dented parameter-efficient fine-tuning strategy.

3.4 Extension to Other Datasets and LLMs

Motivated by the preceding findings, it is natural
to ask: Can the key finding (w.r.t. the efficiency
of directly fine-tuning b,) be extended to different
datasets and LLMs, and combination with PEFT
methods (such as LoRA (Hu et al., 2022), VeRA
(Kopiczko et al., 2024), and DoRA (Liu et al.,
2024)), without requiring any post-hoc evaluation?
The short answer is yes.

Extension to different datasets: To evaluate the
extension of our key finding to different datasets
in the low-data regime, we exploit the CB and
WiC datasets from the SuperGLUE benchmark
(Wang et al., 2019a), where the CB dataset contains
only 250 training examples. First, we evaluate the
same model, i.e., BERTgagE, on these different
datasets. As presented in Table 3, for BERTgASE,
fine-tuning b, is better than fine-tuning b,; fine-
tuning b, is better than fine-tuning b,. We also

GLUE SuperGLUE

Models b7 §st2 RTE CB  WiC
b, 858 595 590 69.6

BERTpase b, 80.0 469 472 66.1
b, 772 465 433 62.8

b, 88.6 567 905 62.1
RoBERTapase b, 87.0 563 850 578
b, 720 523 762 579

b, 892 60.6 587 66.6

BERT Arce b, 838 534 509 612
by 693 534 266 612

Table 3: The key finding (directly fine-tuning b,,) can be
extended to different datasets and LLMs without requir-
ing any post-hoc evaluation. We additionally report the
mean=std over multi-seeds in Appendix C.3-Table 12.

br Directly +LoRA +VeRA +DoRA

b, 85.8 85.0 82.2 86.0

b, 80.0 82.6 81.8 83.5

by, 717.2 76.9 81.7 76.9
AParams]  100% 58.3% 4.2% 59.4%

Table 4: The downstream performance (%) of variants
of LoRA/VeRA/DoRA designed for BEFT on SST-2
with BERTgasE , where b, surpasses b, and by,.

extend our BEFT to multilingual and common-
sense reasoning datasets in Appendix-C.7. These
results consistently mirror our preceding finding
on the GLUE benchmark, showing that directly
fine-tuning b, can generalize to new datasets.

Extension to different LLMs: To evaluate the
extension of our key finding to different LLMs in
the low-data regime, we exploit the ROBERTapa sy
(Liu et al., 2019) and BERT{ Argg (Devlin et al.,
2019). First, on SST-2 and RTE, fine-tuning b,
consistently outperforms fine-tuning by, as pre-
sented in Table 3. This trend holds when extending
RoBERTagask and BERT Arcr to CB and WiC.

Extend to LoORA/VeRA/DoRA for Bias Terms:
To further evaluate the extension of our key finding,
we inject LoORA (Hu et al., 2022), VeRA (Kopiczko
et al., 2024), and DoRA (Liu et al., 2024) into bias
terms (please see Appendix-C.4), investigating the
capacity of BEFT with these PEFT in low-data
regimes (Schulman and Lab, 2025).
As presented in Table 4, with (q,k,r)

(24,32, 8) for BERTpasE, by injecting LoRA or
DoRA into the bias terms, more than 40% of the
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Fine-Tuning SST-2 RTE CB BoolQ WSC WiC MultiRC COPA ReCoRD SQuAD DROP
LLMs . Params . . . . .
Techniques classification: —multiple choice-  —generation—
b, 0.04%0 93.1f 7157 803 658 635 616 69.0 77.0 715 798 282
b, 0.04%0 7277 556 714 604 625 592 56.3 74.0 71.2 69.3 21.4
by, 0.04%0 535 531 375 453 442 570 453 75.0 70.5 242 10.4
OPT-1.3B LoRA 1.2% 93.6 732 696 743 635 50.0 73.2 76.0 71.0 79.7 279
Prefix 04% 919 639 803 643 61.5 57.6 60.0 69.0 70.5 78.3 25.2
ICL 0%o 803 53.0 482 585 47.1 50.6 46.3 69.0 70.9 58.6 20.3
Zero-Shot 0%o 535 530 393 455 442 573 453 75.0 70.5 27.2 11.1
b, 0.02%0 952 826 964 788 635 652 739 83.0 71.7 86.9 324
b, 0.02%c 803 624 678 647 605 594 58.6 83.0 76.5 75.5 27.9
by 0.02%0 612 548 50.0 59.5 375 512 445 82.0 76.0 37.4 16.8
OPT-6.7B LoRA 0.6%0 951 819 750 791 63,5 504 74.4 82.0 76.3 85.7 31.1
Prefix 02% 951 783 892 72,6 59.6 547 58.9 78.0 76.8 84.6 30.5
ICL 0%o 846 657 57.1 689 509 536 50.4 82.0 76.8 74.2 27.5
Zero-Shot 0%o 612 552 51.7 595 375 512 44.5 82.0 76.1 36.5 17.7

Table 5: Downstream performance (%) of fine-tuning techniques in low-data regimes. For our key finding, we addi-
tionally report the mean=std over three random seeds in Appendix C.3-Table 10. BEFT demonstrates competitive
performance with mainstream PEFT techniques regarding parameter-efficiency and downstream adaptation.

trainable parameters can be reduced, while over
95% for VeRA. At the same time, the downstream
performance of fine-tuning b, with these PEFT
methods consistently outperforms fine-tuning b,
and by. The key finding can also be directly com-
bined with LoORA/VeRA/DoRA (more variants and
LLMs in Appendix-C.4 Table 13 and 14). More-
over, we also extend our BEFT to more advanced
PEFT, such as PiSSA (Meng et al., 2024) and BA-
LoRA (Chang et al., 2026), in Appendix-C.5.
Overall, these results show that directly fine-
tuning b, can be effective to different datasets and
LLMs, and be combined with LoRA, VeRA, and
DoRA, without requiring any post-hoc evaluation.

3.5 Extension to Autoregressive LLMs

To further validate the generality of our finding
from masked LLMs to autoregressive LLMs, we
consider OPT-1.3B and OPT-6.7B (Zhang et al.,
2022) on various benchmarks, including the GLUE
(Wang et al., 2019b), SuperGLUE (Wang et al.,
2019a), SQuAD (Rajpurkar et al., 2016), and
DROP datasets (Dua et al., 2019) covering classifi-
cation, multiple-choice, and generation tasks. We
also compare our BEFT against various mainstream
PEFT methods, such as LoRA (Hu et al., 2022),
prefix tuning (Li and Liang, 2021), in-context learn-
ing (ICL) (Brown et al., 2020) and zero-shot tech-
niques (Brown et al., 2020), as presented in Table
5. First, fine-tuning b, consistently performs the
best among b,, by, and by, which demonstrates the
effective generalization of our key finding (for in-
stance, the results of SST-2 with OPT-1.3B match
the target bias in Appendix C.1-Fig. 12). Second,

LLaMA2-7B Params  SST-2 COPA SQuAD
Adding b, 0.02%0 94.9+07 85.0+00 89.4+0s
Adding b;  0.02%0 90.0x03 79.0x00 88.0+0s6
Adding by, 0.02%0 68.0x04 79.0+00 82.0+0s

LoRA 0.6%0  95.6x01 83.3x05 90.4+06
Prefix 0.2%0  93.5+04 79.0200 89.9+1s

Table 6: Downstream performance (%) (mean=std over
three runs with different random seeds) of adding bias
into bias-free LLMSs, where our key finding still holds.

our BEFT requires 30x and 10x fewer parameters
than LoRA and prefix tuning, respectively, while
maintaining competitive or superior performance
across tasks. In addition, our BEFT also demon-
strates the competence when compared to more ad-
vanced techniques such as VeRA (Kopiczko et al.,
2024) and DoRA (Liu et al., 2024) in Appendix-
C.6. Finally, while ICL and zero-shot techniques
do not require fine-tuning, they exhibit inherently
inferior performance compared to our BEFT. Over-
all, these results indicate that our BEFT approach
achieves competitive performance and efficiency
relative to the mainstream and more advanced
PEFT techniques.

3.6 Extension to Bias-Free LLMs

Today, certain LLMs are bias-free, consequently
omitting bias terms in their attention modules (Tou-
vron et al., 2023; Guo et al., 2024; Team et al.,
2024). Nevertheless, methods such as per-layer
bias-terms injection (Li et al., 2023), scaling and
biasing operation (Wu et al., 2024a,b), and acti-
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vating only layer-wise additive biases (Sinii et al.,
2025) have shown both effectiveness and efficiency.
To validate our key finding with bias-free LLMs,
we manually add different bias terms to their atten-
tion module. As shown in Table 6, we add b,, by,
and by, into LLaMA (LLaMA-2-7B-hf) (Touvron
et al., 2023). The downstream performance of fine-
tuning additive b,, still surpasses that of fine-tuning
additive b, and additive by. Similar patterns are
observed and presented for GPT-J-6B (Wang and
Komatsuzaki, 2021) and DeepSeek-Coder-Base-
1.3B (Guo et al., 2024) in Appendix-C.8. These
results show that for bias-free LLMs in the low-
data regime, adding b, and fine-tuning b,, can lead
to competitive performance, without requiring any
post-hoc evaluation. In addition, adding b,, requires
30x and 10x fewer parameters than LoRA and
prefix tuning, respectively, while maintaining com-
petitive performance across tasks.

4 Related Work
4.1 Parameter-Efficient Fine-Tuning (PEFT)

PEFT techniques aim to fine-tune only a small sub-
set of parameters in LLMs, thereby significantly re-
ducing resource overheads. Addition-based PEFT
methods introduce new trainable components into
the model architectures. Prefix tuning (Li and
Liang, 2021) adds trainable prefix tokens to atten-
tion blocks; adapter tuning (Houlsby et al., 2019)
inserts a trainable adapter module into Transformer
layers; and prompt-tuning (Lester et al., 2021)
introduces a sequence of trainable embeddings
prepended to the input. Reparameterization-based
PEFT methods change the representation of the
parameter or its update. LoRA (Hu et al., 2022) ex-
ploits the low-rank decomposition to approximate
the original parameter change, and Gal.ore (Zhao
et al., 2024) reparameterizes the gradient into low-
rank matrices. While effective, these PEFT tech-
niques are limited by their out-of-the-box usability,
with extra requirements for additional configura-
tion and auxiliary reparameterization.

4.2 Bias-Efficient Fine-Tuning

Bias-efficient fine-tuning techniques aim to fine-
tune only the bias terms in LLMs. Fine-tuning all
biases—as in BitFit (Zaken et al., 2022)—has been
shown to achieve competitive performance with
full-parameter fine-tuning, especially in low-data
regimes (Zaken et al., 2022; Logan IV et al., 2022).
This advantage is attributed in part to the low in-

trinsic dimensionality of pre-trained LLMs, which
allows meaningful adaptation within a restricted
subspace (Aghajanyan et al., 2021; Mosbach et al.,
2021; Tang et al., 2024). Prior papers reveal that
different bias terms contribute differently during
model adaptation (Ding et al., 2023; Weng et al.,
2024). However, the link between fine-tuning dif-
ferent bias terms and downstream performance dur-
ing model adaptation is not clear (Ding et al., 2023;
Weng et al., 2024). Moreover, the selective PEFT
approaches, such as the magnitude of bias change
(Ansell et al., 2022) and empirical Fisher informa-
tion (Sung et al., 2021; Xue et al., 2025; Guo et al.,
2025), provide limited guidance to select the target
bias term. As a result, strategies for selecting target
bias terms for effective fine-tuning remain largely
unexplored.

5 Conclusions

Bias-only fine-tuning of LLMs provides out-of-the-
box usability, and demonstrates competitive per-
formance compared to full-parameter fine-tuning,
particularly in low-data regimes (Zaken et al., 2022;
Logan IV et al., 2022; Doering et al., 2024). In this
paper, we introduce a simple yet effective approach,
based on the potential expressive power of bias
terms in query, key, and value projections, to inves-
tigate the target bias term for effective fine-tuning.
We extensively evaluate our approach and shed
light on the link between fine-tuning different bias
terms and downstream performance, across diverse
data regimes. Our key finding is that directly fine-
tuning b, generally leads to higher downstream
performance in low-data regimes, compared to
b, and by, without requiring any post-hoc evalu-
ation. Moreover, we extend and generalize our
key finding to various LLMs covering encoder-
only (masked) and decoder-only (autoregressive)
LLMs (Vaswani et al., 2017) with sizes ranging
from 110M to 6.7B parameters, as well as bias-free
LLMs, across various downstream tasks, includ-
ing classification, multiple-choice, and generation
tasks. At the same time, our work is compatible
and can be readily combined with PEFT methods,
e.g., LoRA, VeRA, DoRA, and PiSSA. Our results
show the effectiveness of directly fine-tuning b,,
without any post-hoc evaluation.

Limitations

In this work, we shed light on the importance of
fine-tuning bias terms in LLMs for unprecedented
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parameter efficiency. The limitations could be sum-
marized as follows: (1) Our paper mainly focuses
on standard softmax attention, not including linear
attention (Katharopoulos et al., 2020; Choromanski
et al., 2021); (2) Our paper mainly focuses on the
query, key, and value projections for SDPA, similar
to previous work (Qiu et al., 2025). Recent stud-
ies have shown that LayerNorm can potentially be
replaced by a simple dynamic Tanh function (Zhu
et al., 2025) and even further by a rescaled Gaus-
sian cumulative distribution function (Chen et al.,
2025). At the same time, the feed-forward network
can potentially be replaced by efficient non-linear
mapping into low-dimensional computation (Kim
et al., 2025); (3) Our paper analyzes the improve-
ment in expressiveness brought by by, by, and b,
in Section 2. How these bias terms influence the
degree of superposition (Liu et al., 2025) and, con-
sequently, the scaling law (Kaplan et al., 2020), is
left for future investigation.
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A Different Approaches of Investigating
Bias Terms

A.1 Magnitude Approach

We denote the bias term at layer [ before fine-tuning
as bgp’p "“ and after fine-tuning as b(Tl)’p ! The
change of the bias term across all layers in Mag-
nitude approaches (Zaken et al., 2022) is denoted

as:

L

1 1),pos ),pre

Albr) = 3 [pif et — o]
=1

A.2 Fisher Approach

For the Fisher information, the effect of changes
in the bias before fine-tuning (b%°°) on the output
y is measured, given training data x. Fisher infor-
mation is typically approximated using its diagonal
for computational efficiency, giving rise to the em-
pirical Fisher information applied in supervised
learning.

For a LLM model with pre-trained parameters
6 c R the output y is inferred by the input
x and the parameters 0, i.e., y = fo(x). To
measure how much the prediction would change
for a given change in parameters 6, the Fisher
information Fy € RI81>18] is introduced as below,
Fo =Eprp(a) [Ey~p9<y\w)vo log pe(y|x)Ve logpe(y\l‘)T] ;
where p(x) is the probability distribution of the
input « and pg(y|x) is the probability distribu-
tion of the output y based on the LLM model
parameters 6 and input x. V logpg(y|x) is the
gradient of the log-likelihood with respect to 6. In
LLMs, |0] x || has heavy computation, making it
impossible to compute. Therefore, the diagonal
vector is exploited as the approximated Fisher
information. Furthermore, due to the limited
training data, the approximated Fisher information
Fy € RI9 is introduced as below:

A

N
1
F0) = > Eypotule) (Vo logpa(ylz:))?,
=1

where NV is the total number of training data. More-
over, in supervised learning, we can use empirical
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Figure 5: Fisher Approach: importance ranking of different bias terms when fine-tuning BERTgAgg on the SST2
low-data regime as epoch increasing. Although different batch sizes introduce slight variations to the importance
ranking of b, the underlying pattern (mostly static) remains consistent.
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Figure 6: We propose a simple yet effective approach, incorporating angular changes « into magnitude changes, to

O]

measure the change of b5 by projection and scaling (simplified visualization in (u,v) € R2).

Fisher information as below:

N
~ 1
F0) =+ > (Vo logpe(y;|zi))®.
i=1
In  supervised  learning, this  gradi-

ent Vglogpe(y;|x;) is  simplified as
—VoL(y;, fo(xi)), where L is the Cross-Entropy
loss.

Therefore, the change of the bias term across all
layers in the Fisher approach is denoted as follows:

1 N
Albr) =1 > )

=1 i=1

where N is the total number of training data.

pe(y;|xi) is the probability distribution of the out-

put y; based on the LLM model parameters € and

input ;. V,@),pre log po(y;|x;) is the gradient of
T

the log-likelihood with respect to the bias ()¢,

2
(Vb(l),pre 1ng9(yi|mi)> ;
¢

A.3 Our Approach

When the magnitude of fine-tuned bias is
smaller than the magnitude of the bias before
fine-tuning, as illustrated in Fig. 6 (a), the
projection of fine-tuned bias onto the bias before
fine-tuning is considered to calculate the A(b%l-)):
[P cos(@) B pPt
16577 2 65713
where « is the angle between the bias before
and after fine-tuning. On the contrary, when
the magnitude of fine-tuned bias is not smaller
than the magnitude of the bias before fine-tuning,
as illustrated in Fig. 6 (b), the projection
of the bias before fine-tuning onto the f?;e—
!
)

tuned bias is considered to calculate the A(b-):

ABYY =1

l),pre l),pre 1),pos
A(b(l>) 1 Hb(T)p PH2 . COS(Oé) q b%—)p . b'(T) post
T pD-post - pDpost 12
o7 M2 1o 15
To present a unified formulation
considering all layers, we have:

b%l—) pre. b%l—) ,post

l),pre 1),pos
max (|67 3, 67 |3)

1
A(bT):fZ 1 -
=1
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B Extension of Analysis

B.1 Inherent Sharpness and High Sparsity of
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(a) Proportion of attention allocated to the
first token per layer (OPT-1.3B).

OPT-1.38B Layer 10, Head 0

<ts> -

Query

aaaaa

(b) Attention weights for one head of
the 10th layer (OPT-1.3B).
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Figure 7: The observed attention sink (Xiao et al., 2024;
Qiu et al., 2025) and the histograms of all attention
weights for OPT-1.3B (unidirectional attention) with
one test input from the SST-2—“uneasy mishmash of
styles and genres .”. In OPT-1.3B, attention weights
across layers tend to be directed towards the first token
and show high sparsity.
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Figure 8: Similar attention sink and the histograms
of all attention weights for BERTpasE (bidirectional
attention) with one test input from the SST-2—*“uneasy
mishmash of styles and genres .”. In BERTpasE, the
attention sink happens for the last token and show high
sparsity.
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B.2 Equivalence of Bias Terms in the Value Projection and Output Projection

Based on Equation (1), if only b,, available, for the whole attention weights A of each attention head, we
have:

head’ = ANV +bl) = A'V' + b, )

where i is the index of attention head; A'V' € R™*% and b} € R'*%_ b! is broadcast across the rows
of A'V'. For multi-head attention, Equation (2) is repeated in parallel for i heads and h = d%kdd, where
dmodel 18 the model dimension and dj, is the dimension of one head.

The outputs of SDPA are concatenated as:

MultiHead = Concat(head®, ..., headh),

where the MultiHead € R"™*9modcl is passed through the output projection as shown in Fig. 9. For the
output projection, we have W, € R%modelXdmodel and b, € R *%model If only b,, available, the calculation
is:

MultiHead with 5,)Wo = Concat(head!, ..., head )W, 3)
= Concat(A'V! + b}, .., A"V L bYW,
= |Concat(A'V!, ..., AMV") 1 Concat(b], ...,b") | W,
= Concat(A'V! . A"VMW, + Concat(b}, ..., bZ)WO,

where Concat(A'V1, ..., A"V") € R"*dmodel and Concat(b}, ..., b1") € R1*9model Concat(b), ..., b
is broadcast across the rows of Concat(A'V?!, .., Ath).
If only b, available, the calculation is:

MultiHead (yithout b,) Wo + bo = Concat(head?, ..., head” YW+ b, 4
= Concat(A'V! .., A"VMW, + b,.

Based on Equation (3) and Equation (4), let b, ; denote the j-th elements of b, and W, ; denote the
j-th column of W ,. When

bOvj = Concat(bzln ey bZ>WO,j V] € {17 ceey dmodel} )
Wwe can get
MultiHead(with bU)WO = MultiHead(Without bU)WO + bo.

This derivation demonstrates the equivalence of bias terms in the value projection and output projection.
In terms of improving the expressiveness, b, is able to yield an effect equivalent to that of b,. We also
empirically fine-tuning b,, and b,,, and validate the claimed equivalence, as presented in Table 7.

(Linear Layer) % Multi-Seed bv bO
0 93.1 93.1

93.6 92.8
93.6 93.7

1

== 2

B B 3 92.4 92.3
il EA E i

mmm 932 93.1
mean + std  93.1+044 93.0+045

Query Projection  Key Projection  Value Projection

Figure 9: The SDPA with output projection, where the Table 7: Downstream performance (%) of fine-tuning
output projection is a linear layer. b, and b, on SST-2 dataset with OPT-1.3B.
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C Investigation of Extensions

C.1 The Effectiveness of Our Key Finding
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Figure 10: Importance ranking and downstream perfor-
mance of fine-tuning different bias terms on the RTE
dataset with BERTpagE. Still, our approach demon-
strates the ability to precisely and dynamically identify
the target bias term across low-data to high-data regimes,
outperforming both Magnitude and Fisher approaches.

70

N
a
\
\
\
\

@
o

Accuracy (%)
3 &
1
| [
T T oOT
Q BtJ <

From Low- to All-Data Regimes

Figure 11: Fine-tuning various subsets of LLM parame-
ters. The solid line reports the mean over three different
seeds, and the shaded area indicates the standard devi-
ation. We report the last epoch accuracy on validation
dataset for consistent comparison, while the BitFit (Za-
ken et al., 2022) reports the best validation accuracy
across training for fine-tuning by;;.

C.2 Statistical Significance

We did the paired t-test for the main results in Ta-
ble 1 and Table 5. For Table 1, we pick CoLA and
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Figure 12: The change of bias (log scale), across Trans-
former layers, by our approach with OPT-1.3B on SST-2.
The target bias is b,,.

STS-B to do paired t-test, where the results are sta-
tistically significant (p<0.05), as shown below. To

CoLA STS-B
Fine-Tuning b, 40.2+285 75.3+065
t-test (b, vs by)  p=0.005 p=0.001
Fine-Tuning b, 27.5+398 67.5+028
t-test (by vs b)  p=0.003  p=0.026
Fine-Tuning b, 4.1+293  65.6+048

Table 8: Paired t-test shows the statistical significance
of our results in Table 1.

further investigate this paired t-test, taking SST-2
for example, we repeat the experiments 5 times
with different random seeds to obtain the p-values
of 0.003 and 0.013, showing the statistical signifi-
cance of these results. When we repeat the exper-
iments 10 times with different random seeds, we
obtain the p-values of 1.44 x 1076 and 2.78 x 1072,
showing the high statistical significance.

For Table 5, we pick OPT-1.3B on CB, SQuAD,
and DROP, where the results are statistically signif-
icant (p<0.05), as shown below:

CB SQuAD  DROP
Fine-Tuning b, 77.3+22  78.6+09  28.8+0s5
t-test (b, vs by)  p=0.023 p=0.0004 p=0.021
Fine-Tuning b; 70.2+17  68.5x06  22.4+17
t-test (by vs b)) p=0.001 p=0.0001 p=0.009
Fine-Tuning by, 37.5+00  24.6+03  10.3z01

Table 9: Paired t-test shows the statistical significance
of our results in Table 5.
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LLMs Fine-Tuning  SST-2 RTE CB BoolQ WwsC WiC  MultiRC COPA ReCoRD SQuAD DROP
Techniques -classification: - —multiple choice— —generation—

b, 93.4+02 70.5+11  77.3+22  66.4+09 63.4+01 61.8+12  63.8+38 77.6+05 T1.2+07  78.6+09 28.8+05

OPT-1.3B b, 73.5+07 56.4+10 702417  60.8+11 62.8+12 58.9+02  56.6+04 74.0+00 70.6+06 68.5+06 22.4+17
by 53.5+00 53.0x01 37.5+00 46.8+16 442100 57.0400 45.8+12 75.0+00 70.0+03 24.6+03 10.3+01

b, 95403 81.4x0s 82.1+105 79.0x03 63.5r00 64.6+21 73.2+15 83.0000 782107 85.6109 32.8+06

OPT-6.7B b, 80.8+04 63.4+10 67.8+15 652404 61.5+08 59.3+02 58.1+18 83.0+00 77.0+05 T4.6+06 27.0+06
by 61.2+00 54.8+00 50.0+00 61.2+12 37.5+00 51.2+00 44.5+07 82.0x00 76.4+06 38.0x09 15.6x0s

Table 10: Downstream performance (%) (mean=std over three runs with different random seeds).

C.3 Stability Across Random Seeds

br SST-2 CoLA STS-B

b, 839+139 40.2+285 75.3+065
by 75.6+436 27.5+398 67.5+028
b, 72.6+461 411293  65.6+048

Table 11: Downstream performance (%) (mean-=std
over three runs with different random seeds) of fine-
tuning different bias terms on representative tasks as pre-
sented in Fig. 4, with BERTpAsE in low-data regime.

Models br SST-2 WiC
b, 89.6:t072 61.8+1.12
RoBERTapasg by, 84.7+330 56.5+094
b, 72.6+784 56.6+095
b, 89.8+toss 67.3+103
BERTLARGE bq 83.6+033 62.6+1.06
b, 73.2+360 61.5+051

Table 12: Downstream performance (%) (mean-+tstd
over three runs with different random seeds) on SST-2
(GLUE) and WiC (SuperGLUE), with RoOBERTagasg
and BERTy ArgEg in low-data regime.

C.4 LoRA/VeRA/DoRA for Bias Terms

For a pre-trained bias vector by € R4 the
fine-tuned b’ with LoRA is presented:

b/7— =bro+ Abyr = br o+ vec(BA),

where B € R?" and A € R™F and r <
min(q, k), as well as ¢ Xx k = d; B and
A are the trainable parameters. = Moreover,
vec(BA) means its vectorization, i.e., the opera-
tion (B@QA).flatten() in PyTorch. The fine-tuned
b’ with VeRA is presented as follow:

b =bro+ Abyr = by + V(%C(&BEA)7

where i € R and j € RY" are trainable, and
formally denoted by diagonal matrices A; and A;.

Moreover, to explore the extreme parameter effi-
ciency, we exploit the variant of VeRA, namely
VeRA 4, directly applied to the by, which is
b = bro+A-bro. \is a trainable scalar param-
eter.

br +VeRA 4
b, 80.0
b, 79.5
by 79.5
AParams] 1.3%0

Table 13: The downstream performance (%) of vari-
ants of VeRA;, designed for BEFT on SST-2 with
BERTgAsE , where b, surpasses b, and by,.

The fine-tuned b’ with DoRA is presented as
follow:

b v+ Av bro+ vec(BA)

= m = m — N
T o+ Ao, by + vee(BA)|,
where m = ||br||, is the magnitude scalar pa-

rameter. v € R'*? is the directional vector and
v/ ||v||, is a unit vector. Aw is the directional up-
date learned by multiplying B and A. m, B and
A are the trainable parameters.

Models Params = b, b, by,

(¢, k,7)

Saving +LoRA
BERTEBASE (24,32,8)  42%  85.0 826 769
RoBERTapasg  (32,24,8) 42%  88.0 86.0 79.5
BERTArceE  (32,32,8)  50% 889 77.1 69.3

Table 14: The downstream performance (%) of BEFT
with LoRA on SST-2, where b, surpasses b, and by,.

C.5 PiSSA and BA-LoRA for Bias Terms

We also performed extra experiments for our
BEFT+PiSSA (Meng et al.,, 2024), and our
BEFT+BA-LoRA (Chang et al., 2026) with
RoBERTapasg on SST-2 low data regime, which
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highlights our key finding, i.e., b,, allows more ef-
fective fine-tuning than b, and by. In PiSSA and
BA-LoRA, we reshape the bias terms from R*? to
R2*F (where g x k = d) and then apply SVD to the
bias terms and only fine-tune the first » rank com-
ponents in two matrices (A and B format). Our
results indicate that in BEFT+PiSSA (Meng et al.,
2024), b, achieves 15.7% higher accuracy com-
pared to b, and 22.4% higher accuracy than by,. In
addition, in BEFT+BA-LoRA (Chang et al., 2026),
b, achieves 13.9% higher accuracy compared to b,
and 21.6% higher accuracy than by.

C.6 Comparison with More Advanced PEFT

Methods
OPT13B Params | D012 ReCoRD ~ SQuAD
classification multiple choice generation
b, 0.04%o0 93.1 71.5 79.8
LoRA 1.2%0 93.6 71.0 79.7
VeRA 0.07%0 922 71.7 77.6
DoRA 1.3%0 93.8 71.8 80.9

Table 15: Downstream performance (%) of our BEFT
compared to more advanced techniques such as VeRA
(Kopiczko et al., 2024) and DoRA (Liu et al., 2024).
Fine-tuning b, requires 1.75x and 32.5x fewer param-
eters than VeRA and DoRA, respectively, while main-
taining competitive downstream performance.

C.7 Extended to Multilingual and
Commonsense Reasoning Datasets

For the multilingual dataset, we extract three dif-
ferent language sets (‘en’: English, ‘zh’: Chinese,
‘fr’: French) from PAWS-X data, with the XLM-
RoBERTa model. In low-data regime, we consider
3333 training samples for each language set and a
total of 1998 test samples from different language
sets. Our results indicate that for PAWS-X datasets,
fine-tuning b,, achieves over 9.1% higher accuracy,
compared to b, or by. In addition, we have per-
formed initial experiments on CommonsenseQA,
which is a question answering dataset for common-
sense reasoning, and observed that fine-tuning b,
achieves over 17.6% higher accuracy, compared to
bq or bk.

C.8 Adding Bias Terms to More Bias-Free
LLMs

GPT-J-6B (Wang and Komatsuzaki, 2021) does
not include bias terms in its attention module,
and DeepSeek-Coder-Base-1.3B (Guo et al., 2024)
does not include bias terms in the whole model.

Bias-Free LLMs Adding b, Adding b, Adding by
DeepSeek-Coder-Base-1.3B 76.9 67.4 60.3
GPT-J-6B 92.8 88.3 63.8

Table 16: Downstream performance (%) on SST-2
dataset by adding bias terms into bias-free LLMs, show-
ing that for bias-free LLMs in the low-data regime, di-
rectly adding b,, and fine-tuning b, is sufficient without
requiring any post-hoc evaluation.

D Experimental Details

We first define different training data regimes on
the GLUE benchmark in Table 17. Then we present
the hyperparameters for BERTgAgg on the small
dataset from the GLUE benchmark in Table 18
and demonstrate hyperparameters for BERTgasg
on the large dataset from the GLUE benchmark
in Table 19. Next, we show the hyperparameters
for BERTgAsg on WiC and CB datasets from the
SuperGLUE benchmark on the low-data regime in
Table 20. Meanwhile, we show the hyperparame-
ters for ROBERTagasg and BERT, ArgE on SST-
2 and RTE datasets from GLUE benchmark, and
WiC and CB from SuperGLUE benchmark on the
low-data regime in Table 21. Finally, we present
the hyperparameters for OPT-1.3B and OPT-6.7B
in Table 22.

Low-Data Medium-Data High-Data

SST-2 1000 5000 11000
RTE 300 900 1200
QQP 1000 5000 9000
QNLI 1000 5000 9000
MNLI,, 1000 5000 9000
MNLI,, 1000 5000 9000
CoLA 1710 3420 4275
MRPC 367 1191 1835
STS-B 287 1150 2300

Table 17: The definition of different training data
regimes on the GLUE benchmark.

Train ~ Val Batch  Train Epoch

Size  Size Ir Size 6 b. br Metrics
SST-2 67k 872 4e-4 16 16 16 16 Accuracy
RTE 25k 277 le-3 16 30 30 30 Accuracy
CoLA 85k 1k 7e-4 16 16 16 16 MCC
MRPC 3.7k 408 7e-4 16 16 16 60 F1
STS-B 5.7k 1.5k le-4 16 16 30 60 SCC
Table 18: Hyperparameters for BERTpasg on

small dataset from GLUE benchmark (MCC denotes
Matthews Correlation Coefficient; SCC denotes Spear-
man Correlation Coefficient).
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Train  Val Batch Train Epoch

Size  Size Ir Size by br Metrics
QQP 364k 40k 4e-4 16 16 30 F1
QNLI 105k 5.5k le-4 16 16 30 Accuracy
MNLI,, 393k 9.8k le-4 16 16 30 MA

MNLIL,,m, 393k 9.8k le-4 16 16 30 MMA

Table 19: Hyperparameters for BERTg 4 sg on large dataset from GLUE benchmark (MA denotes Matched Accuracy;
MMA denotes Mismatched Accuracy).

Low-Data  Val . Batch Train Epoch
Regime  Size Size by br

WiC 1000 638 le-3 16 16 16 Accuracy
CB 250 56  le-3 16 16 60 F1 (macro)

Metrics

Table 20: Hyperparameters for BERTgsg on WiC and CB datasets from SuperGLUE benchmark on low-data
regime.

Low-Data  Val Batch Train Epoch .
. . Ir . Metrics
Regime  Size Size br
SST-2 1k 872 4e-4 16 30 Accuracy
RTE 300 277 1le-3 16 30 Accuracy
WiC 1000 638 le-3 16 30 Accuracy
CB 250 56  le-3 16 60 F1 (macro)

Table 21: Hyperparameters for ROBERTagasg and BERT srgg on SST-2 and RTE datasets from GLUE bench-
mark, and WiC and CB from SuperGLUE benchmark on low-data regime.

Low-Data Regime Val Size Model Adaptation Learning Rate (Ir)  Metrics

SST-2 1k 872 b,/by/b/LoRA*/Prefix le-3 Accuracy
RTE 1k 277 b,/b,/bj/LoRA*/Prefix le-3 Accuracy
BoolQ 1k 1k b,/by/bi./LoRA*/Prefix le-3 Accuracy
MultiRC 1k 1k b,/by/by/LoRA*/Prefix le-3 Accuracy
WSC 554 104 b,/by/by/LoRA/Prefix le-2 Accuracy
CB 250 56 b,/by/by./LoRA*/Prefix le-2 Accuracy
WiC 1k 638 b,/by/by/LoRA*/Prefix le-3 Accuracy
COPA 400 100 b,/by/by/LoRA/Prefix le-4 Accuracy
ReCoRD 1k 1k b,/b,/bi/LoRA/Prefix le-4 Accuracy
SQuAD 1k 1k b,/by/by/LoRA/Prefix le-3 F1
DROP 1k 1k b,/b,/by./LoRA/Prefix le-3 F1

Table 22: Hyperparameters for OPT-1.3B and OPT-6.7B (default epoch is 5; default batch size is 8; default max
length the model can take is 2048, while 1536 for OPT-6.7B on DROP dataset, and small batch size with gradient
accumulation is adopted for OPT-6.7B (Marek et al., 2025) due to the Out-of-Memory (OOM) problem). For
LoRA¥, the learning rate is le-4.
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