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Abstract

Although large language models (LLMs) pos-
sess powerful general capabilities, their insuffi-
cient domain expertise limits their application
in high-reliability scenarios. The sparse activa-
tion patterns of neurons in LLM feed-forward
layers suggest that structured fine-tuning strate-
gies for domain adaptation can be constructed
by identifying important parameters, thereby
enhancing domain-specific performance while
preserving general capabilities. However, due
to high computational costs or weak scalabil-
ity, current studies struggle to support large-
scale and fine-grained domain-relevant parame-
ter analysis. To address this, we investigate the
distribution patterns and hierarchical evolution
patterns of domain knowledge within the hid-
den state space of LLMs, and propose a novel
parameter evaluation method: Subspace Align-
ment Score. Intervention experiments across
three models and six domains illustrate that,
compared with baseline methods, our method
demonstrates superior performance in locating
domain-relevant important parameters. Further-
more, structured fine-tuning strategies based
on the important parameters achieve perfor-
mance comparable to full fine-tuning while
substantially reducing training costs, which
is helpful for understanding efficient and in-
terpretable domain adaptation. Our code is
available at https://github.com/lewu0723/
subspace-alignment-score.

1 Introduction

The massive parameter scale and abundant train-
ing data enable large language models (LLMs) to
achieve outstanding performance in general lan-
guage understanding and generation tasks (Brown
et al., 2020; Touvron et al., 2023). However, when
handling domain-specific tasks, their outputs often
face challenges such as insufficient rigor or domain-
specific knowledge hallucinations (Ye et al., 2023;
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Figure 1: Illustration of our proposed method. (a) Do-
main Subspace Extraction. We use PCA to extract the
domain subspaces Sl spanned by the domain-specific
samples’ hidden-state representations. (b) Subspace
Alignment Score (SAS). SAS works at the layer level
of LLMs, using the projection matrix P l to project
weighted value vectors {m̄l

jv
l
j | j = 1, 2, . . . , din} into

the domain subspace Sl to quantify their contributions
to the main information flow.

Huang et al., 2025). To improve model perfor-
mance in specific domains, domain adaptation fine-
tuning has become an important research direc-
tion. While full fine-tuning can maximally cap-
ture domain distribution characteristics, its pro-
hibitive computational cost and susceptibility to
"catastrophic forgetting" limit its practical applica-
bility (Luo et al., 2025b). In contrast, Parameter-
Efficient Fine-Tuning (PEFT) methods, such as
LoRA (Hu et al., 2022) and Adapter (Houlsby et al.,
2019), significantly reduce training overhead by in-
troducing additional parameter modules. However,
they constrain the expressiveness of parameter up-
dates, exhibit high sensitivity to hyperparameter
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settings, and struggle to be effectively deployed in
complex domain tasks (Biderman et al., 2024; Luo
et al., 2025a).

Recent studies indicate that neurons in the feed-
forward layers of LLMs exhibit sparse activation
patterns, suggesting that only a small subset of
parameters is important for specific domains or
tasks (Zhang et al., 2022; Szatkowski et al., 2026).
By conducting domain-relevant analysis on param-
eter importance in LLMs, identifying parameters
crucial to specific domains, and performing tar-
geted fine-tuning exclusively on these important pa-
rameters, it is possible to significantly reduce train-
ing costs while enhancing domain performance and
preserving general capabilities. This strategy of-
fers a promising technical route for efficient and
scalable domain adaptation.

Although recent studies have explored impor-
tant parameters within LLMs, current methods still
struggle to scale up to large-scale and fine-grained
domain-relevant parameter analysis. First, meth-
ods based on causal intervention (Vig et al., 2020;
Meng et al., 2022; Conmy et al., 2023) generally
focus on attention layers or feed-forward layers
associated with specific tasks or knowledge. Such
methods rely on multiple forward and backward
propagations to quantify module importance, and
their excessive computational costs limit their appli-
cation to fine-grained parameter analysis. Second,
methods based on key-value memories (Geva et al.,
2022; Yu and Ananiadou, 2024) exhibit unique
advantages in fine-grained parameter investigation,
but constrained by high manual interpretation costs,
some methods only conduct analyses on a small
set of parameters. Moreover, cross-layer analy-
sis commonly relies on the unembedding matrix
projection (Nostalgebraist, 2020). Due to the differ-
ence between representation distribution of LLM
layers, direct parameter comparison and analysis
inevitably introduce projection errors, which may
further lead to misleading conclusions (Belrose
et al., 2023).

In this paper, we start from the geometric
structure of the hidden state space and find that
when LLMs process texts from different domains,
their hidden states distribute across distinct low-
dimensional subspaces. Furthermore, this domain-
relevant geometric structure gradually intensifies
with model depth. Based on this discovery, we
propose a novel parameter evaluation method: Sub-
space Alignment Score (SAS). Figure 1 provides an
illustration of our method. Our method evaluates

parameter importance by measuring the alignment
degree between parameter vectors and the domain
subspace. Unlike methods that rely on the final
output distribution, SAS conducts evaluation based
on the geometric structure of the model’s internal
information flow, providing a more stable reflec-
tion of the true contribution of parameter vectors
to domain knowledge representation. Furthermore,
we perform structured fine-tuning on the model us-
ing important parameters identified by SAS. This
strategy achieves performance comparable to full
fine-tuning while significantly reducing memory
usage and computational overhead, and demon-
strates better generalization capability. Overall, our
contributions are as follows:

• We analyze the geometric structure of the hid-
den state space in LLMs, revealing the dis-
tribution patterns and hierarchical evolution
patterns of domain knowledge within hidden
state space.

• We propose a novel parameter evaluation
method that, compared to baseline methods,
more accurately locates domain-relevant im-
portant parameters.

• We conduct structured fine-tuning on domain-
relevant important parameters, which achieves
better generalization ability while signifi-
cantly reducing training costs.

2 Related Work

Hidden Representation. Research on the hid-
den representations of large language models con-
stitutes an important direction for understanding
model behavior. Some studies employ linear
probes (Alain and Bengio, 2016) to identify infor-
mation encoded in hidden states, thereby revealing
the latent knowledge representations learned by
the model (Gurnee and Tegmark, 2024; Zhu et al.,
2025; Jin and Rinard, 2024; Zhao et al., 2025). Mo-
tivated by the linear representation hypothesis (Park
et al., 2024; Jiang et al., 2024), a series of work
investigates directions in representation space that
encode distinct concepts (Arditi et al., 2024; Park
et al., 2025). These studies are also closely related
to Representation Engineering (Zou et al., 2023),
which seeks to understand and manipulate model
behavior through interpretable directions and rep-
resentations in the activation space. Sparse au-
toencoders have also been leveraged to disentangle
hidden representations, with the goal of obtaining
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more monosemantic features (Huben et al., 2024;
Bricken et al., 2023; Templeton et al., 2024; Gao
et al., 2025; Deng et al., 2025; Shu et al., 2025).

Mechanistic Interpretability. Mechanistic inter-
pretability aims to reverse engineer the internal
computational processes of Transformer at the level
of underlying mechanisms (Olah, 2022). Some
studies focus on identifying task-related circuits
in large language models and providing functional
interpretations of their behavior (Wang et al., 2023;
Conmy et al., 2023; Syed et al., 2024; Bhaskar
et al., 2024; Yao et al., 2024). Building on the view
of FFN layers as key-value memories, some work
analyzes the functional roles of neurons in FFN
layers (Geva et al., 2021, 2022; Yu and Ananiadou,
2024; Yamamoto et al., 2026; Niu et al., 2024; Qiu
et al., 2024). Causal intervention methods have
also been employed to identify and analyze model
components that play critical roles in model behav-
ior (Vig et al., 2020; Meng et al., 2022; Marks et al.,
2025).

3 Preliminary

3.1 Autoregressive Large Language Model

Given an input sequence of T tokens denoted as
X = [t1, t2, . . . , tT ], an autoregressive large lan-
guage model first maps it to an initial hidden state
H0 ∈ RT×d via the embedding matrix E ∈ RB×d.
Subsequently, the hidden states are sequentially
processed by L Transformer layers. The hidden
state update for the token at position i in layer l can
be formulated as:

hl
i = hl−1

i + al
i + f l

i, (1)

where al
i denotes the output of the multi-head self-

attention (MHSA) layer, and f l
i represents the out-

put of the feed-forward network (FFN) layer. The
final output probability distribution y ∈ RB is ob-
tained by multiplying the hidden state of the last
token at the final layer, hL

T , with the unembedding
matrix Eu ∈ RB×d, followed by a softmax opera-
tion:

y = softmax(Euh
L
T ). (2)

The hidden state h traverses all layers of the
model, serving as the primary conduit for the ac-
cumulation of contextual information and domain
knowledge, also known as residual stream (Elhage
et al., 2021).

3.2 FFN as Key-Value Memory

Most large language models employ the SwiGLU
activation function within FFN layers (Shazeer,
2020). Given the input xl

i = hl−1
i + al

i, the com-
putation of the FFN layer is formulated as:

f l
i = W l

down

(
Swish(W l

gatex
l
i)⊙ (W l

upx
l
i)
)
,

(3)
where W l

gate,W
l
up ∈ Rdin×d denote the gate-

projection and up-projection matrices, respectively,
and W l

down ∈ Rd×din is the down-projection ma-
trix. din denotes the intermediate size of the FFN
layer. Geva et al. (2021) observed that the FFN
layer functions as a key-value memory, and its out-
put can be expressed as a weighted sum of the FFN
parameter vectors:

f l
i =

din∑

j=1

ml
i,jv

l
j , (4)

ml
i,j = Swish

(
(gl

j)
⊤xl

i

)
·
(
(kl

j)
⊤xl

i

)
, (5)

where gl
j and kl

j correspond to the j-th row of
W l

gate and W l
up, respectively (the key vectors),

and vl
j corresponds to the j-th column of W l

down
(the value vector). This perspective has inspired
extensive research on the mechanistic interpretabil-
ity of FFN parameters (Geva et al., 2022; Yu and
Ananiadou, 2024; Ye et al., 2025).

4 Method

4.1 Domain Subspace Extraction

Prior research indicates that the hidden states of
large language models predominantly reside in
lower-dimensional subspaces, with each layer exe-
cuting information read and write operations within
distinct subspaces of the hidden state space (Elhage
et al., 2021; Saglam et al., 2025; Wang et al., 2025).

We hypothesize that when processing domain-
specific inputs, the hidden states are primarily dis-
tributed within domain-relevant low-dimensional
subspaces. Due to the cumulative effect of resid-
ual connections, these subspaces exhibit significant
layer-wise variations. Consequently, the geomet-
ric structure of the residual stream must be incor-
porated when evaluating the importance of FFN
parameter vectors.

To characterize the domain-relevant geometric
structure of the residual stream across layers, we
extract the low-dimensional subspaces spanned by
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the residual activations using the domain-specific
dataset. Specifically, for the l-th layer, given N
samples from the target domain, we collect their
residual stream outputs and apply average pooling
along the sequence dimension to obtain the hidden
state representation matrix H l ∈ RN×d. We then
apply Principal Component Analysis (PCA):

{U l,Λl} = PCA(H l), (6)

where U l ∈ Rd×n denotes the orthogonal basis
comprising the top n principal component direc-
tions, and Λl = diag(λ1, . . . , λn) is the corre-
sponding diagonal matrix of variances. The sub-
space S l spanned by U l captures the dominant
information directions of the residual stream at this
layer.

In practice, we employ the Kneedle algorithm
(Satopa et al., 2011) to detect the knee point of
the cumulative variance curve, thereby adaptively
determining the number of retained principal com-
ponents n.

4.2 Subspace Alignment Score

To identify domain-relevant important parameters
in LLMs, an intuitive approach is to locate parame-
ters associated with high activations given domain-
specific text inputs. However, neurons in LLMs
are inherently polysemous (Templeton et al., 2024).
Solely analyzing activations overlooks the critical
interplay between parameter vectors and the ge-
ometric structure of the residual stream, thereby
failing to capture deeper patterns of parameter con-
tribution.

Inspired by recent work (Sun et al., 2024), we
evaluate parameter importance by jointly consid-
ering activation magnitudes and their associated
parameter vectors. Furthermore, by incorporating
the geometric distribution of residual stream out-
puts across layers within the hidden state space, we
characterize parameter contributions to the residual
stream from a geometric perspective and propose a
novel parameter evaluation metric: Subspace Align-
ment Score (SAS).

First, to preserve the relative importance of each
principal component during alignment, we define
the standard-deviation-weighted projection matrix:

P l = (Λl)1/2(U l)⊤. (7)

This matrix can map parameter vectors into the
domain subspace S l and applies geometric scaling

Model Layer Dim FFN Dim

LLaMA3.1-8B 32 4096 14,336
Olmo3-7B 32 4096 11,008
SmolLM3-3B 36 2048 11,008

Table 1: Model parameter configurations

proportional to the standard deviation of each prin-
cipal component direction, thereby amplifying the
contribution of high-information dimensions.

For a given input sample, we collect the FFN in-
termediate activations at layer l and apply average
pooling along the sequence dimension, denoted as
m̄l ∈ Rdin , which are then used as scalar weights
for the corresponding value vectors. Subsequently,
the weighted value vectors are projected into the
domain subspace S l via P l. The ℓ2 norm of the
projected vector is computed and defined as the im-
portance score for the corresponding value vector:

SAS(vl
j) = ∥P l(m̄l

jv
l
j)∥2. (8)

Intuitively, the value vector vl
j itself reflects its

"projected contribution" within the domain sub-
space, while the activation intensity m̄l

j captures
how strongly that direction is utilized by the model
for the given input. By integrating both factors,
SAS leverages the domain subspace projection P l

to attenuate noisy directions and accentuate param-
eter directions that drive the main information flow.
While capturing critical internal information flow
pathways, SAS effectively mitigates interference
from local amplification effects, thereby providing
a more robust assessment of parameter importance.

We compute the domain importance score for
each value vector by averaging its SAS across all
samples within the target domain.

5 Experiments

5.1 Experiment Setup

Models. We conducted experiments using three
widely adopted large language models, LLaMA3.1-
8B (Grattafiori et al., 2024), Olmo3-7B (Olmo
et al., 2025), and SmolLM3-3B (Bakouch et al.,
2025), all of which are autoregressive large lan-
guage models. The specific parameter configura-
tions are shown in Table 1.

Datasets. We used the arXiv metadata
dataset (Clement et al., 2019) as the source
of experimental corpus. This dataset contains
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Figure 2: MPAS of domain subspaces across different domains in LLaMA3.1-8B. We show results for the first layer,
the middle layer, and the final layer. Diagonal elements of the heatmaps correspond to comparisons using different
texts from the same domain, while upper-triangular elements correspond to comparisons using texts from different
domains.

metadata for over one million academic papers
submitted to arXiv over the past three decades,
including titles, authors, abstracts, and subject
categories, and is both rich in content and high
in quality. We select abstracts from six major
domains—Computer Science (CS), Electrical
Engineering and Systems Science (EESS), Mathe-
matics, Physics, Quantitative Biology (QB), and
Statistics—as representative samples across diverse
domains. For details about dataset collection and
statistical summaries, please refer to Appendix A.

5.2 Domain Subspace Analysis
To verify the geometric properties of domain-
relevant subspaces within the residual stream, we
input domain-specific samples into the model and
perform Principal Component Analysis on the
residual stream outputs at each layer to extract do-
main subspaces. We use the Mean Principal Angle
Similarity (MPAS) (Golub and Van Loan, 2013)
to quantify the similarity between two subspaces.
For an introduction to this metric, please refer to
Appendix B.

Figure 2 shows the MPAS of domain subspaces
across different domains of LLaMA-3.1-8B. It can
be observed that when processing different texts
from the same domain, subspaces at the same layer
exhibit high similarity. Conversely, when process-
ing texts from different domains, the similarity
between subspaces at the same layer is signifi-
cantly lower than within-domain results. Notably,
in the deeper layers of the model, the gap between
the MPAS of same-domain subspaces and that of
cross-domain subspaces widens, indicating that the
model exhibits stronger discriminative capability
for domain-relevant hidden states in deeper layers.
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Figure 3: MPAS between domain subspaces across dif-
ferent layers in LLaMA3.1-8B when using text from CS
domain.

These results suggest that LLMs differentiate do-
main knowledge representations within the hidden
state space; specifically, knowledge from differ-
ent domains tends to distribute across distinct low-
dimensional subspaces. This empirically validates
our hypothesis in Section 4.1.

Furthermore, we observe that the CS and EESS
domains consistently exhibit relatively high MPAS
across layers in the model, this phenomenon is ob-
served in all test models. This indicates significant
structural similarity in their internal representations.
The study by Saglam et al. (2025) likewise shows
that, in most models, the hidden state representa-
tions of CS and EESS are difficult to distinguish
using linear classifiers. In contrast, the Mathemat-
ics domain shows lower MPAS with other domains
across layers. A possible explanation is that the
texts in this domain contains a large number of
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Method Model Probability (%) MRR (×100)

CS EESS Math. Phys. QB Stat. CS EESS Math. Phys. QB Stat.

Origin 19.27 16.18 21.68 16.37 17.95 17.64 74.30 67.69 81.62 65.32 70.92 72.21

SUC
L

L
aM

A
7.91 7.31 15.04 11.18 10.53 10.30 27.96 26.16 51.92 37.02 38.27 34.09

LPI 3.99 2.37 5.17 3.14 3.58 4.74 19.85 15.51 25.21 17.85 18.71 22.44
CULNIG 1.54 0.79 1.34 1.52 1.12 1.71 8.51 6.37 8.23 8.77 8.12 8.46

SAS 0.48 0.56 0.34 0.66 0.44 0.46 3.28 4.53 3.23 5.24 4.72 3.89

Origin 37.42 36.75 61.85 37.54 46.80 41.61 72.77 73.02 95.95 72.15 85.93 77.34

SUC

Sm
ol

L
M

15.00 11.95 23.11 23.40 17.35 27.22 42.74 34.71 63.76 59.31 49.74 73.84
LPI 4.57 4.34 4.62 5.80 4.25 5.69 17.19 17.98 19.75 23.81 17.27 21.14

CULNIG 3.45 5.05 5.26 2.42 5.30 4.15 16.11 22.34 22.99 14.00 22.98 20.68
SAS 0.21 0.26 0.61 0.57 0.25 0.54 2.59 3.21 4.87 4.59 3.39 4.71

Table 2: Probability (%) and Mean Reciprocal Rank (MRR ×100) of the correct answer when intervening the top-1
most important value vector per FFN layer across each domain. Results are averaged over 100 samples. Bold and
underlined values indicate the lowest and second-lowest results, respectively. Lower values indicate more accurate
localization of important parameters.

formula-related tokens, whose distributional prop-
erties differ substantially from those of other do-
mains.

Additionally, Figure 3 shows the MPAS be-
tween domain subspaces across different layers
in LLaMA-3.1-8B when inputting text from CS
domain. It can be seen that adjacent layers ex-
hibit high subspace similarity, and that similarity
gradually decreases as the distance between layers
increases. Meanwhile, in the deeper layers of the
models, subspace similarity tends to stabilize, in-
dicating structural convergence across layers. This
suggests that LLMs exhibit clear hierarchical evo-
lution patterns in the hidden state space: in shal-
low layers, subspace structures change rapidly to
capture basic semantic and syntactic features of
the input text; as depth increases, the subspaces
gradually converge and stabilize, implying that the
models complete the abstraction and integration of
domain-relevant semantic representations in deeper
layers.

For the experimental results of Olmo3-7B and
SmolLM3-3B, please refer to Appendix F.1.

5.3 Important Parameters Localization

To evaluate the effectiveness of SAS in locating
domain-relevant important parameters, we con-
struct domain abstract samples into a domain ab-
stract classification task (prompt template provided
in the Appendix C) and measure the model’s com-
prehension of input samples using the probability

of outputting correct answers 1. We compare SAS
with three representative baseline methods, includ-
ing SUC (Geva et al., 2022), LPI (Yu and Anani-
adou, 2024) and CULNIG (Yamamoto et al., 2026).
For detailed descriptions of these methods, please
refer to Appendix D.

For each sample, we adopt each method to eval-
uate the importance of value vectors across all FFN
layers. Subsequently, for each layer, only the top-
1 most important value vector identified by each
method is set to zero. We then rerun the model and
evaluate the intervention effect using two metrics:
the probability and reciprocal rank of the correct
answer. A parameter evaluation method is consid-
ered effective if intervening the target value vector
leads to a substantial drop in both metrics, indi-
cating that the identified parameter is critical to
the model’s internal knowledge representation. For
each domain, we randomly select 100 samples, con-
duct the above experiment independently on each
sample, and report the averaged results.

Table 2 shows the experimental results for
LLaMA-3.1-8B and SmolLM3-3B across each do-
main. As observed, compared to other methods,
our method induces a more significant drop in
both probability and Mean Reciprocal Rank (MRR)
across all domains. This demonstrates that our
method locates important value vectors more ac-

1Most baseline methods only consider the residual stream
at last token of the sequence or rely on the model’s next-
token prediction capability. Therefore, we construct domain
abstract samples as a classification task to ensure a consistent
evaluation protocol.
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Method Model Probability (%) MRR (×100)

CS EESS Math. Phys. QB Stat. CS EESS Math. Phys. QB Stat.

Origin 19.27 16.18 21.68 16.37 17.95 17.64 74.30 67.69 81.62 65.32 70.92 72.21

Without P
L

L
aM

A 0.85 0.58 0.35 0.96 0.48 0.63 6.84 5.96 3.73 8.45 5.50 5.79
Random P 0.76 0.64 0.45 0.92 0.47 0.65 6.00 6.26 4.10 7.71 5.49 5.80

SAS 0.48 0.56 0.34 0.66 0.44 0.46 3.28 4.53 3.23 5.24 4.72 3.89

Origin 37.42 36.75 61.85 37.54 46.80 41.61 72.77 73.02 95.95 72.15 85.93 77.34

Without P

Sm
ol

L
M 0.60 0.43 0.97 0.72 0.38 0.38 4.46 3.69 5.33 4.67 3.10 2.79

Random P 0.74 0.43 0.92 0.82 0.38 0.38 4.36 3.59 5.33 5.17 3.30 2.76
SAS 0.21 0.26 0.61 0.57 0.25 0.54 2.59 3.21 4.87 4.59 3.39 4.71

Table 3: Comparison among Without P , Random P , and SAS. Bold and underlined values indicate the lowest and
second-lowest results, respectively. Lower values indicate more accurate localization of important parameters.

curately. Intervening on only a tiny set of value
vectors severely degrades model performance.

SUC focuses exclusively on the value vectors
and the activation magnitudes of the last token,
failing to effectively leverage overall sequence in-
formation. The effectiveness of LPI and CULNIG
mainly depends on the probability of the correct
token in the prediction distribution. When this
probability is low, these methods struggle to reli-
ably reflect parameter importance, imposing high
demands on sample quality and prediction confi-
dence.

SAS applies average pooling to FFN intermedi-
ate activations across the sequence dimension, com-
prehensively accounting for the activation intensity
of value vectors over the entire input sequence. Ad-
ditionally, SAS conducts layer-wise comparative
analysis by projecting value vectors into the domi-
nant information directions of that layer’s residual
stream output. It aligns with the geometric struc-
ture of the layer’s main information flow rather
than the model’s final output distribution. Conse-
quently, our method operates independently of the
unembedding matrix or specific prediction results,
exhibits reduced sensitivity to input samples, and
provides a more robust localization of important
parameters.

To verify the effectiveness of domain subspace
projection, we compare SAS with two ablation vari-
ants: without subspace projection (Without P ) and
random subspace projection (Random P ). Exper-
imental results in Table 3 demonstrate that SAS
exerts a greater impact on the correct answer prob-
ability and reciprocal rank than Without P variant.
In contrast, Random P variant cannot steadily im-
prove localization accuracy and may even lead to

degraded localization performance.
For the experimental results of Olmo3-7B,

please refer to Appendix F.2.

5.4 Important Parameter Fine-Tuning

To evaluate the practical utility of domain-relevant
important parameters located by SAS in domain-
specific fine-tuning, we select important parameter
vectors at different ratios for fine-tuning and com-
pare them with full fine-tuning and random param-
eter fine-tuning. Our method only locate the impor-
tant parameter vectors within FFN layers. When
fine-tuning partial parameter vectors of FFN layers,
the attention layers and other parameter modules
remain trainable.

We divide the abstract samples of various do-
mains into the training set, validation set and test
set at a ratio of 5:1:1. The training samples are used
to compute SAS of all value vectors, and impor-
tant parameter vectors are selected layer-wise for
fine-tuning. We then select the model checkpoint
with the best performance on the validation set and
evaluate it on the test set.

We employ two metrics to evaluate the fine-
tuning effectiveness of different strategies: (1) Test
Perplexity, which measures the model’s compre-
hension of test samples; and (2) Test/Train Gap,
defined as:

∆gap = (PPLori
test −PPLft

test)− (PPLori
train −PPLft

train),
(9)

which quantifies the difference between perfor-
mance gains on the test set and the training set.
A higher ∆gap indicates stronger generalization ca-
pability of the fine-tuning strategy. All experiments
of the same model maintain identical hyperparame-
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Domain Origin FT
Domain Important Params FT Random

Params
FT-10%2% 4% 6% 8% 10%

CS 11.1129
10.3194
(-0.2909)

10.3967
(-0.1176)

10.3781
(-0.1156)

10.3781
(-0.1272)

10.3752
(-0.1311)

10.3695
(-0.1357)

10.4457
(-0.1137)

EESS 9.8979
9.1071
(-0.2460)

9.1977
(-0.0912)

9.1849
(-0.0914)

9.1811
(-0.0996)

9.1798
(-0.1049)

9.1760
(-0.1143)

9.2582
(-0.0928)

Math. 6.2630
5.8389
(-0.2038)

5.8588
(-0.0794)

5.8547
(-0.0815)

5.8531
(-0.0841)

5.8507
(-0.0861)

5.8498
(-0.0893)

5.9065
(-0.0796)

Phys. 10.5883
10.0085
(-0.2888)

10.0582
(-0.1031)

10.0468
(-0.1064)

10.0496
(-0.1164)

10.0440
(-0.1186)

10.0411
(-0.1273)

10.1102
(-0.1040)

QB 10.8058
10.2324
(-0.2561)

10.2975
(-0.0970)

10.2907
(-0.1034)

10.2852
(-0.1046)

10.2825
(-0.1055)

10.2825
(-0.1140)

10.3411
(-0.0924)

Stat. 10.1675
9.4848
(-0.2826)

9.5463
(-0.1091)

9.5379
(-0.1154)

9.5337
(-0.1218)

9.5295
(-0.1242)

9.5281
(-0.1321)

9.6252
(-0.1167)

Table 4: Fine-tuning results of LLaMA-3.1-8B across each domain. We compare full fine-tuning (FT), domain
important parameters fine-tuning at different ratios (2%–10%), and random parameters fine-tuning (10%). For each
entry, the top value represents the Test Perplexity, and the bottom value (in green) represents the Test/Train Gap.
"Origin" denotes the performance of the pre-trained model.

FT FFN Trainable Peak GPU
Ratio (%) Params (%) Memory (GB)

2 31.20 38.88
4 32.61 39.54
6 34.01 40.16
8 35.41 40.81
10 36.82 41.59

100 100.00 74.84

Table 5: The proportion of trainable parameters and
peak GPU memory when fine-tuning different ratios of
FFN parameter vectors in LLaMA-3.1-8B.

ter settings. For more detailed settings, please refer
to Appendix E.

Table 4 shows the fine-tuning results for LLaMA-
3.1-8B. When fine-tuning important parameter vec-
tors, the test perplexity progressively approaches
that of full fine-tuning as the fine-tuning ratio in-
creases. Due to the majority of parameters being
frozen, fine-tuning only important parameters miti-
gates overfitting, thereby exhibits better generaliza-
tion ability than full fine-tuning. In contrast, ran-
dom fine-tuning requires tuning 10% of parameter
vectors to approximate the performance achieved
by fine-tuning merely 2% of important parame-
ters, while also exhibiting inferior generalization.
These results validate the accuracy of SAS in im-
portant parameter localization and the feasibility of
domain-specific fine-tuning.

Given that each value vector in the FFN layer

corresponds to an independent intermediate neu-
ron channel and is paired with a corresponding key
vector, the SAS-based fine-tuning strategy consti-
tutes a structured fine-tuning approach. We can
split the FFN layer along intermediate neuron chan-
nels, fine-tuning only the weights associated with
important parameters while freezing the remainder,
thereby conserving GPU memory. Table 5 reports
the proportion of trainable parameters and peak
GPU memory when fine-tuning different ratios of
FFN parameter vectors. It is evident that fine-
tuning important parameter vectors significantly
reduces computational and memory usage while
preserving generalization performance, achieving
robust fine-tuning effectiveness even under con-
strained computational resources.

Furthermore, we conduct a set of control exper-
iments where all FFN layers are frozen, and only
the parameters of the other modules are trained.
Experimental results are reported in Appendix F.3.

For the experimental results of Olmo3-7B and
SmolLM3-3B, please refer to Appendix F.4. No-
tably, the computation of SAS is highly efficient.
We use hook functions to cache each layer’s resid-
ual stream outputs and FFN intermediate activa-
tions. For a single domain, only one forward prop-
agation over all domain-specific samples is needed,
incurring modest time, memory, and storage over-
head. Detailed overhead statistics are also provided
in Appendix F.4.
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Domain Original FT-FFN
-10% LoRA LoRA

Matched Adapter Adapter
Matched (IA)3

CS 11.1129
10.3695
(-0.1357)

10.5123
(-0.1427)

10.5022
(-0.2116)

10.4993
(-0.1366)

10.5269
(-0.1786)

10.5225
(-0.1446)

EESS 9.8979
9.1760
(-0.1143)

9.1760
(-1.9903)

9.1965
(-2.4255)

9.1747
(-1.9607)

9.1926
(-2.1833)

9.1747
(-2.2437)

Math. 6.2630
5.8498
(-0.0893)

5.9467
(-0.1021)

5.9459
(-0.1410)

5.9418
(-0.1022)

5.9698
(-0.1159)

5.9508
(-0.1015)

Phys. 10.5883
10.0411
(-0.1273)

10.1660
(-0.1540)

10.1675
(-0.2320)

10.1617
(-0.1543)

10.2056
(-0.1929)

10.1725
(-0.1554)

QB 10.8058
10.2825
(-0.1140)

10.3643
(-0.1193)

10.3534
(-0.1875)

10.3616
(-0.1192)

10.3725
(-0.1535)

10.3684
(-0.1202)

Stat. 10.1675
9.5281
(-0.1321)

9.6848
(-2.2137)

9.6606
(-0.2070)

9.6834
(-2.1814)

9.7119
(-0.1931)

9.6848
(-2.1796)

Table 6: Fine-tuning results of LLaMA-3.1-8B across each domain. We compare fine-tuning 10% of important
parameter vectors in FFN layers against LoRA, Adapter, (IA)3, as well as LoRA and Adapter with matched trainable
parameter counts. For each entry, the top value represents the Test Perplexity, and the bottom value (in green)
represents the Test/Train Gap. "Origin" denotes the performance of the pre-trained model.

FT Strategy Trainable Peak GPU
Params (%) Memory (GB)

FT-FFN-10% 36.82 41.59
LoRA 23.06 47.19
LoRA-Matched 26.91 55.68
Adapter 29.95 38.30
Adapter-Matched 34.41 42.71
(IA)3 22.96 44.68

Table 7: The proportion of trainable parameters and
peak GPU memory under different fine-tuning strategies
in LLaMA-3.1-8B.

To further verify the effectiveness of our method
in more complex domain-adaptation scenarios, we
conduct evaluations on MedQA (Jin et al., 2021)
and CaseHold (Zheng et al., 2021). Experimental
results are provided in Appendix F.5.

5.5 Comparison with PEFT Methods

To evaluate the advantages of the SAS-based
fine-tuning strategy over existing PEFT methods,
we compare it against LoRA (Hu et al., 2022),
Adapter (Houlsby et al., 2019), and (IA)3 (Liu et al.,
2022). Furthermore, we have added another set of
LoRA and Adapter with matched trainable parame-
ter counts. For more detailed settings, please refer
to Appendix E.

Table 6 shows the fine-tuning results for LLaMA-
3.1-8B. Table 7 shows the proportion of trainable
parameters and peak GPU memory for different
fine-tuning strategies. Our method achieves su-

perior fine-tuning performance while maintaining
peak GPU memory comparable to other methods,
which validates the effectiveness of the SAS-based
fine-tuning strategy.

It is worth noting that existing PEFT methods
typically freeze the backbone network parameters
and train by adding extra parameter modules. This
is not a substitute for the SAS-based fine-tuning
strategy; rather, the two can be combined to explore
more efficient fine-tuning strategies.

6 Conclusion

In this work, we investigate the geometric struc-
ture of domain knowledge within the hidden state
spaces of large language models. Our analysis
reveals that hidden states from different domains
form distinct low-dimensional subspaces, and that
such domain-relevant geometric structures become
increasingly stable in deeper layers of the model.
Based on this observation, we propose SAS, a pa-
rameter evaluation method for identifying domain-
relevant important parameters. Extensive exper-
iments demonstrate that SAS achieves accurate
and robust parameter localization across different
models and domains. Furthermore, the SAS-based
fine-tuning strategy achieves performance compara-
ble to full fine-tuning while substantially reducing
memory usage and computational overhead. This
fine-tuning strategy provides a promising technical
route for low-cost, high-efficiency domain adapta-
tion of LLMs.
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7 Limitations

Although our work has achieved certain progress,
we also recognize its limitations. First, our work
only focuses on value vectors in FFN layers, ex-
cluding parameters in attention layers and other
modules. A more comprehensive analysis is still
required to explore their contributions to model
representations. Second, the extraction of domain
subspaces relies on the forward propagation of do-
main samples and layer-wise PCA computation.
Although this procedure is performed only once
offline and incurs relatively small overhead in prac-
tice, it still introduces an initial computational and
storage cost when processing large-scale datasets.
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A Experimental Dataset

We conducted experiments using the arXiv meta-
data dataset. According to the arXiv Category Tax-
onomy2, the dataset can be divided into eight ma-
jor domains: Computer Science, Economics, Elec-
trical Engineering and Systems Science, Mathe-
matics, Physics, Quantitative Biology, Quantita-
tive Finance, and Statistics. We removed samples
with multiple primary category labels to avoid inter-
ference caused by cross-domain semantic overlap.
Considering that the Economics and Quantitative
Finance categories contain relatively few samples
(fewer than 6,000 each), we ultimately retained
data from the remaining six domains for our exper-
iments.

For each subject domain, we randomly sample
14,000 paper abstracts and impose constraints on
abstract length, requiring word counts to fall within
the range of 100 to 500 tokens. This criterion en-
sures adequate preservation of semantic informa-
tion while avoiding excessive computational over-
head associated with extremely long texts. Apart
from basic string cleaning operations (e.g., removal
of invalid whitespace characters), we apply no addi-
tional preprocessing to the text, thereby preserving
the natural distributional properties of the original
corpus to the greatest extent possible. Detailed
statistical information is summarized in Table 8.

Domain
Word Count

Min Max Mean

CS 100 470 178.36
EESS 100 446 175.75
Mathematics 100 484 148.45
Physics 100 453 171.84
QB 100 397 188.93
Statistics 100 492 176.39

Table 8: Word count statistics of arXiv abstract datasets
for each domain.

B Mean Principal Angle Similarity

Given two linear subspaces S1,S2 ⊂ Rd with di-
mensions p and q, respectively, let r := min(p, q).
The i-th principal angle θi ∈ [0, π2 ] is defined such

2https://arxiv.org/category_taxonomy

that:

cos θi = max
a∈S1, b∈S2

a⊤b,

s.t. ∥a∥ = ∥b∥ = 1,

a⊤aj = b⊤bj = 0, j = 1, . . . , i− 1.

(10)

The principal angles satisfy 0 ≤ θ1 ≤ · · · ≤ θk ≤
π
2 . Intuitively, θ1 represents the closest direction
between the two subspaces, while the subsequent
angles θ2, . . . , θk are defined under the constraint
of orthogonality to the previously identified direc-
tions. Based on the cosines of the principal angles,
we employ the Mean Principal Angle Similarity
(MPAS) to quantify the similarity between the two
subspaces:

MPAS(S1,S2) =
1

r

r∑

i=1

cos θi. (11)

The value of MPAS lies in the interval [0, 1], with
higher values indicating greater similarity between
the two subspaces.

C Prompt Template

We use the following prompt template to construct
domain abstract classification tasks from domain
abstract samples. The model’s comprehension of
input samples is measured by the probability of
generating correct answers, with category options
randomly shuffled for each sample.

Classify the following abstract into exactly one
category. Without any explanation, output only
the letter of the correct option.

Abstract:
{domain_abstract}

Categories:
A. Physics
B. Statistics
C. Quantitative Biology
D. Electrical Engineering and Systems Science
E. Mathematics
F. Computer Science

Answer:

D Baseline Methods

We formalize the baseline methods from Sec-
tion 5.3 using the notation defined in Section 3.
For simplicity, we use ml

j to refer to the activation
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intensity of the value vector at the last token of
the sequence, i.e., ml

T,j . The baseline methods are
formalized as follows:
SUC. Geva et al. (2022) quantify the relative con-
tribution of each FFN Sub-Update ml

jv
l
j by nor-

malizing the product of the activation magnitude
and the parameter vector norm:

SUC(ml
jv

l
j) =

|ml
j | · ∥vl

j∥2∑din
k=1 |ml

k| · ∥vl
k∥2

. (12)

LPI. Yu and Ananiadou (2024) quantify the im-
portance of value vectors for predicting the target
token via the Log Probability Increase(LPI):

LPI(vl
j) = logP (w|ml

jv
l
j + xl

i)− logP (w|xl
i).

(13)
CULNIG. Yamamoto et al. (2026) propose the
CULture Neuron Identification Pipeline with
Gradient-based Scoring (CULNIG) to analyze the
contribution of parameter vectors. They focus on
parameter vectors from the gate-projection matrix,
as gating neurons function as switches that con-
trol weight transmission. The attribution score for
a parameter vector at position i is defined as the
product of its activation and the gradient of the
output probability:

s(l,j,i)(X,w) = n(l,j,i) · ∂P (w|X)

∂n(l,j,i)
, (14)

where n(l,j,i) denotes the output of the gate-
projection matrix. The final importance score is
obtained via max pooling over the sequence dimen-
sion:

s(l,j)(X,w) = max
i

s(l,j,i)(X,w). (15)

E Hyperparameter Settings

We employ the same hyperparameter settings
across all experiments for the same model in Sec-
tion 5.4. We use the AdamW optimizer (Loshchilov
and Hutter, 2019) and cosine learning rate sched-
ule. Both the warmup ratio and weight decay are
set to 0.1. The effective training batch size is 64,
and training is conducted for 2 epochs. The learn-
ing rate is set to 5× 10−6 for LLaMA3.1-8B, and
1× 10−5 for both SmolLM3-3B and Olmo3-7B.

For the experiments in Section 5.5, we use r = 8
and α = 32 for LoRA, and set the hidden dimen-
sion to 64 for Adapter. The rank of LoRA-Matched
and the hidden dimension of Adapter-Matched are
set such that their trainable parameter counts are

comparable to those of our method. Specifically,
for LoRA-Matched, we set r = 318 and α = 636,
while for Adapter-Matched, we set the hidden di-
mension to 2150. Since these additional parameter
modules are randomly initialized and trained from
scratch, we use a higher learning rate of 5× 10−5

for these modules in LLaMA3.1-8B. All other ex-
perimental settings remain the same as those in
Section 5.4.

F More Experimental Results

F.1 Domain Subspace Analysis

We conduct the same domain subspace analysis
on Olmo3-7B and SmolLM3-3B. Figure 4 shows
the MPAS of domain subspaces across different
domains of Olmo3-7B and SmolLM3-3B. Fig-
ure 5 shows the MPAS between domain subspaces
across different layers in Olmo3-7B and SmolLM3-
3B when inputting text from CS domain. The
domain-relevant subspaces in the residual streams
of these two models exhibit a consistent pattern
with LLaMA3.1-8B, indicating that the geometric
properties of the domain-relevant subspaces are ro-
bust under different model architectures and scales.

F.2 Important Parameters Localization

We conduct the same important parameters locating
experiment on Olmo3-7B. Table 9 shows the com-
parison with baseline methods across each domain,
while Table 10 shows the results against ablation
variants. Intervening on the important value vec-
tors in Olmo3-7B substantially reduces both the
probability and reciprocal rank of the correct an-
swer. While the performance drop is less severe
compared to LLaMA3.1-8B and SmolLM3-3B, our
method still achieves the largest or second-largest
performance drops across the evaluated metrics.
These results further demonstrate the robustness of
our method in locating domain-relevant important
parameters.

F.3 Fine-Tuning Control Experiments

We conduct control experiments where all FFN
layers are frozen, and only the parameters of the
other modules are trained. Table 11 shows the test
perplexity for each domain after fine-tuning on var-
ious models. Table 12 shows the proportion of
trainable parameters and peak GPU memory under
different experimental configurations. Compared
to fine-tuning only the parameters of the other mod-
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Figure 4: MPAS of domain subspaces across different domains in Olmo3-7B and SmolLM3-3B. We show results for
the first layer, the middle layer, and the final layer. Diagonal elements of the heatmaps correspond to comparisons
using different texts from the same domain, while upper-triangular elements correspond to comparisons using texts
from different domains.

ules, incorporating the important neuron channels
in FFN layers leads to a slight increase in peak
GPU memory, while the test perplexity decreases
significantly, demonstrating the necessity of train-
ing these parameters.

F.4 Important Parameters Fine-Tuning

We conduct the same domain fine-tuning experi-
ments on Olmo3-7B and SmolLM3-3B. Tables 13
and 14 show the fine-tuning results for Olmo3-7B
and SmolLM3-3B, respectively. Fine-tuning the
important parameter vectors achieves test perplex-
ity close to full fine-tuning, while also exhibiting
better generalization. Table 15 shows the propor-
tion of trainable parameters and peak GPU mem-
ory when fine-tuning different ratios of the FFN
parameter vectors in the two models. Fine-tuning
the important parameter vectors substantially re-
duces computational and memory usage, enabling
broader application scenarios.

Furthermore, Table 16 shows the SAS compu-
tation time across each domain on a single A800
GPU using 10,000 domain-specific samples. The
computed SAS is a floating-point array of size
l × din. Taking LLaMA3.1-8B as an example, its
storage overhead is merely 1.8 MB.

F.5 Additional Domain-Specific Fine-Tuning
We further validate the effectiveness of our method
on medical (MedQA) and legal (CaseHold) datasets
using LLaMA3.1-8B. For MedQA, we conduct
experiments with the original training, validation,
and test splits provided by the dataset. For Case-
Hold, we randomly sample 14,000 instances and
split them into training, validation, and test sets fol-
lowing a 5:1:1 ratio. The experimental results are
shown in Table 17. As can be seen, the SAS-based
fine-tuning strategy can still achieve performance
comparable to full fine-tuning on these complex
datasets. The improvement in test accuracy after
fine-tuning is very close to that of full fine-tuning,
and the test perplexity on MedQA is even superior
to that of full fine-tuning, which further validates
the effectiveness of our method.
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Figure 5: MPAS between domain subspaces across different layers in Olmo3-7B and SmolLM3-3B when using text
from CS domain.

Method Model Probability (%) MRR (×100)

CS EESS Math. Phys. QB Stat. CS EESS Math. Phys. QB Stat.

Origin 57.72 28.64 62.04 42.40 38.93 51.35 93.58 65.11 96.08 83.53 81.35 91.70

SUC

O
lm

o

41.23 21.79 44.21 29.68 36.84 39.75 86.92 54.34 85.89 63.40 69.10 82.45
LPI 35.14 16.39 37.59 21.25 18.28 27.26 79.12 45.35 78.21 52.00 50.25 67.51

CULNIG 23.34 7.74 40.86 15.98 12.48 18.71 63.26 36.02 77.20 48.10 42.21 50.70
SAS 26.35 10.67 28.16 13.78 14.84 17.55 58.78 32.77 61.07 35.31 39.06 41.89

Table 9: Probability (%) and Mean Reciprocal Rank (MRR ×100) of the correct answer when intervening the top-1
most important value vector per FFN layer across each domain. Results are averaged over 100 samples. Bold and
underlined values indicate the lowest and second-lowest results, respectively. Lower values indicate more accurate
localization of important parameters.

Method Model Probability (%) MRR (×100)

CS EESS Math. Phys. QB Stat. CS EESS Math. Phys. QB Stat.

Origin 57.72 28.64 62.04 42.40 38.93 51.35 93.58 65.11 96.08 83.53 81.35 91.70

Without P

O
lm

o 27.53 15.64 29.03 16.67 15.60 22.30 64.94 39.50 65.57 39.88 40.18 56.27
Random P 27.15 15.65 28.80 16.66 15.60 22.27 64.44 39.48 65.57 39.30 40.21 55.45

SAS 26.35 10.67 28.16 13.78 14.84 17.55 58.78 32.77 61.07 35.31 39.06 41.89

Table 10: Comparison among Without P , Random P , and SAS. Bold and underlined values indicate the lowest
and second-lowest results, respectively. Lower values indicate more accurate localization of important parameters.

34363



Domain
LLaMA3.1-8B Olmo3-3B SmolLM3-3B

Origin FT-FFN
-10%

FT-FFN
-Frozen Origin FT-FFN

-10%
FT-FFN
-Frozen Origin FT-FFN

-10%
FT-FFN
-Frozen

CS 11.1129 10.3695 10.4688 14.6616 10.6664 10.7972 13.5908 12.6638 12.7520
EESS 9.8979 9.1760 9.2776 13.7218 9.8779 10.0262 12.7429 11.6176 11.7765
Math. 6.2630 5.8498 5.9130 8.6894 6.6676 6.7526 9.0514 8.2721 8.3554
Phys. 10.5883 10.0411 10.1202 14.8454 11.5352 11.7229 14.0616 13.2836 13.3517
QB 10.8058 10.2825 10.3534 13.7057 11.2088 11.3755 12.9020 12.2584 12.3464
Stat. 10.1675 9.5281 9.6351 13.3349 10.5020 10.6650 13.1057 12.0444 12.1390

Table 11: Test perplexity across different domains under control experiments. We compare fine-tuning 10% of
the important parameter vectors in FFN layers and fine-tuning with all FFN layers frozen. "Origin" denotes the
performance of the pre-trained model.

FT Strategy Trainable Params Ratio (%) Peak GPU Memory (GB)

LLaMA3.1-8B Olmo3-3B SmolLM3-3B LLaMA3.1-8B Olmo3-3B SmolLM3-3B

FT-FFN-10% 29.80 40.68 20.82 37.83 42.08 18.59
FT-FFN-Frozen 36.82 46.62 28.73 41.59 44.98 19.65

Table 12: The proportion of trainable parameters and peak GPU memory under different fine-tuning strategies.

Domain Origin FT
Domain Important Params FT Random

Params
FT-10%2% 4% 6% 8% 10%

CS 14.6616
10.5458
(-0.2113)

10.7127
(-0.0709)

10.6924
(-0.0797)

10.6838
(-0.0820)

10.6722
(-0.0839)

10.6664
(-0.0893)

10.7462
(-0.0656)

EESS 13.7218
9.7210
(-0.3771)

9.9307
(-0.2466)

9.9212
(-0.2551)

9.9009
(-0.2510)

9.8765
(-0.2486)

9.8779
(-0.2562)

9.9688
(-0.2561)

Math. 8.6894
6.5953
(-0.2629)

6.6954
(-0.1589)

6.6862
(-0.1661)

6.6776
(-0.1706)

6.6721
(-0.1760)

6.6676
(-0.1779)

6.7324
(-0.1687)

Phys. 14.8454
11.4218
(-0.2817)

11.6028
(-0.0968)

11.5673
(-0.0999)

11.5545
(-0.1020)

11.5512
(-0.1076)

11.5352
(-0.1073)

11.6546
(-0.1016)

QB 13.7057
11.0967
(-0.2399)

11.2911
(-0.1100)

11.2587
(-0.0990)

11.2352
(-0.0961)

11.2205
(-0.0888)

11.2088
(-0.0948)

11.3132
(-0.0867)

Stat. 13.3349
10.3716
(-0.3011)

10.5586
(-0.1561)

10.5402
(-0.1667)

10.5341
(-0.1754)

10.5203
(-0.1773)

10.5020
(-0.1765)

10.6063
(-0.1626)

Table 13: Fine-tuning results of Olmo3-7B across each domain. We compare full fine-tuning (FT), domain important
parameters fine-tuning at different ratios (2%–10%), and random parameters fine-tuning (10%). For each entry, the
top value represents the Test Perplexity, and the bottom value (in green) represents the Test/Train Gap. "Origin"
denotes the performance of the pre-trained model.
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Domain Origin FT
Domain Important Params FT Random

Params
FT-10%2% 4% 6% 8% 10%

CS 13.5908
12.5153
(-0.4019)

12.6990
(-0.1112)

12.6849
(-0.1259)

12.6779
(-0.1330)

12.6708
(-0.1378)

12.6638
(-0.1469)

12.6920
(-0.1323)

EESS 12.7429
11.3362
(-0.3868)

11.7009
(-0.1171)

11.6812
(-0.1318)

11.6583
(-0.1447)

11.6388
(-0.1441)

11.6176
(-0.1440)

11.6812
(-0.1399)

Math. 9.0514
8.1839
(-0.3438)

8.2998
(-0.1102)

8.2940
(-0.1191)

8.2859
(-0.1273)

8.2801
(-0.1328)

8.2721
(-0.1417)

8.2998
(-0.1296)

Phys. 14.0616
13.1897
(-0.4658)

13.3063
(-0.1185)

13.2987
(-0.1287)

13.2949
(-0.1352)

13.2912
(-0.1471)

13.2836
(-0.1509)

13.3063
(-0.1422)

QB 12.9020
12.1806
(-0.3668)

12.2974
(-0.1061)

12.2909
(-0.1136)

12.2779
(-0.1145)

12.2681
(-0.1174)

12.2584
(-0.1194)

12.2974
(-0.1220)

Stat. 13.1057
11.8294
(-0.3826)

12.0658
(-0.0876)

12.0480
(-0.1018)

12.0444
(-0.1151)

12.0444
(-0.1337)

12.0444
(-0.1516)

12.0480
(-0.1070)

Table 14: Fine-tuning results of SmolLM3-3B across each domain. We compare full fine-tuning (FT), domain
important parameters fine-tuning at different ratios (2%–10%), and random parameters fine-tuning (10%). For each
entry, the top value represents the Test Perplexity, and the bottom value (in green) represents the Test/Train Gap.
"Origin" denotes the performance of the pre-trained model.

FT FFN Ratio (%)
Trainable Params Ratio (%) Peak GPU Memory (GB)

Olmo3-7B SmolLM3-3B Olmo3-7B SmolLM3-3B

2 41.87 22.40 42.96 18.85
4 43.06 23.99 43.48 19.08
6 44.25 25.57 44.00 19.28
8 45.43 27.15 44.49 19.49
10 46.62 28.73 44.98 19.65
100 100.00 100.00 69.30 31.74

Table 15: The proportion of trainable parameters and peak GPU memory when fine-tuning different ratios of FFN
parameter vectors in Olmo3-7B and SmolLM3-3B.
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Domain LLaMA Olmo SmolLM

CS 361.24 381.81 166.00
EESS 341.30 374.41 162.65
Math. 439.49 484.05 209.09
Phys. 366.82 400.74 174.57
QB 371.86 404.64 177.26
Stat. 333.18 363.01 158.59

Table 16: SAS computation time of models across each
domain (in seconds).

Method
MedQA CaseHold

Acc. PPL Acc. PPL

Origin 58.05 4.73 52.80 8.93
FT 64.57 4.66 80.80 8.66
FT-FFN-10% 62.37 4.63 79.70 8.76

Table 17: Fine-tuning results of LLaMA-3.1-8B on
MedQA and CaseHold. We compare fine-tuning 10% of
the important parameter vectors in FFN layers against
full fine-tuning, where test accuracy (%) and perplexity
are adopted as comparison metrics.
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