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Abstract

Knowledge distillation (KD) aims to enhance the perfor-
mance of lightweight student networks through the guidance
of teacher models. However, the existing methods have defi-
ciencies in two key aspects: First, these methods rely heavily
on static representation alignment, failing to account for opti-
mization sensitivity in different directions within the distilla-
tion subspace; second, they lack a fine-grained mechanism to
align critical directional features. To address these issues, we
propose Direction Sensitivity—based Knowledge Distillation
method (DSKD), which can quantitatively measure the sensi-
tivity of each direction to the loss function at different training
stages and dynamically select the optimization direction ac-
cordingly. Meanwhile, we designed a directional sensitivities
weighted distillation loss. By aligning the parameter matrices
of the teacher and student models in the key directions, we
can more effectively transfer knowledge and improve the dis-
tillation effect. We combined DSKD with multiple advanced
distillation strategies and conducted an empirical evaluation
in the GLUE benchmark and CIFAR-100. The results showed
that this method could significantly improve the performance
of existing distillation techniques.

Code — https://github.com/theChoseno/DSKD

Introduction

Knowledge Distillation (KD) has emerged as a cornerstone
paradigm for model compression, enabling efficient deploy-
ment of deep learning systems in resource-constrained sce-
narios across computer vision and natural language pro-
cessing (Hinton, Vinyals, and Dean 2015). By transferring
knowledge from a high-capacity teacher to a compact stu-
dent model, KD effectively balances performance retention
with reduced inference latency and memory footprint. The
proliferation of powerful Transformer-based pre-trained lan-
guage models (PLMs) such as BERT (Devlin et al. 2019)
and RoBERTa (Liu et al. 2019) has intensified the urgency
for effective compression techniques, as their computational
demands often preclude deployment on edge devices. Con-
sequently, designing KD strategies that preserve the nuanced
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Figure 1: The differences between (a) vanilla knowledge dis-
tillation (b) low rank knowledge distillation and (c) direc-
tion sensitivity-based knowledge distillation (DSKD). Our
method uses key directions to construct low-rank distillation
losses.

representational capacity of these architectures while ac-
commodating stringent resource limitations has become a
critical research frontier (Gou et al. 2021), necessitating in-
novations beyond conventional distillation frameworks.

Among the many KD strategies, low-rank distillation
(Figure.1(b)) has recently attracted attention due to its abil-
ity to compress model representations while preserving crit-
ical information. These approaches typically rely on Sin-
gular Value Decomposition (SVD) to extract the dominant
directions—those corresponding to the largest singular val-
ues—from weight or feature matrices as knowledge carriers
(Zhang et al. 2025; Lee, Kim, and Song 2018). While effec-
tive in reducing dimensionality, this strategy is inherently
static: it ranks directions solely by singular value magni-
tude, under the assumption that the largest ones always cap-
ture the most informative structure. However, this assump-
tion has limitations. Recent studies suggest that the influence
of a direction on model performance may not always align



with its singular value rank—especially after fine-tuning,
where directions with small singular values can exert signif-
icant impact (Staats, Thamm, and Rosenow 2024; Oymak
et al. 2019). Moreover, SVD-based approximation assumes
uniform importance across parameters, often leading to de-
graded performance in downstream tasks (Hsu et al. 2022).
Attempts to improve low-rank estimation by re-weighting
parameter importance (Hua et al. 2023, 2022) mark a step
forward, but still fall short of modeling how these direc-
tions influence loss function during training. In light of these
findings, we argue that direction selection in KD should be
guided not merely by static structure (e.g., singular value
magnitude), but by its optimization sensitivity—that is, how
strongly a direction responds to the loss function during
training. While sensitivity-based metrics have been used
in pruning and robustness (Liu et al. 2024b,a), they focus
on parameter-level importance or post-hoc analysis—aimed
at removing weights, not preserving critical directions in
knowledge transfer. This highlights a key gap: current dis-
tillation methods lack a mechanism to identify singular di-
rections that are functionally important during optimization.
Relying on static criteria (e.g., singular value magnitude) or
heuristic reweighting, they fail to capture how directional
influence evolves in training. As a result, informative low-
energy directions may be ignored, while dominant but un-
stable ones may mislead the student. No existing method
dynamically selects optimization-relevant subspaces—those
most sensitive to the loss landscape—to guide knowledge
transfer.

To address the above problem, this paper proposes Di-
rection Sensitivity—based Knowledge Distillation (DSKD),
a framework that selects low-rank subspaces based on their
optimization sensitivity rather than static singular values
(Figure.1(c)). We introduce a training-phase-aware metric
that fuses gradient and curvature signals to identify the most
influential directions during training, and design a direction-
weighted distillation loss to align teacher and student mod-
els within this adaptive subspace. Our approach shifts the
paradigm of low-rank distillation from structure-centric to
optimization-aware. By dynamically integrating first-order
and second-order sensitivity signals to adaptively update the
distillation subspace, DSKD establishes a functional align-
ment mechanism that evolves with the optimization trajec-
tory, moving beyond the limitations of static SVD. Com-
pared to traditional structure-only methods, our approach
provides a more interpretable and targeted mechanism for
knowledge transfer by considering the stage-specific direc-
tion importance. Our work makes three key contributions:

* We introduce a novel perspective on direction selection
in knowledge distillation by considering optimization
sensitivity rather than static singular value magnitudes.
Our method jointly leverages first-order and second-
order information to quantify directional importance, and
employs a training-phase-aware fusion strategy that dy-
namically adapts direction selection throughout the opti-
mization process.

e We introduce a direction-weighted distillation loss that
emphasizes optimization-sensitive directions via top-k
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selection for low-rank reconstruction, enabling more ef-
fective knowledge transfer than structure-based methods.

» Extensive experiments on GLUE and CIFAR-100 show
consistent improvements over state-of-the-art baselines,
demonstrating the effectiveness of our approach in en-
hancing distillation across downstream tasks.

Related Work
Knowledge Distillation

KD transfers knowledge from teacher to student via struc-
tured alignment (Hinton, Vinyals, and Dean 2015). Meth-
ods include logit-based KD (Jing Yang 2021; Li et al. 2022;
Li and Zhe 2022; Zhou et al. 2023; Li et al. 2023; Gong
et al. 2023; Sun et al. 2024; Gao et al. 2025), using softened
outputs, and feature-based KD (Park et al. 2019; Tung and
Mori 2019; Chen et al. 2022; Guo et al. 2023; Yang et al.
2024; Li et al. 2025; Dai et al. 2025), aligning intermediate
representations. However, direct feature matching between
disparate Transformers often causes optimization instabil-
ity due to student capacity limits (Liang et al. 2023). Atten-
tion (Zagoruyko and Komodakis 2017; Jiao et al. 2020) and
relational distillation (Tian, Krishnan, and Isola 2020) par-
tially help but fail to balance fidelity and learnability. DSKD
identifies discriminative teacher subspaces via loss sensi-
tivity analysis, guiding the student toward critical knowl-
edge without architectural overhead—enabling more effec-
tive and targeted distillation.

SVD-based Distillation Methods

SVD is a widely used technique for model compression
(Denton et al. 2014; Zhang et al. 2015; Yang et al. 2020) and
has been extended to KD by selecting top singular directions
as knowledge carriers (Lee, Kim, and Song 2018; Zhang
et al. 2025). Extensions include cross-model singular vec-
tor alignment and tensor-based student enhancement (Zhan
et al. 2024). However, these methods typically assume that
large singular values directly indicate direction importance,
overlooking that some low-energy directions can become
critical during fine-tuning (Staats, Thamm, and Rosenow
2024). To address this, re-weighting approaches have been
proposed (Hua et al. 2023, 2022), but they often lack ex-
plicit modeling of training dynamics. Our work extends this
line by incorporating both gradient and Hessian information
to adaptively identify optimization-relevant directions.

Low-Rank Approximation and Modeling

Low-rank modeling is fundamental to efficient neural archi-
tectures, with methods such as Linformer (Wang et al. 2020),
automatic rank selection (Gao et al. 2024; Horvath et al.
2024; Ryu et al. 2024) and curvature-aware approximation
(Li et al. 2024). These studies show that effective low-rank
strategies preserve performance when guided by appropriate
selection criteria. Yet, few works integrate optimization sen-
sitivity—captured via gradients and curvature—into direc-
tional selection. Our method fills this gap by quantifying di-
rectional responses to the loss function, enabling principled
low-rank distillation aligned with the training dynamics.
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Figure 2: An overview of our DSKD. We apply SVD on the parameter update part of the student model and use the direction
sensitivity metric to select the & most sensitive singular directions. Using normalized sensitivity weights, we reconstruct low-
rank approximations of both teacher and student models along these directions. The alignment in the sensitive subspace is then
measured via MSE loss between the reconstructed matrices. Our approach preserves the most influential update directions and

enables fine-grained, direction-aware knowledge transfer.

Method

This section provides a detailed introduction of DSKD. The
overall framework is illustrated in Figure.2

SVD Decomposition of Matrix

Let W € R™*™ denote a parameter matrix in the teacher
model, with SVD:

W=USV' = Zaiuiv;, )
i=1

where r = rank(W), o; is the i-th singular value, and u;,
v; are the corresponding left and right singular vectors.

Conventional low-rank distillation methods (Zhang et al.
2025; Lee, Kim, and Song 2018) select the top-k singular
directions based on magnitude (o;), assuming larger values
indicate greater importance. However, this static criterion ig-
nores the dynamic role of directions during optimization. A
direction with small o; may still be critical if it induces large
changes in the loss function. To address this, we propose a
training-phase-aware direction selection strategy grounded
in optimization sensitivity.

Loss Sensitivity under Singular Direction
Perturbation

We quantify the impact of each singular direction (u;,v;)
by analyzing the second-order Taylor expansion of the loss
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L(W) under perturbation AW = o;u; v, :

LW + AW) = L(W) + (VL(W), AW) )
+ AW, H(W)[AW]) + of|AW]3),
3)

where VL(W) is the gradient and H(W) is the Hessian
operator, (-, -) denotes the Frobenius inner product.
The first-order term evaluates gradient alignment:

(VL,AW) = 0; - u] VL(W)v;. 4)

The second-order term captures curvature response:
(AW, H[AW]) = 07 - (v; @ w;) TH(W)(vi @ u;), (5)

where ® denotes the Kronecker product.

Dynamic Direction Selection

In the early training stage, the parameter W is far from the
local optimum, and the gradient dominates the update direc-
tion. A first-order Taylor approximation yields:
AL =0 - |uiTsz-| + o(a?), (6)
where G = VL(W), the second-order term is negligible
when ¢; is small. Therefore, we define the first-order metric
as:
7V = oi - Ju] Gvi| )

In the later training stage, assuming the model approaches
a local optimum W* with VL(W*) = 0, the second-order



loss change under a rank-one perturbation o;u; v, is:

LOW* +ouv] ) — L(W) ®)

= %o—? (viow) THWH) (v, ow). (9
To avoid Hessian computation, we approximate it via
the empirical Fisher matrix F E[GG'] (Kunstner,
Balles, and Hennig 2019; Li et al. 2024), noting that (v; ®
w,) F(v; ®w;) = (u] Gv;)2
We can get:

~
~

(vi @ w) T H(W)(v; @ u;) (10
~ (vi o w) F(v; @ w) (11)
~ (u) Gv;)? (12)
<|(u;"GG ) (vi'GTGvy)|. (13)

We propose a conservative second-order term sensitivity
metric:

2
Ui.

1
while the Fisher quadratic form (u] Gv;)? provides a di-
rect approximation of the Hessian-induced curvature, it is
highly sensitive to mini-batch noise. Our proposed upper
bound serves as a robust, high-recall alternative. By ampli-
fying directions with high gradient energy in both input (v;)
and output (u;) spaces, it identifies structurally critical path-
ways that are likely to exhibit significant second-order ef-
fects, even when the instantaneous joint response (1, Gv;)
is moderate. This makes it a reliable criterion for identifying
optimization-relevant directions in the late training phase.
To adaptively balance these across training, we introduce
a time-varying coefficient a(¢) € [0, 1] and define the com-
posite sensitivity score:

T, =1 -a(t)- IV + a(t) - 12, (15)
where Z = ZZLI denotes normalization across directions

to ensure numerical stability and fair comparison. «(t) in-
creases from O to 1 over training steps.
We select the top-k most sensitive directions:

(wiTGG w)(vi ' GTGwvy)|, (14

K= argmaxl(k)Ii, (16)
forming an optimization-aware subspace for distillation.

To balance efficiency and adaptivity, we update the direc-
tion set IC periodically every T steps which ensures that sen-
sitivity rankings remain stable over short intervals. Periodic
updates reduce computational overhead from repeated gra-
dient, while still capturing dynamic changes in directional
importance.

Weighted Low-Rank Distillation Loss

Let W, and W, denote corresponding parameter matrices
in the student and teacher models. We compute their SVDs
and extract the top-k directions in K to form low-rank ap-
proximations:

U = ™ e R, (17)
St = diag(o{™,...,0{")) e R***, (18)
VD = v v e R, (19)
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with analogous definitions for ng), s&’“’, ng).
To emphasize the importance of sensitive directions, we

introduce a diagonal weight matrix 2 = diag(w;,, . .., w;, ),
where:
wie =T viek (20)
[ Zje;c Ij 9
This ensures » , w; = 1, promoting numerical stability.
We define the weighted low-rank representations:
Wit = eusF (v, @)
W =au®s (V)T 22)

note that weighting is applied at the reconstruction level, re-
scaling the contribution of each direction according to its
optimization sensitivity.

The distillation loss is defined as:

— a2
Lsvo = W - WO . (23)

Finally, the overall objective combines task-specific loss

Lk (e.g., cross-entropy) and distillation loss:

L= Etask +A- £SVD; (24)

where A > 0 balances the two components. This joint ob-
jective enables the student to inherit structurally and func-
tionally critical knowledge from the teacher while preserv-
ing task performance.

Experiments

We conduct a comprehensive evaluation of our method
by integrating it into state-of-the-art knowledge distillation
frameworks, aiming to enhance their performance. Experi-
ments span two domains—natural language processing and
computer vision—to demonstrate broad effectiveness. Code
is provided in the appendix.

Datasets

GLUE The GLUE benchmark (Wang et al. 2019) in-
cludes sentiment analysis (SST-2), linguistic acceptability
(CoLA), paraphrasing (MRPC, QQP), natural language in-
ference (RTE, MNLI, QNLI), and semantic similarity (STS-
B). We report accuracy for MNLI (averaged over matched
and mismatched splits), SST-2, QNLI, QQP, and RTE; F1
for MRPC; Matthews correlation for CoLA; and Spearman
correlation for STS-B (Wu et al. 2023; Zhou et al. 2023).

CIFAR-100 This image classification dataset
(Krizhevsky, Hinton et al. 2009) contains 60,000 im-
ages from 100 classes, with 50,000 training and 10,000 test
samples. We evaluate using top-1 and top-5 accuracy.

Baseline Models

For the GLUE benchmark, we integrate our module into
recent distillation methods: BERT-of-Theseus (Xu et al.
2020), LGTM (Ren et al. 2023), DBKD (Zhou et al. 2023),
and AD-KD (Wu et al. 2023). For comparison with tensor-
based approaches, we also include OPDF (Zhan et al. 2024).
Note that DBKD does not report results on STS-B, as it fo-
cuses on logit estimation from decision distributions.



Methods RTE MRPC STS-B CoLA SST-2 QNLI QQP MNLI Avg. Train Inference
Acc. F1/Acc. Corr. Mcc. F1/Acc. Acc. Fl/Acc. Acc. params (M) params (M)
BERT-base
70.5 88.3/82.8 86.4 547 91.7 91.7 88.0/91.0 84.2/83.3 81.7 110 110
BERT-of-Theseus
None 66.1 87.6/81.1 85.7 372  90.1 88.0 86.7/89.9  81.7 T77.7 66 66
+SVD 65.7 87.2/80.7 85.0 400 90.6 882 85.8/89.1 80.5 77.7 66 66
+SVD (OP) 65.5 87.0/80.6 852 39.1 91.0 87.9 86.2/89.7 79.6 71.5 90 66
+OPDF 66.3 87.1/80.9 86.1 412 914 89.0 86.8/90.2 81.6  78.5 160 66
+DSKD (Ours) 67.6 87.7/81.6 856 43.0 91.5 89.2 87.2/90.5 828 79.2 66 66
LGTM
None 64.8 85.5/784 85.0 499 917 89.2 88.0/91.1 82.5 79.3 67 67
+SVD 649 84.1/759 84.8 488 90.6 883 86.9/89.0 826 78.5 67 67
+SVD (OP) 65.2 85.8/80.9 83.3 425 91.2 884 87.0/89.5 815 779 91 67
+OPDF 65.5 86.5/81.2 854 486 915 893 87.5/89.9 829 795 163 67
+DSKD (Ours) 66.2 859/789 852 494 922 89.1 88.6/91.7 83.6 79.8 67 67
DBKD
None 63.3 82.6/74.8 - 256 889 86.7 86.3/89.8 765 725 53 53
+SVD 63.6 83.1/75.0 - 28.1 88.7 87.1 85.0/879 76.8 728 53 53
+SVD (OP) 64.2 84.1/76.5 - 26.9 89.1 86.5 85.1/88.1 75.5 727 69 53
+OPDF 65.1 84.8/77.0 - 277 89.8 87.7 86.1/89.2 77.0 73.7 83 53
+DSKD (Ours) 64.7 83.7/75.8 - 288 89.7 875 86.2/89.7 776 73.7 53 53
AD-KD
None 67.5 84.7/79.0 88.4 49.7 9I1.1 90.8 86.0/89.5 81.0 79.8 67 67
+SVD 67.0 84.5/78.6 88.1 498 90.5 89.5 86.5/899 812 795 67 67
+SVD (OP) 68.1 84.7/78.9 88.4 50.1 89.9 90.0 86.1/89.6 81.2 79.7 91 67
+OPDF 68.5 85.0/79.1 88.5 509 913 91.0 86.9/90.1 82.0 80.3 182 67
+DSKD (Ours) 669 85.7/80.1 88.9 515 915 90.5 87.1/90.7 819 80.4 67 67

Table 1: Overall results on the GLUE benchmark (in percent). Results are averaged over 3 runs. The best results are shown in

bold.

For the CIFAR-100 dataset, We evaluate on ReviewKD
(Chen et al. 2021), DKD (Zhao et al. 2022), and Exp-KD
(Sun et al. 2025), integrating our method to validate its gen-
eralizability across vision-based distillation frameworks.

Implementation Details

We implement our framework in PyTorch using two
NVIDIA RTX A6000 GPUs (48GB each). For the GLUE
benchmark, we use BERT-base-uncased as the base model.
We report results using the checkpoint with the best valida-
tion performance.We compare our method (DSKD) against
standard SVD-based distillation and two over-parameterized
variants: SVD(OP) and OPDEF. Notably, SVD(OP) and
OPDF perform pre-training over-parameterization, whereas
our method and standard SVD apply decomposition dynam-
ically during training.

For the CIFAR-100 dataset, we evaluate four representa-
tive CNN-based distillation frameworks. For convolutional
layers, we consider both channel-wise (Zhang et al. 2015)
and spatial (Jaderberg, Vedaldi, and Zisserman 2014) SVD
strategies. Since OPDF was not originally designed for con-
volutional layers, we exclude it from comparison and focus
on SVD and DSKD.

Hyperparameters:

the SVD loss weight A €
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{0.1,0.5,1,2,10}, and the number of directions
k e {16,32,64,128,256}. On CIFAR-100, due to the
small intrinsic rank of convolutional kernels, we set k
to full rank, the time step for choosing the direction
T, € {1,10,50,100}. The training-phase-aware weighting
factor is scheduled linearly: «(t) t/T, where t is the
current step and 7' is the total.

Main Experimental Results

For the GLUE benchmark, as shown in Table.1, DSKD
consistently outperforms baseline methods across most
GLUE tasks. Notably, DSKD surpasses SVD-based over-
parameterization methods (e.g., SVD (OP), OPDF) without
increasing parameter count, demonstrating superior parame-
ter efficiency. Compared to standard SVD, the performance
gain validates the importance of optimization-sensitive di-
rection selection in distillation. These results confirm that
DSKD effectively enhances existing distillation frameworks
for natural language understanding. Training complexity
analysis is provided in the appendix.

For the CIFAR-100 dataset, as shown in Table.2, DSKD
achieves state-of-the-art performance on most evaluated ar-
chitectures. SVD with direction sensitivity consistently out-
performs its non-sensitive counterpart, verifying the utility



Methods ResNet56 ResNet110 ResNet32x4 WRN-40-2
ResNet20 ResNet32 ResNet8x4 WRN-16-2
top-1 top-5 | top-1 top-5 | top-1 top-5 | top-1 top-5
Teacher 724 925 | 743 929 | 794 946 | 75.6 93.6
ReviewKD
None 69.8 921 | 73.1 925 | 753 937 | 732 92.1
spatial-wise ~ +SVD 684 914 | 728 923 | 747 924 | 735 923
+DSKD (Ours) | 68.5 91.5 | 73.1 925 | 748 925 | 733 922
channel-wise +SVD 69.5 918 | 735 927 | 748 925 | 73.8 925
+DSKD (Ours) | 693 918 | 73.6 928 | 759 940 | 741 928
DKD
None 71.1 923 | 733 930 | 755 937 | 732 921
spatial-wise ~ +SVD 70.1 918 | 72.1 919 | 745 928 | 734 922
+DSKD (Ours) | 70.6 921 | 71.8 912 | 748 929 | 72.8 91.8
channel-wise +SVD 703 919 | 725 921 | 756 935 | 73.6 923
+DSKD (Ours) | 71.5 92,5 | 739 935 | 757 938 | 734 922
Exp-KD
None 67.8 912 | 684 905 | 682 90.7 | 70.1 913
spatial-wise ~ +SVD 67.1 90.6 | 681 902 | 67.8 90.1 | 699 910
+DSKD (Ours) | 67.5 91.0 | 685 90.7 | 682 905 | 703 914
channel-wise +SVD 68.0 913 | 687 90.8 | 684 90.6 | 709 91.6
+DSKD (Ours) | 683 915 | 69.1 919 | 686 908 | 709 919

Table 2: Overall results on CIFAR-100 datasets (in percent). Results are averaged over 3 runs. The best results are shown in

bold.

A RTE MRPC STS-B  CoLA
Acc. F1/Acc. Corr. Mcc.

SST-2 QNLI
F1/Acc. Acc.

0 66.1 87.6/81.1 85.7 37.2 90.1 88.0
0.1 66.2 87.6/81.1 85.7 40.7 91.5 89.1
0.5 669 87.5/81.4 85.7 43.0 91.2 89.2
1 67.6 87.7/81.6 85.5 39.0 91.5 88.2

64.7 87.1/80.6 85.4 37.1 90.8 88.1
10 64.7 86.6/79.7 85.4 34.0 88.9 87.5

Table 3: Ablation study of different A\ values on GLUE tasks
(in percent).

of direction selection. We further observe that channel-wise
decomposition significantly exceeds spatial decomposition
in accuracy. We attribute this to the stronger semantic align-
ment between singular directions and feature channels, en-
abling sensitivity metrics to identify task-critical subspaces.
In contrast, spatial decomposition lacks such interpretability,
limiting the effectiveness of directional analysis.

In summary, DSKD improves upon existing distillation
methods by adaptively selecting optimization-sensitive di-
rections. It provides a general and effective framework for
incorporating direction sensitivity into both transformer and
CNN-based models.

Ablation Study

Impact of \. Table.3 shows the effect of the distillation
weight A\, which balances the SVD loss and task-specific
objective. Performance is sensitive to A and varies across
tasks. Optimal values yield significant gains—up to +1.5%

RTE on Bert-Of-Theseus RTE on LGTM

3 Baseline 66
<671 —— svD
& | —— DSKD 65
I 661 Baseline
3 64 —s— SVD
2 """\-\_ —+— DSKD
65 -
16 32 64 128 256 16 32 64 128 256

MRPC on Bert-Of-Theseus

’/;;r:e\\ 80 Baseline

—a— SVD {—a— SVD

—— DSKD 78 —* DSKD

16 32 64 128 256 16 32 64 128 256
k values k values

MRPC on LGTM

<
o

F1 Score (%)
[e0]
~

(o}
w

Figure 3: Results on RTE and MRPC with different k£ (in
percent). The results on MPRC are the average of the accu-
racy rate and the f1 score.

on RTE and +5.8% on CoLA—while A = 0 results in perfor-
mance drops, confirming the effectiveness of DSKD. Overly
large A degrades performance across most tasks, suggest-
ing that excessive distillation pressure can impede student
learning by enforcing suboptimal teacher structures. Over-
all, A € [0.1, 1.0] provides a robust trade-off between knowl-
edge transfer and model adaptability.

Impact of k. DSKD uses a top-k strategy to focus on
loss-sensitive directions. We analyze &’s impact using Bert-
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Figure 4: The frequency at which the direction is selected
with different selection strategies.

of-Theseus on RTE and MRPC (Figure.3). Both SVD and
DSKD show a rise-then-fall trend in performance as k in-
creases. Too small k risks losing critical knowledge; too
large k introduces noise and harms distillation. This high-
lights the importance of balancing information retention and
noise suppression. In our experiment, k is set to 32.

Impact of 7;. We analyze the sensitivity to 75 on RTE
(~2.5K examples) and QNLI (~108K examples). Perfor-
mance on RTE varies significantly with T, whereas on
QNLI the effect is much smaller. We attribute this to data
efficiency: in low-data regimes, a small 7 may hinder the
student’s ability to capture the teacher’s structural knowl-
edge, while ample data in QNLI mitigate this sensitivity by
providing stronger optimization signals.

T, RTE QNLI

None 66.1 88.0
1 64.7_14 89.0410
10 66.2401 89.2412
50 66.910s8 89.0410
100 67.6.15 89.2,.1-

Table 4: Results on RTE and QNLI with different 7 (in per-
cent).

Impact of direction selection strategies. We evaluate dif-
ferent direction selection strategies on RTE and QNLI in
Table.5. Using only the second-order component performs
worse than the first-order alone, indicating that gradient
signals provide stronger initial guidance, while combining
both yields the best performance, showing that curvature
information complements gradient dynamics for more sta-
ble alignment. To analyze the selection pattern, we visual-
ize the frequency of the selected direction in a certain layer
of the weight matrix (Figure.4). On the smaller RTE set,
the influence of first- and second-order components is sim-
ilar; on QNLI, second-order-only selection overemphasizes
small singular-value directions, whereas first-order-only fo-
cus on top singular directions may miss fine-grained seman-
tics. Our method dynamically balances the two strategies,
enhancing the effect of distillation.
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Methods RTE QNLI
None 66.1 88.0
random 63.5_2_6 87.0_1_0
SVD 65.770.4 88.24,0'2
only First-order response 672411 88.94009
only Second-order response  66.8409.7  88.249.2
DSKD 67.6+1.5 89.2+1.2

Table 5: Results on RTE and QNLI with different direction
selection strategies (in percent).

Chosen Directions 1.0 Sensitivity of Directions

F |0.8
0.6
u

||

0.15
0.4 0.10
0.2 0.05
0.0
(a) Early training stage («(t) = 0.1).
Chosen Directions 1.0 Sensitivity of Directions
|0~8 |0.04
0.6 0.03
0.4 0.02
| 0.2 0.01

-. 0.0

(b) Late training stage (a(t) = 0.9).

Figure 5: Visualization of direction selection at different
training stages.

Visualized Analysis on Direction Sensitivity

We visualized the direction sensitivity of the parameter ma-
trix training of a certain layer of the student model in the
early (a(t) = 0.1) and late (a(t) = 0.9) stages (Figure.5)
(we presented the first 100 directions and expanded them
into matrices. Each grid point represents a direction. The
darkest region in the left figure indicates the selected direc-
tion; in the right figure, darker areas represent higher sen-
sitivity.). Initially, sensitivity concentrates on large-singular-
value directions, it spreads to smaller-singular-value direc-
tions and becomes more uniform. This adaptive shift pro-
motes efficient knowledge transfer and mitigates overfitting.

Conclusion

We propose a novel knowledge distillation framework that
selects singular directions based on optimization sensitiv-
ity rather than static magnitude. Our method introduces a
gradient- and Hessian-aware metric to capture the first- and
second-order impact of directions on the loss landscape,
with a training-phase-aware fusion mechanism for adaptive
importance scoring. A direction-weighted distillation loss
aligns the student and teacher in the top-k sensitive sub-
spaces. Experiments on GLUE and CIFAR-100 show con-
sistent gains over state-of-the-art baselines.
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