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Abstract

Deep learning models for Autism Spectrum Disorder (ASD) classification from functional
Magnetic Resonance Imaging (fMRI) data face two critical barriers to clinical deployment:
high computational costs and lack of interpretability. We propose Dual-Feature Knowledge
Distillation (DFKD), a framework that transfers both predictive accuracy and explainabil-
ity from large teacher models to compact student networks. DFKD leverages Dual-Feature
Saliency Extraction (DFS-Ex) to capture complementary texture and shape features from
fMRI-derived glass brain visualizations, guiding student training through spatial atten-
tion alignment. Evaluation on ABIDE across eight teacher-student pairs demonstrates
that DFKD achieves up to 97.95% accuracy with 8.6x compression, notably improving
ResNet101-GhostNet from 93.46% baseline to 97.95%, consistently outperforming conven-
tional distillation methods (Kullback-Leibler divergence Knowledge Distillation (KL-Div),
Intermediate Knowledge Distillation (I-KD)). Grad-CAM visualizations confirm DFKD-
trained students inherit interpretable attention patterns, focusing on diagnostically rele-
vant brain regions. Our approach enables deployment of efficient, transparent models in
resource-constrained clinical environments.

Keywords: Knowledge Distillation (KD), Explainability, Saliency maps, Texture Shape
features, fMRI data, ASD

1. Introduction

Autism Spectrum Disorder (ASD) affects approximately 1 in 59 children worldwide (Baio
et al., 2018). Early diagnosis is crucial, yet current assessment relies on subjective behavioral
evaluations. Functional MRI reveals altered connectivity in ASD, and deep learning shows
promise for automated classification (Heinsfeld et al., 2018). However, models face two
barriers: (1) high computational demands impractical for clinical environments, and (2)
lack of interpretability undermining trust.

To address these challenges, knowledge distillation (KD) (Hinton et al., 2015) has
emerged as an effective model compression strategy, transferring knowledge from large
teachers to compact students. Recent work includes intermediate distillation (Song et al.,
2024) and contrastive distillation (Tian et al., 2020). However, conventional KD addresses
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only computational efficiency while neglecting explainability. Prior research documents
explainability methods (EXMs), with saliency maps (Selvaraju et al., 2017) visualizing
decision-influential regions. While recent works (Sun et al., 2025; El Mohamadi et al.,
2025) integrate EXMs into KD, existing approaches use unimodal maps inadequate for

capturing complementary textural and structural Functional magnetic resonance imaging
(fMRI) features.

Despite its success in model compression, knowledge distillation faces fundamental lim-
itations that hinder its adoption in clinical medical imaging. First, capacity gap chal-
lenges (Mirzadeh et al., 2020): when the teacher-student capacity difference is large (e.g.,
>10x compression), naive distillation often fails as compact students lack sufficient rep-
resentational capacity to absorb complex teacher knowledge (Gou et al., 2021). This
is particularly problematic in medical imaging where large models (ResNets, transform-
ers) achieve state-of-the-art performance but deployment requires ultra-lightweight archi-
tectures (MobileNets, ShuffleNets) for resource-constrained clinical workstations. Second,
cross-architecture transfer difficulties: transferring knowledge between heterogeneous archi-
tectures (e.g., transformers to CNNs) encounters fundamental incompatibilities in feature
representations. Transformers process global context via self-attention over patch embed-
dings while CNNs extract hierarchical local features through convolutions (Touvron et al.,
2021). Third, and most critically for clinical deployment, the black-box nature of dis-
tilled models: conventional KD methods transfer predictive capabilities through soft tar-
gets or intermediate features but provide no mechanism to ensure that students inherit
interpretable decision strategies from teachers (Koh et al., 2020). This results in compact
models that may achieve high accuracy yet focus on spurious correlations or irrelevant image
regions, undermining clinical trustworthiness. Recent attempts to integrate explainability
into KD (Zagoruyko and Komodakis, 2017; Park et al., 2019; Heo et al., 2019) rely on
attention transfer or relational knowledge but operate at abstract feature levels without
grounding in human-interpretable spatial saliency. Moreover, existing explainability-aware
distillation methods (Sun et al., 2025) employ unimodal saliency representations that fail to
capture the hierarchical, multi-scale nature of medical image features. These include tex-
ture patterns encoding fine-grained anatomical details and shape structures representing
global connectivity patterns. These limitations create a critical gap: clinical deployment
demands models that are simultaneously efficient (lightweight for real-time inference), ac-
curate (maintaining diagnostic performance), and interpretable (providing evidence-based
explanations), yet no existing KD framework addresses all three requirements.

Building on these foundations, we propose Dual-Feature Knowledge Distillation (DFKD),
a novel framework that synergizes dual-feature saliency maps with knowledge transfer. Our
method incorporates the Dual-Feature Saliency Extraction (DFS-Ex) mechanism, which
fuses early-layer texture features and late-layer shape features from glass brain visualiza-
tions to provide richer feature representations. Unlike traditional KD that transfers only
logits (Hinton et al., 2015) or intermediate features (Romero et al., 2015), we explicitly in-
corporate explainability as an additional knowledge stream through: (i) dual saliency map
extraction from teacher and student networks at complementary depths, capturing both
fine-grained texture patterns from early layers and coarse-grained shape structures from late
layers; and (ii) explainability-aligned loss functions enforcing spatial consistency between
saliency maps, ensuring that students attend to diagnostically relevant brain regions such
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as the posterior cingulate cortex, medial prefrontal cortex, and temporo-parietal junction.
These are key nodes of networks implicated in ASD pathophysiology (Di Martino et al.,
2014). This dual-level approach addresses the critical gap in existing explainability-driven
KD methods that rely on unimodal saliency representations (Sun et al., 2025), failing to cap-
ture the hierarchical and complementary nature of features learned by deep networks (Zeiler
and Fergus, 2014). We validate DFKD on the ABIDE dataset (ABIDE Consortium, 2014)
across eight carefully selected teacher-student architecture pairs spanning convolutional and
transformer-based models. Our contributions include:

e A dual-feature saliency extraction mechanism (DFS-Ex) tailored for fMRI-derived
glass brain images, capturing complementary texture and shape features.

e An explainability-driven distillation loss that enforces spatial consistency between
teacher and student saliency maps, ensuring interpretability preservation.

e Comprehensive evaluation on eight teacher-student pairs, achieving up to 97.9% ac-
curacy with 8.6x model compression while maintaining diagnostic explainability.

The remainder of this paper is organized as follows: Section 2 details the proposed
DFKD methodology. Section 3 describes experimental settings including dataset and train-
ing protocols. Section 4 presents comparative results and discusses explainability analysis.
Section 5 concludes with implications and future directions.

2. Proposed Approach

Figure 1 illustrates the DFKD framework comprising three stages: (1) independent teacher-
student training, (2) dual-feature saliency extraction via DFS-Ex, and (3) explainability-
driven distillation enforcing attention alignment.

2.1. Baseline Model Training

We begin by training teacher and student architectures independently on fMRI-derived
glass brain visualizations generated from resting-state functional connectivity data. We
select eight teacher-student pairs combining large-capacity teachers with compact students,
spanning both convolutional and transformer architectures. All models are initialized from
ImageNet weights and adapted to the neuroimaging domain through supervised learning.

For binary ASD vs. Typical Controls (TC) classification, we optimize models using
standard binary cross-entropy. Given an input image x; and its corresponding label ¢; €
{0,1}, the optimization objective is:

1 R R
Las = 1B > [tilog pi + (1 — ;) log(1 — )] (1)
ieB

where p; = o(z;; ©) represents the predicted probability under parameters ©, o(-) is the
sigmoid activation, and B denotes the training batch.

This phase validates teacher accuracy and quantifies the teacher-student gap, enabling
measurement of distillation effectiveness.
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2.2. Dual-Feature Saliency Extraction

Explainability integration requires capturing interpretable features at multiple abstraction
levels. We propose DFS-Ex, a dual-stream saliency extraction mechanism that operates on
early and late network layers to capture complementary visual cues. inspired by texture-
shape explainability methods (El Mohamadi and El Hassouni, 2023). Early layers encode
localized texture patterns (fine-grained activations corresponding to specific brain regions)
while late layers encode global shape structures that represent large-scale connectivity pat-
terns. This hierarchical decomposition aligns with the known architecture of deep net-
works (Zhou et al., 2016), where representational complexity increases with depth.

For convolutional architectures, we define two extraction points: the output of the first
residual block (texture layer £q,1y) and the penultimate feature map before the classification
head (shape layer f},4.). Consider a feature tensor HO ¢ RNXDXWXH at layer £, where N
is batch size, D is feature dimensionality, and W x H are spatial dimensions. We compute
the saliency mask via:

(2)

naw,h

o {1, if maxy Hgf)d,w,h > ,U/(E) + K- O'(Z)

0, otherwise

where @ and @ are the mean and standard deviation of activations across the spatial-
channel dimensions, and k controls sensitivity (adjusted based on architecture characteris-
tics).

For transformer architectures, spatial importance is derived from attention mechanisms
rather than convolutional activations. We extract attention maps from multiple transformer
blocks and aggregate them:

1
"Cattn|

w® (3)
Zeﬂattn

Wee =

where W) represents the attention weights at block ¢, and L, is the set of selected
attention layers.

The final saliency representation combines texture and shape information through element-
wise weighted summation:

G =n- R(Kearly) + (1 _ 77) . R(Elate) (4)

where 71 balances the contribution of texture and shape features. This fused map G encodes
spatially localized importance, serving as the explainability knowledge to be transferred
during distillation.

2.3. Explainability-Driven Knowledge Distillation

The distillation phase leverages the extracted saliency maps Gt and Gg (where subscripts
T and S denote teacher and student, respectively) to guide knowledge transfer. By aligning
these attention distributions, we ensure that compact student models focus on diagnostically
relevant brain regions, such as the default mode network and salience network, mirroring
the teacher’s interpretable decision patterns.
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Figure 1: Overview of the DFKD framework. Teacher and student models process glass
brain images, extracting dual-feature saliency maps (DFS-Ex) from early (tex-
ture) and late (shape) layers. The fused saliency maps guide knowledge distilla-
tion through spatial alignment (Lg,)), soft-target matching (Lsoft ), and classifica-
tion (Les)-

Our training objective integrates three loss components with complementary roles.

Soft Label Matching. Following Hinton et al. (Hinton et al., 2015), we transfer dark
knowledge by matching temperature-scaled distributions:

Leoit = T? - Dk, [softmax(zg/T) || softmax(z/T)] (5)
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where z1 and zg denote teacher and student logits, T is the temperature hyperparameter,
and Dgr, is the Kullback-Leibler divergence. Temperature scaling softens the probability
distribution, revealing subtle inter-class relationships.

Saliency Alignment. The core contribution of DFKD is enforcing spatial alignment
between teacher and student saliency maps. We minimize the ¢s distance between their
attention distributions: .

Lsa1 = B > IGr(xi) — Gs (x|l (6)
i€eB
This loss guides the student network to attend to the same brain regions as the teacher,
preserving interpretability while transferring predictive knowledge.

Unified Objective. The complete DFKD loss combines saliency alignment, soft label

matching, and hard label classification:

L= a£5a1 + ﬁﬁsoft + (1 —a— 5)‘6015 (7)

where « and § are weighting coefficients that balance the three objectives. By simulta-
neously optimizing all three components, DFKD produces compact student models that
maintain both diagnostic accuracy and interpretable attention patterns inherited from the
teacher.

3. Experimental Settings

3.1. Dataset and Preprocessing

We evaluate DFKD on the Autism Brain Imaging Data Exchange (ABIDE) (ABIDE Con-
sortium, 2014), the largest publicly available multi-site repository of resting-state fMRI data
for ASD research, comprising 1,112 subjects across 17 international sites. To ensure data
quality and consistency, we focus on the New York University (NYU) Langone Medical
Center site, which provides 174 subjects (75 ASD, 99 TC) with standardized acquisition
protocols. This site-specific evaluation controls for scanner variability and acquisition pa-
rameter differences that can introduce confounds in multi-site analyses (Di Martino et al.,
2014).

All scans undergo standardized preprocessing using the Configurable Pipeline for the
Analysis of Connectomes (CPAC) (Craddock et al., 2013), which implements the following
pipeline: (1) skull stripping to remove non-brain tissue; (2) slice timing correction to account
for interleaved acquisition; (3) motion correction via rigid-body realignment; (4) spatial
normalization to MNI152 standard space using nonlinear registration; (5) nuisance signal
regression to remove physiological confounds (white matter, cerebrospinal fluid, motion
parameters); and (6) temporal band-pass filtering (0.01-0.1 Hz) to isolate low-frequency
fluctuations characteristic of resting-state networks.

Following preprocessing, we apply a single-volume image generator (Ahmed et al., 2020)
to extract representative axial slices from the 4D fMRI volumes. These slices are then
converted to glass brain visualizations via Nilearn (Abraham et al., 2014) and resized to
224 x 224 pixels for model input. The dataset is partitioned into training, validation, and
testing sets in a 70:15:15 ratio with stratification.
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3.2. Implementation Details

We investigate 8 teacher-student pairs: DeiT-Base, Wide ResNet-50-2, ConvNeXt-Tiny,
ResNet101, ResNet152 as teachers with ShuffleNetV2 (0.5x/1.0x), MobileNetV3-Small,
RegNetY-400MF, GhostNet as students (Table 1). DFKD uses a« = 0.4, 8 = 0.3, T = 6.
We compare against KL-divergence KD (Hinton et al., 2015), I- KD (Song et al., 2024), and
student-only training.

Evaluation uses accuracy, loss, and F1-score on the test set. Experiments run on Linux

with NVIDIA V100 GPU (32GB VRAM) and 84GB RAM using PyTorch 2.5.

4. Results and Discussion

Table 1 presents a comprehensive comparison of DFKD against baseline approaches across
8 teacher-student pairs, evaluated on accuracy, cross-entropy loss, and F1-score.

Table 1: Performance comparison of DFKD against baseline and traditional KD methods.

Models Params (M) T Performance S Baseline S KL-Div S I-KD S DFKD (Ours)
Teacher Student T S Acc Loss F1 Acc Loss F1 Acc Loss F1 Acc Loss F1 Acc Loss F1
DeiT-Base ShuffleNetV2-0.5x 86M  1.4M 0.9693 0.1148 0.9693 0.9295 0.1975 0.9292 0.9415 0.1758 0.9415 0.9115 0.3651 0.9117 0.9217 0.2126 0.9217
Wide ResNet-50-2 MobileNetV3-Small 68.9M 2.5M 0.9762 0.0990 0.9762 0.9404 0.1734 0.9406 0.8474 0.3478 0.8481 0.8705 0.3005 0.8698 0.9534 0.1571 0.9534
DeiT-Base ShuffleNetV2-1.0x ~ 86M  2.3M 0.9693 0.1148 0.9693 0.9564 0.2376 0.9564 0.9495 0.1530 0.9494 0.9549 0.2248 0.9550 0.9607 0.1313 0.9607
ConvNeXt-Tiny ~ MobileNetV3-Small 28.1M 2.5M 0.9709 0.1628 0.9709 0.9404 0.1734 0.9406 0.9411 0.1916 0.9409 0.8818 0.2777 0.8813 0.9736 0.1296 0.9736
ResNet101 GhostNet 44.5M  5.2M 0.9790 0.0964 0.9790 0.9346 0.2331 0.9345 0.9746 0.0983 0.9746 0.9604 0.1287 0.9604 0.9795 0.0924 0.9795
ResNet152 ShuffleNetV2-0.5x  60.2M 1.4M 0.9744 0.1046 0.9745 0.9295 0.1975 0.9292 0.9265 0.1969 0.9266 0.9090 0.3717 0.9089 0.9181 0.2216 0.9180
ResNet101 ShuffleNetV2-1.0x  44.5M  2.3M 0.9790 0.0964 0.9790 0.9564 0.2376 0.9564 0.9526 0.1474 0.9524 0.9440 0.2590 0.9440 0.9587 0.1363 0.9587
ResNet152 RegNetY-400MF 60.2M  4.3M  0.9744 0.1046 0.9745 0.9612 0.1776 0.9612 0.9305 0.1911 0.9300 0.9899 0.0351 0.9899 0.9780 0.1075 0.9780

Teacher models generally achieve higher accuracy (96.93%-97.90%) compared to student
baselines (92.95%-96.12%), reflecting the expected performance gap between large-capacity
and compact architectures. This initial evaluation establishes a reference point to quantify
the effectiveness of knowledge transfer.

We compare DFKD against two established distillation methods: KL-Divergence KD (Hin-
ton et al., 2015), which transfers knowledge through temperature-scaled soft target prob-
abilities, and Intermediate KD (I-KD) (Song et al., 2024), which additionally distills in-
termediate feature representations. As shown in Table 1, DFKD consistently outperforms
both baselines across the majority of configurations.

Baseline Knowledge Distillation Results. KL-Div shows mixed results: improve-
ments in some configurations (e.g., DeiT—ShuffleNetV2-0.5x: 94.15% vs. 92.95% base-
line) but severe degradation in others (Wide ResNet—MobileNetV3: 84.74% vs. 94.04%
baseline). This instability suggests that soft-target matching alone is insufficient when
large capacity gaps exist between teacher and student, particularly in cross-family transfers
where architectural mismatches hinder direct probability alignment. I-KD demonstrates
competitive performance on larger students (ResNet152—RegNetY: 98.99%) but degrades
significantly on highly compressed configurations (ResNet152— ShuffleNetV2-0.5x: 90.90%),
indicating that naive intermediate feature alignment can overwhelm small-capacity networks
with excessive representational constraints.

DFKD Performance Gains. DFKD achieves the most notable improvement on
ResNet101—GhostNet (97.95% vs. 93.46% baseline, +4.49% absolute gain), demonstrating
effective knowledge transfer even with 8.6x compression. Similarly strong gains appear in
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Originale Teacher Student KL-Div I-KD DFKD

Figure 2: Grad-CAM visualizations for ResNet101—GhostNet. DFKD aligns student at-
tention with teacher patterns.

Wide ResNet—MobileNetV3 (+5.30%) and ConvNeXt—MobileNetV3 (+3.32%), validat-
ing DFKD'’s effectiveness across diverse teacher-student combinations. Even on configura-
tions where baselines fail (Wide ResNet—MobileNetV3 KL-Div: 84.74%), DFKD recovers
near-teacher performance (95.34%), highlighting its robustness to capacity mismatches and
architectural heterogeneity.

DFKD achieves stable improvements by combining Lgof, Leal, and Les. Figure 2
confirms DFKD students align attention with teachers, focusing on diagnostically rel-
evant regions. Large students (GhostNet, RegNetY) achieve near-teacher performance
(97.95%), while compressed students show modest but stable gains. Cross-architecture
transfer (DeiT—ShuffleNetV2) demonstrates DFKD bridges gaps between attention-based
and convolutional models.

DFKD’s generalizability enables lightweight models (1.4M-5.2M params) to achieve
teacher-level performance with interpretable attention for clinical deployment.

5. Conclusion

We proposed DFKD, an explainability-driven knowledge distillation framework for fMRI-
based autism diagnosis. By transferring dual-feature saliency maps alongside predictive
knowledge, DFKD enables compact student models to achieve up to 97.95% accuracy with
8.6x compression and up to 4.8% absolute improvement over student baselines, while main-
taining interpretable attention patterns. Evaluation on ABIDE demonstrates consistent
improvements over conventional distillation methods, with Grad-CAM visualizations con-
firming alignment between student and teacher attention on diagnostically critical brain
regions. Our approach enables deployment of efficient, transparent models in resource-
constrained clinical environments.
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