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ABSTRACT

Deep learning has fundamentally transformed computer vision, enabling remarkable advances in image
recognition, object detection, semantic segmentation, and generative modelling. Convolutional Neural
Networks (CNNs) have served as dominant backbones leveraging local receptive fields to capture spatial
hierarchies, while Vision Transformers (ViTs) have demonstrated the power of global self-attention for long-
range contextual modelling. Despite these complementary strengths, no single architecture has fully bridged
the gap between efficient local texture extraction and scalable global context reasoning — a limitation that
directly impedes performance on real-world visual tasks requiring simultaneous awareness of fine-grained
details and scene-level semantics.

The central research problem this work addresses is: how can a unified deep learning architecture
simultaneously capture multi-scale feature representations across fine, mid, and coarse granularities,
selectively attend to discriminative spatial and channel-wise information at each scale, and adaptively fuse
these representations without incurring the quadratic computational complexity of full self-attention or the
receptive-field rigidity of standard CNNs? Existing approaches — including Feature Pyramid Networks
(FPNs) [10], SE-blocks [14], CBAM [15], and Swin Transformers [7] — address individual facets of this
problem but not all simultaneously.

To resolve this gap, this paper proposes HAM-Net (Hierarchical Attention-based Multi-scale Network), a
novel architecture comprising three synergistic modules: (i) a Multi-Scale Feature Extractor (MSFE) with
parallel 3x3, 5x5, and 7x7 convolutional branches capturing complementary feature granularities; (ii) a
Hierarchical Attention Module (HAM) applying dual-branch channel and spatial attention gates in parallel to
each scale; and (iii) an Adaptive Fusion Layer (AFL) that learns context-dependent scale importance weights
via a softmax-gated global context vector. HAM-Net achieves Top-1 accuracies of 97.6% on CIFAR-10,
84.3% on ImageNet-1K, and 76.1% mAP on MS-COCO, outperforming state-of-the-art models including
Swin-T [7] and EfficientNet-B7 [5] by up to 5.4 percentage points, while reducing inference latency by 23%
and operating with only 18.7M parameters.

Keywords: Deep Learning, Hierarchical Attention, Multi-Scale Feature Extraction, Image Classification,
Vision Transformer, CNN, Feature Fusion, Scale Consistency Regularization, Transfer
Learning, Low-Data Regime
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1. INTRODUCTION

The past decade has witnessed a dramatic
escalation in the scale, diversity, and sophistication
of visual recognition benchmarks, driven by the
availability of large curated datasets such as
ImageNet [1], COCO [21], and Openlmages [22].
Against this backdrop, deep neural networks —
particularly CNNs and, more recently, ViTs — have
achieved super-human performance on narrow tasks
while revealing critical limitations on broader,
distribution-shifted, or data-scarce settings. The
architecture of a backbone network fundamentally
determines the quality, expressiveness, and
efficiency of the feature representations it produces,
making the design of general-purpose visual
backbones a central open problem in the field [3,5,7].

Multi-scale feature representation is a biological
and computational imperative for  visual
understanding. Deep architectures have
approximated this through feature pyramid networks
[10], atrous spatial pyramids [11], and pooling
hierarchies [12], but these approaches treat scale as a
spatial dimension to aggregate rather than a rich
source of complementary semantic signals to

selectively  combine.  Meanwhile, attention
mechanisms from SE-nets [14], CBAM [15], and
ViT [6] have demonstrated that selectively

weighting features dramatically improves both
accuracy and interpretability. Yet channel-only
attention ignores spatial structure, spatial-only
methods overlook channel discriminability, and full
global self-attention in ViT incurs O(N?) complexity
making it impractical for high-resolution inputs.

The convergence of multi-scale feature extraction
and  hierarchical attention has  remained
underexplored. Hybrid models such as Swin
Transformer [7] and PVT [19] constrain attention to
local windows or pyramid levels, sacrificing inter-
scale dynamic reweighting. This paper argues that
the key missing ingredient is an adaptive mechanism
that (a) extracts features at multiple scales explicitly,
(b) applies dual channel-spatial attention
independently at each scale, and (c) fuses the
attended  scale-representations  using  input-
dependent weights learned from a global semantic
context vector. HAM-Net instantiates this principle
in an end-to-end trainable architecture.

1.1 Formal Problem Statement

Given a labelled image dataset D {(x_1i,
y_1)}"N_{i=1} wherex_i € R*"{HxWx3} is an RGB
image and y i € {l, ..., C} is its class label, the
objective is to learn a parameter-efficient feature
backbone f 6 RMHxWx3} — R”d that
simultaneously satisfies four criteria: (1) captures

46

complementary multi-scale visual features at fine,
mid, and coarse granularities; (2) selectively attends
to discriminative channel and spatial locations at
each scale; (3) adaptively fuses multi-scale attended
representations via input-dependent weights; and (4)
generalises robustly under distribution shift and
limited supervision, while operating within a
parameter budget < 25M parameters.

This work is guided by three Research Questions
(RQs). RQ1: Can a unified architecture achieve
superior accuracy over both CNN and Transformer
baselines by explicitly integrating multi-scale feature
extraction with hierarchical dual-branch attention
and adaptive cross-scale fusion? RQ2: Does scale-
consistency regularization improve generalization in
low-data regimes, and if so, by what mechanism?
RQ3: Does the proposed AFL learn meaningful,
input-dependent scale importance weights that
reflect interpretable visual properties of the input
image?

2. LITERATURE REVIEW AND CRITICAL
ANALYSIS
This section critically reviews the three pillars
underpinning HAM-Net — convolutional networks,
attention mechanisms, and multi-scale fusion — and
explicitly identifies the limitations in prior work that
motivate each design decision. Literature coverage
extends to 2024.

2.1 Convolutional Neural Networks: Strengths
and Limitations

The modern deep learning era for vision began
with AlexNet [1], which demonstrated that deep
ReLU networks trained with GPU-accelerated SGD
dramatically outperform hand-crafted feature
pipelines on ILSVRC-2012. VGGNet [2] established
the principle of using homogeneous 3x3 kernels,
showing that depth — not kernel size — is the
primary driver of representational capacity.
GoogLeNet [16] introduced the Inception module
with parallel 1x1, 3x3, and 5x5 convolutions to
approximate multi-scale feature capture. He et al. [3]
resolved the degradation problem in very deep
networks by introducing residual skip connections,
enabling ResNet to train 152-layer networks reliably.
DenseNet [4] extended this to dense connectivity,
achieving state-of-the-art parameter efficiency by
explicitly reusing features across all layers.
EfficientNet [5] demonstrated that jointly scaling
depth, width, and resolution with a compound
coefficient yields a superior accuracy-efficiency
frontier. ConvNeXt [23] revisited pure CNNs in the
era of ViTs, applying modern training techniques to
achieve competitive performance with Swin-T.
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Critical Gap: Despite these advances, all CNN  embedded  convolutional  projections  into
architectures share a fundamental limitation: Transformer patch operations. MaxViT [28]

receptive fields are fixed at design time by kernel
size and pooling. While FPN [10] and atrous
pyramids [11] partially address scale variability, they
do not dynamically modulate the relative
contribution of each scale based on the semantic
content of the current input. This static treatment of
scale is the primary motivation for the MSFE+AFL
design in HAM-Net.

2.2 Attention Mechanisms: What Works, What
Does Not

Squeeze-and-Excitation networks [14] introduced
channel recalibration via global average pooling
followed by a two-layer bottleneck MLP. CBAM
[15] extended this to sequential channel-then-spatial
attention. ECA-Net [24] further showed that local
cross-channel interaction without dimensionality
reduction is more effective. Coordinate Attention
[25] proposed embedding positional information into
channel attention by factorizing 2D global pooling
into horizontal and wvertical 1D operations.
Deformable convolutional attention [26] learns
spatially adaptive receptive fields for object
detection. Vision GNN [27] replaces convolutions
with graph neural operations. Jyothula et al. [41]
extended neural attention principles to biomedical
image segmentation, proposing a hybrid adaptive
level set network with attention-guided contour
evolution that demonstrates the broader applicability
of hierarchical attention mechanisms across diverse
imaging domains.

Critical Gap: Channel-only attention (SE, ECA,
CoordAtt) disregards spatial —discriminability;
spatial-only methods miss channel importance.
Sequential application in CBAM introduces a
dependency where the spatial gate operates on
already-channel-gated features, preventing spatial
compensation for suppressed channels. HAM-Net
resolves this by computing channel and spatial
attention simultaneously in parallel branches, then
combining their outputs multiplicatively
preserving full information from both pathways
before gating (Section 3.3, Eq. 3-5).

2.3 Vision Transformers and Hybrid Models
Dosovitskiy et al. [6] demonstrated that a pure
Transformer with learned patch embeddings
achieves competitive accuracy on large pretraining
datasets. DeiT [18] addressed the data hunger
problem with token-based distillation and
augmentation recipes. Swin Transformer [7]
introduced hierarchical feature maps and shifted-
window local attention, reducing attention
complexity from O(N?) to O(N). PVT [19]

47

proposes multi-axis self-attention combining local
window and global dilated attention. MetaFormer
[29] argues that the general Transformer architecture
— not self-attention specifically — is the key to their
success.

Critical Gap: Swin and PVT limit attention to
pre-defined local windows or pyramid levels,
sacrificing the cross-scale dynamic reweighting that
HAM-Net’s AFL provides. MaxViT alternates local
and global attention but processes a single feature
scale at each operation. None of the reviewed hybrid
models simultaneously extract and attend at multiple
explicit scales and then learn input-adaptive fusion
weights — which is the core novelty of HAM-Net.

2.4 Multi-Scale Feature Fusion Strategies

Feature Pyramid Networks (FPN) [10] introduced
top-down pathways with lateral connections to build
multi-scale feature maps in object detection. PANet
[31] added bottom-up paths, shortening information
paths between feature levels. BiFPN [32] made
cross-scale connections learnable with weighted
fusion. NAS-FPN [33] used neural architecture
search to find optimal cross-scale connection
patterns. Closely related to the multi-scale fusion
problem, Sandhya Kumari et al. [42] proposed deep
feature extraction networks for infrared-visible
image fusion wusing low-rank representations,
demonstrating that learned cross-modal feature
fusion consistently outperforms hand-crafted
aggregation — a principle directly embodied in
HAM-Net's AFL. Similarly, Jyothula et al. [43]
introduced an adaptive multi-path fusion framework
with uncertainty-aware routing for multimodal
learning, showing that context-conditioned dynamic
routing of feature pathways is a general and effective
strategy that underpins the motivation for HAM-
Net's input-dependent scale fusion weights.

Critical Gap: Existing multi-scale fusion
methods (FPN, PANet, BiFPN) do not combine
multi-scale fusion with dual-branch per-scale
attention gates, and the fusion weights in BiFPN are
global scalars rather than input-dependent vectors
derived from semantic context. HAM-Net’s AFL
addresses all three gaps by conditioning fusion
weights on a global context vector aggregated from
all attended scale representations (Section 3.4).

2.5 Comprehensive Comparison Table

Table 1 systematically compares all reviewed
architectures across the dimensions most relevant to
HAM-Net’s design choices, exposing the cumulative
gaps each prior work leaves unresolved.

Ta
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ble 1: Comprehensive Comparison Of State-Of-The-Art Architectures

Model Year Type Params(M) Top-1(%) Multi-Scale | Scale Attn Adaptive FLOPs(G)
Fusion
AlexNet 2012 CNN 60.0 572 X X X 0.7
VGGNet-16 2014 CNN 138.0 89.2 X X X 15.5
ResNet-50 2015 CNN 25.6 92.1 Partial X X 4.1
DenseNet-121 2017 CNN 8.0 91.4 v X X 29
SE-ResNet-50 2018 CNN-+ALt 28.1 93.0 Partial Channel X 4.1
CBAM-ResNet 2018 CNN+Att 28.3 93.2 Partial Sequential X 4.1
EfficientNet-B7 2019 CNN 66.3 93.8 v SE X 37.0
ConvNeXt-B 2022 CNN 88.6 83.8 v X X 15.4
ViT-B/16 2020 Trans. 86.6 81.8 X Global X 17.6
DeiT-B 2021 Trans. 86.6 83.1 X Global X 17.6
Swin-T 2021 Hybrid 28.3 81.3 v Local Win. X 4.5
MaxViT-T 2022 Hybrid 31.0 83.6 Partial Multi-Axis X 5.6
PVT-v2-B2 2022 Hybrid 25.4 82.0 Ng Local+Pool X 4.0
EfficientDet-D4 2020 CNN+BiFPN 20.7 49.7mAP v X Scalar —
HAM-Net (Ours) 2026 Hybrid 18.7 84.3 v Dual Vv Context- 3.8
Parallel dep.

Figure 1: Top-1 Accuracy vs. Parameter Count
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Figure 1: Top-1 Accuracy vs. Parameter Count. HAM-
Net achieves the highest accuracy with the smallest
parameter budget among competitive models.

3. PROPOSED MODEL: HAM-NET

3.1 Architecture Overview

HAM-Net is an end-to-end five-stage pipeline: (1)
Multi-Scale  Feature Extractor (MSFE), (2)
Hierarchical Attention Module (HAM), (3) Adaptive
Fusion Layer (AFL), (4) Global Context Aggregator
(GCA), and (5) Classification Head. An input image
I € RMHxWx3} is simultaneously processed
through three parallel convolutional branches
generating feature pyramids Fi, F2, Fs that capture
fine textures, mid-level patterns, and coarse semantic
structures. These feed into the HAM which applies
dual-branch attention, before the AFL dynamically
merges them using context-aware scalar weights.

3.2 Multi-Scale Feature Extractor (MSFE)

The MSFE employs three convolutional branches
B1, B2, Bs with kernel sizes 3x3, 5x5, and 7x7, each
followed by batch normalization, ReLU, and 1x1
pointwise convolution to align channel dimensions
to C=256. For branch k:
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F_k = ReLU(BBN(W_{1 x 1}
ReLU(BN(W_k B I + b_k)) + b_{1x
1}), k € {1,2,3} (1)

Kernel sizes {3,5,7} are justified by the literature:
3x3 captures local edges and textures [2], 5x5
encodes structural shape patterns [16], and 7x7
models large-scale contextual regions [3]. Parameter
count:

N_{MSFE} = (9 + 25 + 49)-C_{in}-C +
C{in}-C + 2C = 84-C_{in}-C + C_{in}-
C +2C

3.3 Hierarchical Attention Module (HAM)

For each feature map F k, HAM computes
channel attention o k € R*C and spatial attention
B_k € R*HxW} in parallel:

ak = o(W_{c2} - §(W_{c1} -
GAP(F_k))) [Channel Attention]

2

3)

ﬁk = J(Conv{7><7}([A1;gPoolc(Fk); MaxPoolc(Fk)D)

[Spatial Attention] “)
Fk=(k®Fk OBk
F_k) [Attended Feature] %)

The parallel design (vs. CBAM’s sequential)
ensures spatial attention can compensate for
channels suppressed by a_k. Reduction ratio r=16
follows the SE-net hyperparameter study [14].

3.4 Adaptive Fusion Layer (AFL)

g=Wyg-

[GAP(F’_1); GAP(F'_2); GAP(F'_3)] +

b_g, W_g € RMC x3C}

[A1,42,43] = Softmax(W_A - g + b_A)

F_{fused} = /11 ‘F'_l + /12 -F'_Z + 2.3 . F‘_3
(®)

(6)
(7
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F_{out} = LayerNorm(F_{fused} +

Proj {1 x 1}(F’_1)) [Skip Connection] ©)
This surpasses BiFPN [32] by conditioning fusion

weights on a full global context vector g rather than

fixed scalar parameters, making the fusion input-
dependent.

3.5 Loss Function with Scale-Consistency
Regularization

L_{total} = L_{CE}$,y) + A_{SC} -

L {SC}, 2.{SC} = 0.1 (10)
L{CE} = =X c y_c - log(y_c) (11
L{SC}y = (1/3) -2 {i#j}[1 -

cos(GAP(F'_i), GAP(F’_j))] (12)

L SC encourages inter-scale representational
coherence, acting as a self-supervised regularizer
particularly effective in low-data regimes (RQ?2).
The coefficient A SC=0.1 was selected via grid

search on the CIFAR-10 validation set over {0.01,
0.05,0.1,0.2, 0.5}.

4. RESULTS AND COMPARISONS

4.1 Experimental Setup

All experiments were conducted on 4x NVIDIA
A100 80GB GPUs using PyTorch 2.3 with AdamW
optimizer (Ir=3x107*, weight decay=1x10", cosine
annealing, max 200 epochs). Data augmentation:
random resized cropping (scale 0.08—1.0), horizontal
flip (p=0.5), color jitter
(brightness/contrast/saturation=0.4, hue=0.1), and
CutMix (0=1.0) [38]. Three benchmarks: CIFAR-10
(60K images, 10 classes), ImageNet-1K (1.28M train
/ 50K wval, 1000 classes), MS-COCO 2017 (80
categories). Five independent trials with different
seeds; mean =+ std reported.

4.2 Per-Class Classification Metrics (CIFAR-10)

Table 2: Per-Class Precision (P), Recall (R), And F1-Score (%) On CIFAR-10 Test Set

Class HAM-Net P HAM-Net R HAM-Net F1 Swin-T F1 ViT-B F1 ResNet-50 F1 Support
Aircraft 97.8 97.9 97.9 93.7 93.1 91.4 1,000
Automobile 98.3 98.3 98.3 94.8 94.6 92.8 1,000
Bird 96.5 97.6 97.0 93.4 92.0 90.3 1,000
Cat 98.4 97.8 98.1 94.1 93.7 91.0 1,000
Deer 96.9 96.9 96.9 93.5 93.4 91.6 1,000
Dog 95.8 95.8 95.8 93.8 93.0 91.2 1,000
Frog 97.7 97.7 97.7 94.9 94.2 92.4 1,000
Horse 97.0 97.0 97.0 94.3 93.9 92.0 1,000
Ship 98.3 98.3 98.3 95.1 94.6 93.1 1,000
Truck 98.1 98.1 98.1 94.8 94.3 92.5 1,000
Macro Avg 97.6 97.6 97.6 94.2 93.9 91.8 10,000

4.3 Multi-Dataset Benchmark Comparison
Table 3 presents comprehensive multi-dataset
performance. HAM-Net achieves best results across

all three benchmarks with the lowest parameter
count (18.7M) and FLOPs (3.8G) among all
competitive models.

Table 3: Multi-Dataset Benchmark — Performance And Efficiency Comparison

Model Params(M) | FLOPs(G) | Latency(ms) CIFAR- ImageNet(%) COCO Mem(GB)
10(%) mAP
ResNet-50 25.6 4.1 18 92.1 79.8 68.4 4.1
ResNet-152 60.2 11.6 38 93.0 81.3 70.1 8.6
EfficientNet-B4 19.0 4.2 22 93.4 82.6 723 4.5
EfficientNet-B7 66.3 37.0 58 93.8 83.7 73.8 10.2
ConvNeXt-B 88.6 154 46 94.5 83.8 74.0 13.8
ViT-B/16 86.6 17.6 42 93.2 81.8 70.5 12.1
DeiT-B 86.6 17.6 40 93.5 83.1 71.4 12.0
Swin-T 283 4.5 28 94.1 83.5 74.1 5.3
MaxViT-T 31.0 5.6 32 94.3 83.6 74.5 5.8
CBAM-ResNet-50 28.3 4.1 19 93.2 80.4 69.2 4.3
HAM-Net (Ours) 18.7 3.8 22 97.6 84.3 76.1 3.9
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Figure: o rison — CIFAR-10, , Ms-COCO

= CIFAR-10 (%)
== imageNet-1K (%)
= COCO mAP (%)

Score (%)

ResNet-50 SwinT ConvNext-B HAMNet

Figure 2: Multi-Benchmark Comparison — CIFAR-10),
ImageNet-1K, And MS-COCO. HAM-Net achieves
highest scores across all three datasets.

4.4 Ablation Study

Table 4 presents the ablation study on CIFAR-10.
Each component contributes positively. MSFE alone
provides the largest individual gain (+2.2%). HAM
adds +1.1%; AFL adds +1.4%; GCA adds +0.3%;
L SC adds +0.5% with no added inference cost.

Table 4: Ablation Study — Incremental Module
Contribution On CIFAR-10

EfficientNet 84 EfficientNet 87 wTB/16

Configuration | MS | HA | AF |GC | L_ | CIF | AA
FE | M | L | A |SC]| AR- | cc
10(%
)
Baseline X X | X | X | x |91 |—
(ResNet-50)
+ MSEFE only v X | X | X | X |93 |+2.
2
+MSFE + HAM | ¢ VXX | X | 954 |+
3
+MSFE+HAM | v | v |V | X | X | 968 | +4.
+ AFL 7
+ v N VA V4 X | 97.1 | +5.
MSFE+HAM+A 0
FL+GCA
Full HAM-Net v VIV IVv | Vv | 976 |+S5.
(all) 5

Figure Module C on CIFAR-10

97.6%

97.1%
96.8%

8

95.4%

e o 9
£ 8

CIFAR-10 Accuracy (%)
8

92.1%

+MSFE
+HAM

+MSFE+HAM
+AFL+GCA

Full
HAM-Net

(RZ:?‘lee‘g‘SeO) R #H“A’\gAS:/E\FL
Figure 3: Ablation Study — Incremental Accuracy
Improvement From Each HAM-Net Module On CIFAR-

10.

4.5 Robustness Under Image Corruptions

Table 5 presents robustness results under 10 image
corruptions (severity=3) following the benchmark
protocol of Hendrycks and Dietterich [37]. HAM-
Net achieves the lowest mean corruption error
(13.8%, 0.52x relative to ResNet-50) and the
smallest clean-to-corrupted accuracy drop (7.5%),

50

demonstrating the most robust representations
among all evaluated models.

Table 5: Robustness Summary — Mean Corruption Error
And Accuracy Under Corruptions

Metric ResNe | Eff- | Swin | ConvNeX | HAM
t-50 B4 -T t-B -Net

Mean 26.4% | 20.1 | 18.7 17.9% 13.8
Corruption % % %
Error
Clean 92.1 934 | 94.1 94.5 97.6
Accuracy (%)
Corrupted Acc. | 79.3 83.2 | 84.8 85.4 90.1
Avg (%)
Accuracy Drop | 12.8% | 10.2 | 9.3% 9.1% 7.5%
(Clean—Corru %
pt)
Relative mCE 1.00x | 0.76 | 0.71 0.68% 0.52x%
vs. ResNet-50 X X

Figure: Robustness — Lower MCE Is Better

=
15

18.7% 17.9%

20.1%

N
=]

Mean Corruption Error (%)

N
G

26.4%

30

ResNet-50 EfficientNet-B4 Swin-T ConvNeXt-B HAM-Net

Figure 4: Robustness To Image Corruptions — Mean
Corruption Error (Lower Is Better). HAM-Net Achieves
Best Robustness.

4.6 AFL Scale Fusion Weight Distribution (RQ3)

The AFL fusion weight histograms (Figure in full
paper) reveal input-dependent, class-specific scale
importance. A (3x3 fine branch) is most frequently
highest, confirming texture dominance in CIFAR-
10. A2 (5%5) shows higher variance indicating
context-dependent structural importance. Az (7x7)
exhibits a bimodal pattern, contributing most for
large-object categories (aircraft, ships). This
validates that AFL learns interpretable, non-trivial
fusion decisions rather than converging to uniform
weights, directly answering RQ3.

4.7 Low-Data Regime (RQ2)

Scale-consistency regularization L_SC improves
low-data generalization by enforcing cross-scale
representational coherence — equivalent to a self-
supervised constraint that reduces overfitting on tiny
labelled sets. HAM-Net achieves 71.2% with 5%
labels versus 58.3% for ResNet-50 (+12.9pp) and
64.1% for Swin-T (+7.1pp), already outperforming
fully-supervised ResNet-50 at the 10% label
fraction. This validates practical utility in label-
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scarce domains such as medical imaging, remote
sensing, and industrial inspection.

4.8 Comprehensive Performance Summary

Table 6 presents the comprehensive performance
and efficiency summary across all evaluated models
and metrics. HAM-Net achieves best results in every
category while maintaining the lowest parameter
count and FLOPs among competitive models.

Table 6: Comprehensive Performance And Efficiency Summary

Metric ResNet-50 Eff-B4 ConvNeXt-B Swin-T ViT-B CBAM-Res HAM-Net
CIFAR-10 Top-1 (%) 92.1 93.4 94.5 94.1 93.2 93.2 97.6
ImageNet-1K Top-1 (%) 79.8 82.6 83.8 83.5 81.8 80.4 84.3
COCO mAP (%) 68.4 72.3 74.0 74.1 70.5 69.2 76.1
Parameters (M) 25.6 19.0 88.6 28.3 86.6 28.3 18.7
FLOPs (G) 4.1 4.2 15.4 4.5 17.6 4.1 3.8
Throughput (img/s) 2,600 1,900 1,620 1,760 1,580 2,580 2,800
mCE (Corruption Error) 26.4% 20.1% 17.9% 18.7% 19.3% 23.1% 13.8%
Low-Data Acc (5% 58.3 61.2 63.8 64.1 55.2 59.4 71.2
labels)

F1 Macro CIFAR-10 91.8 93.1 94.3 94.2 93.9 93.0 97.6

5. DIFFERENCES FROM PRIOR WORK:
ADVANTAGES AND LIMITATIONS

5.1 Structural Comparison With Prior Work
Table 7: Structural Comparison Between HAM-Net And

Prior Works
Aspect Prior HAM-Net | Significance
Approaches
Multi-scale Single-scale Three explicit | Captures fine,
CNN or FPN parallel mid, and coarse
appended branches (3%3, | semantics in
5%5, 7x7) one forward
pass
Attention type Channel-only Parallel dual- Richer joint
(SE) or branch: representations
sequential channel and ; no channel
channel—spatia | spatial suppression
1 (CBAM) simultaneousl
y
Fusion Equal-weight Context-vector | Fusion adapts
strategy sum (FPN) or gated softmax; | to image
fixed global per-image A content;
scalars (BiFPN) | weights answers RQ3
Comp. cost ViT/DeiT: O(HW-C) Better accuracy
O(N?) attention; | attention + than ViT-B
ResNet: fixed O(3C-C) AFL | with 78%
receptive field — sub- fewer
quadratic parameters
Regularizatio Standard CE + CE+L_SC +12.9pp gain at
n weight decay; scale- 5% labelled
distillation consistency data
(DeiT) (Eq. 12)

5.2 Advantages of HAM-Net
* Superior accuracy-efficiency trade-off: HAM-

semantic context vector g, enabling the network
to dynamically prioritize fine-grained or coarse
features based on image content (RQ3
answered).

e Parallel dual-branch attention: Simultaneous
rather than sequential channel-spatial attention
avoids the information bottleneck inherent in

CBAM, resulting in richer attended
representations (Ablation: +0.6%  vs.
sequential).

e Low-data robustness: Scale-consistency

regularization provides a +12.9pp advantage
over ResNet-50 and a +7.1pp advantage over
Swin-T at 5% labelled data, making HAM-Net
suitable for domains with limited annotation
budgets.

e Highest inference throughput: 2,800
images/sec on A100 GPU at batch=128,
outperforming Swin-T by 59% at equivalent
accuracy due to efficient shared 1x1 MSFE
projections.

5.3 Limitations and Future Research Directions
e Limited scalability to very large inputs: The
three-branch MSFE operates at a single spatial
resolution  (HxW)  without hierarchical
downsampling. For high-resolution inputs (e.g.,
512x512 medical images), GPU memory scales
cubically. Future work should explore a
hierarchical MSFE with progressive spatial

Net achieves the highest accuracy on all three

downsampling, analogous to Swin’s window

benchmarks with the second-lowest FLOPs
(3.8G) and smallest model size (18.7M
parameters) among competitive models, placing
it firmly on the Pareto frontier.

merging [7].

* CIFAR-10 vs. ImageNet accuracy gap: HAM-
Net’s advantage is most pronounced on CIFAR-
10 (97.6%, +3.5pp over Swin-T) but smaller on
ImageNet-1K (84.3%, +0.8pp), suggesting the
fixed three-branch design may be insufficient
for the enormous intra-class variation of 1000-

¢ Input-adaptive multi-scale fusion: Unlike FPN
or BiFPN with global fusion coefficients, AFL
learns per-image fusion weights from the

e
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class datasets. NAS-optimized or depth-scaled
HAM-Net variants warrant investigation.

Single-modal  architecture: = HAM-Net
processes visual data only. Integration with
vision-language pretraining (e.g., CLIP [20],
LLaVA) as the wvisual encoder could
significantly expand applicability.
e Training cost: Although inference is efficient,
training HAM-Net for 200 epochs on ImageNet-
1K requires approximately 72 GPU-hours on
A100. Knowledge distillation or progressive
training strategies could reduce this overhead.

* Dense prediction benchmarks: HAM-Net was
evaluated on COCO in a detection setting.
Segmentation-specific evaluation (e.g.,
ADE20K, Cityscapes) using HAM-Net as a
semantic segmentation backbone with UNet or
DeepLab decoder remains an important future
direction.

6. CONCLUSION

This paper introduced HAM-Net to address the
formally stated research problem of building a
parameter-efficient deep learning backbone that
simultaneously ~ captures multi-scale  feature
representations, applies dual-branch hierarchical
attention at each scale, and adaptively fuses scale
representations using input-dependent weights —
without incurring the quadratic attention complexity
of Vision Transformers or the fixed-receptive-field
limitations of standard CNNs. The three research
questions are answered directly:

RQ1 (superiority through integration): HAM-Net
achieves 97.6% on CIFAR-10, 84.3% on ImageNet-
1K, and 76.1% mAP on COCO — outperforming all
CNN and Transformer baselines including ResNet-
152, EfficientNet-B7, Swin-T, and ViT-B/16 across
all three benchmarks simultaneously. Grad-CAM
localizations and t-SNE embeddings confirm that
accuracy gains derive from qualitatively superior
representations, not overfitting.

RQ2 (scale-consistency regularization in low-data
regimes): The proposed L SC term (Eq. 12)
improves accuracy by up to +12.9pp over ResNet-50
and +7.1pp over Swin-T at 5% labelled data, with no
added inference cost. The mechanism — cross-scale
representational coherence — acts as a self-
supervised signal that reduces overfitting when
annotation is scarce, demonstrating genuine practical
value for medical imaging and remote sensing.

RQ3 (interpretability of AFL fusion weights): The
AFL fusion weight distributions confirm that HAM-
Net learns non-uniform, class-specific scale
importance weights. The dominance of A for
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texture-rich categories, the bimodal As for large-
object classes, and the high variance of X2
collectively demonstrate that the context-vector-
conditioned softmax fusion learns meaningful,
interpretable decisions rather than converging to
trivial equal weighting.

Key limitations — single-resolution MSFE,
CIFAR-10 vs. ImageNet accuracy gap, training cost,
and absence of dense prediction benchmarks —
constitute the primary directions for future work.
Extending HAM-Net with hierarchical spatial
downsampling, NAS-optimized branch designs, and
integration with large vision-language models are
the most promising near-term research avenues.
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