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INTERMEDIATE LAYER CONFIGURATIONS FOR IMAGE SIMILARITY:
EVALUATING MULTI-LEVEL FEATURE EXTRACTION ACROSS CNN
AND TRANSFORMER ARCHITECTURES

Evaluating visual similarity between images requires vector representations that preserve information across multiple levels
of abstraction. Multi-level feature aggregation from intermediate CNN layers has shown good results in near-duplicate detection
tasks, yet no structured analysis exists of how architectural properties of different backbones affect the quality of such multi-level
representations. This study addresses the question of which structural characteristics make an architecture suitable for
intermediate layer aggregation.

We formalize the multi-level aggregation pipeline as Global Average Pooling applied to intermediate activations, followed by
concatenation and L2-normalization, producing a fixed-length descriptor. A compact MLP classifier is trained on the resulting
pairwise representations. We evaluate six backbone architectures — VGG-16, Inception v3, DenseNet-121, MobileNetV2, ResNet-50,
and ViT-B/16 — analyzing their stage structure, spatial resolution progression, intermediate feature dimensionality, and information
flow properties. Quantitative evaluation is performed on the INRIA Holidays dataset using F1-score for pairwise similarity
classification. ResNet-50 with layers C2+C3+C5 achieves F1=0.77, outperforming all other configurations. VGG-16 multi-level
aggregation yields F1 = 0.72 but suffers from parameter inefficiency (138M vs. 23M). DenseNet-121 reaches F1 = 0.74 despite feature
redundancy from dense connections. ViT-B/16 intermediate blocks produce F1=0.70, limited by homogeneous block structure
without clear spatial hierarchy. MobileNetV2 and Inception v3 show F1=0.68 and F1=0.71 respectively.

Clear stage hierarchy with residual connections, progressive spatial-to-semantic transition, and moderate intermediate
dimensionality are the key architectural requirements for effective multi-level feature aggregation.

Keywords: multi-level feature aggregation, image similarity, convolutional neural networks, vision transformers,
intermediate representations, near-duplicate detection, architectural comparison, ResNet-50.
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Introduction

Automated detection of visually similar images across large collections remains an open challenge in applied computer
vision. When two photographs of the same room differ only by a watermark or a slight crop, a human recognizes them as
near-duplicates instantly. Automated systems must solve the same problem at web scale, and their accuracy depends heavily
on how images are encoded as vectors (Thyagharajan, & Kalaiarasi, 2021). The standard approach — extracting a fixed-
length descriptor from a pre-trained deep network and comparing via a distance metric (Razavian et al., 2014) — works well
in many settings, yet the choice of network architecture is rarely justified beyond convention. The same challenge appears
across many visual domains — from detecting reposted content on social platforms to matching product images in e-commerce
and verifying document authenticity.

A known weakness of single-layer representations from final network layers is the loss of low- and mid-level visual
information. These features encode high-level semantic content but suppress textures, edges, and local structures that matter
for near-duplicate detection and structural correspondence (Kordopatis-Zilos et al., 2017). This trade-off motivates multi-level
feature aggregation — combining activations from several intermediate layers to preserve information across the full
abstraction hierarchy (Kubytskyi, & Panchenko, 2023; Panchenko, Bozhok, & Kubytskyi, 2026).

Combining features from different depths has precedents in HyperColumns (Hariharan et al., 2015) and Feature Pyramid
Networks (Lin et al., 2017), but both target dense prediction and require spatially aligned outputs. Image similarity needs a
single compact descriptor per image. The pipeline in (Kubytskyi, & Panchenko, 2023) solves this by applying Global Average
Pooling to each intermediate layer, concatenating the results, and L2-normalizing the combined vector. While effective on
real estate image similarity tasks (Kubytskyi, & Panchenko, 2023; Panchenko, Bozhok, & Kubytskyi, 2026), the backbone
architecture has not been compared against alternatives. Vision transformers (ViT) (Dosovitskiy et al., 2021) and contrastive
vision-language models (CLIP) (Radford et al., 2021) offer architecturally distinct alternatives to CNNs, yet whether their
intermediate features are useful for multi-level aggregation has not been studied.

The research object is the multi-level intermediate feature aggregation pipeline and its dependence on the structural
properties of the backbone architecture.

The aim of this research is to evaluate the suitability of six deep learning architectures — VGG-16 (Simonyan, & Zisserman,
2014), Inception v3 (Szegedy et al., 2015), DenseNet-121 (Huang et al., 2017), MobileNetV2 (Sandler et al., 2018), ResNet-50
(He et al., 2016), and ViT-B/16 (Dosovitskiy et al., 2021) — for multi-level intermediate feature aggregation in image similarity
tasks, and to identify the architectural properties that determine aggregation quality.

The structure of the paper is as follows. Section 1 describes the aggregation pipeline and evaluation protocol. Section 2
presents the architectural analysis and experimental results. The paper concludes with a discussion of findings and practical
recommendations for backbone selection.
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1. Multi-level aggregation pipeline and evaluation protocol

The aggregation pipeline, originally proposed in (Kubytskyi, & Panchenko, 2023), operates as follows. Given a backbone
network, we select K intermediate layers at distinct depth levels. For each selected layer k, the activation tensor is reduced
to a fixed-length vector via Global Average Pooling (GAP). The resulting vectors are concatenated and
L2-normalized:

e = [GAP(F;); GAP(F;); ..., GAP(Fy)], e_norm =e/lelly, (1)
where Fy denotes the activation tensor at layer k. The normalized descriptor (1) is architecture-agnostic and can be applied
to any backbone that produces spatially-structured intermediate activations.

For pairwise similarity classification, we construct a symmetric feature vector from two image descriptors x@, x? and train
a compact MLP (2048—1024—512—256, ELU activation, batch normalization, dropout) with binary cross-entropy loss
(Panchenko, Bozhok, & Kubytskyi, 2026). The base CNN remains frozen; only the MLP is trained.

Evaluation is performed on the INRIA Holidays dataset (Jégou, Douze, & Schmid, 2008), containing 1,491 images grouped
into 500 scene classes with variations in viewpoint, scale, illumination, and partial occlusions. Positive pairs are drawn from
the same class; negative pairs are randomly sampled across classes in a balanced 1:1 ratio. The MLP is trained on
100 labeled pairs. All architectures use ImageNet-pretrained weights with frozen parameters, ensuring that differences in
performance reflect the quality of intermediate representations rather than training procedures.

All experiments are implemented in Python 3.10 using PyTorch 2.1 with torchvision model implementations. Feature
extraction and MLP training are performed on a single NVIDIA RTX 3090 GPU. Each configuration is evaluated over
10 independent runs with different random pair splits (seed values 0-9); we report the mean F1-score and standard deviation
across runs. Input images are resized to 224x224 pixels with standard ImageNet normalization.

For each architecture, we select intermediate layers that correspond to distinct processing stages, aiming to capture
features at maximally different levels of abstraction. The specific layer selections are: VGG-16 — after conv2_2, conv3_3,
convd_3 (128+256+512 = 896-D); Inception v3 — outputs of mixed stages at spatial resolutions 35%x35, 17x17, 8x8
(concatenated branch outputs, 1280-D); DenseNet-121 — after denseblock1, denseblock2, denseblock4 (128+256+1024=
= 1664-D, skipping denseblock3 to reduce redundancy); MobileNetV2 — after bottleneck stages 2, 4, 7 (32+64+160=
= 256-D); ResNet-50 — C2, C3, C5 outputs (256+512+2048 = 2816-D, excluding C4 due to overlap with neighboring stages);
ViT-B/16 — outputs of attention blocks 3, 6, 9, 12 (768x4 = 3072-D).

2. Architectural analysis and experimental results

We analyze six architectures along four structural criteria that determine their suitability for multi-level feature aggregation:
(i) stage clarity — whether the architecture has well-defined, separable processing stages; (ii) spatial progression — whether
spatial resolution decreases monotonically across stages; (iii) feature independence — whether features at different stages
capture genuinely distinct information; and (iv) residual information flow — whether architectural mechanisms preserve input
information through the network depth. Table 1 summarizes the structural properties.

Table 1
Structural properties of backbone architectures for multi-level feature aggregation

Architecture Params (M) Stage structure Intermediate dims Ref?::";‘al 3:_?& In{;ntlsr?e Aggregation suitability
VGG-16 138 Sequential 128/256/512 No Med ~120 Limited by params
Inception v3 24 Branched Mixed/varied Partial Low ~95 Ambiguous layers
DenseNet-121 8 Dense 128/256/512/1024 Dense Low ~110 Feature redundancy
MobileNetV2 3.4 Inv. residual 32/64/160 Yes Med ~35 Low-capacity features
ResNet-50 23 4-stage residual 256/512/2048 Yes High ~75 Optimal
ViT-B/16 86 Uniform blocks 768/768/768 No Low ~130 No spatial hierarchy

Note: inference times measured on NVIDIA RTX 3090, batch size 1, 224%224 input.

VGG-16 (Simonyan, & Zisserman, 2014) has a purely sequential structure of 3x3 convolutional blocks, making
intermediate layer selection straightforward (e.g., conv2_2, conv3_3, conv5_3). The spatial resolution decreases by factor 2
at each pooling layer, creating a clear hierarchy from fine-grained (128-D at 56x56) to semantic (512-D at 7x7) features.
However, VGG-16 lacks residual connections, meaning that low-level information is progressively diluted through the depth
— early layer details must be re-learned at each subsequent stage rather than being preserved via skip connections. The fully-
connected layers alone contain 123M of the total 138M parameters, making the architecture computationally inefficient for
feature extraction when used as a frozen backbone. Multi-level aggregation produces a 896-dimensional descriptor
(128 + 256 + 512), achieving F1=0.72 — lower than ResNet-50 despite having 6% more parameters.

Inception v3 (Szegedy et al., 2015) processes each spatial resolution through parallel branches with different kernel sizes
(1x1, 3x3, 5x5, pooling). This multi-branch structure creates an ambiguity problem for multi-level aggregation: at each stage,
there is no single canonical feature tensor to extract. Selecting one branch discards information from others; concatenating
all branches yields an inconsistent representation across stages since the number and configuration of branches varies. While
the total parameter count is moderate (24M), the internal topology does not support transparent extraction of hierarchically
organized features. Aggregation from mixed outputs yields F1=0.71, but the result is sensitive to branch selection choices,
making the pipeline less reproducible.

DenseNet-121 (Huang et al., 2017) connects each layer to all subsequent layers within a dense block via
concatenation. While this ensures strong gradient flow and feature reuse, it creates a problem for multi-level aggregation:
features at different stages are not independent. Each dense block's output already contains information from all preceding
layers within the block, and transition layers between blocks further compress this accumulated information. Concatenating
features from multiple dense blocks therefore introduces substantial redundancy — the same edge and texture information
may appear in multiple components of the aggregated descriptor. Despite this, DenseNet-121 achieves F1=0.74,
benefiting from its compact architecture (8M parameters) and efficient internal feature reuse that partially compensates for
the redundancy at the aggregation level.
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MobileNetV2 (Sandler et al., 2018) uses depthwise separable convolutions and inverted residual blocks to minimize
computational cost and parameter count (3.4M). While the architecture does include residual connections and has a stage-like
structure, the resulting intermediate features have very low channel dimensionality (32/64/160 at the selected stages). This low
capacity limits the representational richness of each component in the aggregated descriptor. The multi-level descriptor is only
256-dimensional — an order of magnitude smaller than ResNet-50's 2816-D — and the F1 of 0.68 confirms that extreme parameter
efficiency comes at the cost of feature richness for similarity tasks requiring fine-grained discrimination.

ResNet-50 (He et al., 2016) provides the most suitable structure for multi-level aggregation due to three key properties.
First, its four clearly defined stages (C2, C3, C4, C5) with progressively decreasing spatial resolution (56x56 — 28%x28 —
14x14 — 7x7) and increasing channel dimensionality (256 — 512 — 1024 — 2048) enable transparent layer selection at
distinct levels of abstraction. Second, residual connections within each stage preserve low-level information through the entire
depth, ensuring that early-stage features retain discriminative details that would otherwise be lost in a feedforward
architecture. Third, the moderate total parameter count (23M) and intermediate dimensionality (256+512+2048 = 2816-D with
C4 excluded) balance expressiveness and computational efficiency. The C2+C3+C5 configuration achieves F1=0.77,
consistently outperforming all other architectures. C4 is excluded due to significant feature overlap with neighboring stages
(Kubytskyi, & Panchenko, 2023).

ViT-B/16 (Dosovitskiy et al., 2021) consists of 12 identical transformer blocks, each producing a 768-dimensional output
over a 14x14 grid of patch tokens. Unlike CNNs, ViT lacks a spatial hierarchy: all blocks operate at the same patch resolution,
and the self-attention mechanism allows each block to aggregate information globally from the first layer. Intermediate
features from blocks 3, 6, 9, 12 have identical dimensionality and similar structural properties, limiting the complementarity
that drives multi-level aggregation gains in CNNs. The concatenated 3072-dimensional descriptor achieves F1=0.70 — only
2 percentage points above the single-block baseline, compared to the 9 p.p. gain observed with ResNet-50. ViT-B/16 also
has 86M parameters — 3.7x more than ResNet-50 — and longer inference time.

CLIP ViT-B/32 (Radford et al., 2021) shares the architectural limitations of standard ViT but adds a further constraint:
contrastive text-image training suppresses fine-grained visual details in favor of semantic alignment, making it poorly suited
for near-duplicate detection tasks (Gkelios, Boutalis, & Chatzichristofis, 2021).

To quantify the practical impact of architectural properties, we evaluate each backbone in the multi-level aggregation
pipeline described in Section 1. For each architecture, we report the F1-score achieved by the multi-level configuration
alongside the single-layer baseline (final convolutional or attention block only) to measure the aggregation gain — the
improvement attributable to intermediate layer inclusion. Results are presented in Tab. 2.

Table 2
Multi-level aggregation performance on INRIA Holidays (F1-score)
Architecture Multi-level config Dim. Multi-level F1 Single-layer F1 Gain (p.p.) Key limitation
ResNet-50 C2+C3+C5 2816 0.77 £ 0.02 0.68 + 0.03 +9 -
DenseNet-121 dense1+2+4 1664 0.74 £ 0.02 0.68 + 0.03 +6 Feature redundancy
VGG-16 conv2+3+5 896 0.72 + 0.03 0.66 + 0.03 +6 No residual flow
Inception v3 mixed stages 1280 0.71+0.03 0.67 £ 0.03 +4 Ambiguous layers
ViT-B/16 blocks 3+6+9+12 3072 0.70 + 0.03 0.68 + 0.03 +2 No spatial hierarchy
MobileNetV2 stages 2+4+7 256 0.68 + 0.03 0.63 +0.03 +5 Low capacity

The results in Tab. 2 reveal two key patterns. First, multi-level aggregation consistently improves over single-layer
baselines across all architectures, confirming that intermediate features carry complementary information regardless of
backbone design. Second, the magnitude of improvement varies widely and correlates with the structural criteria defined
above. ResNet-50 shows the largest gain (+9 p.p.), followed by DenseNet-121 and VGG-16 (both +6 p.p.), MobileNetV2 (+5
p.p.), Inception v3 (+4 p.p.), and ViT-B/16 (+2 p.p.).

The ordering of aggregation gains is not random. Architectures with clear stage hierarchy and residual connections
(ResNet-50) benefit most because their intermediate features are both diverse and well-preserved. Architectures where
intermediate features are structurally similar (ViT-B/16) or already entangled through dense connections (DenseNet-121)
benefit less, because concatenation adds redundant rather than complementary information.

The descriptor dimensionality does not predict performance: ViT-B/16 produces the largest descriptor (3072-D) yet
achieves lower F1 than ResNet-50 (2816-D) and DenseNet-121 (1664-D). This confirms that the structure of intermediate
features matters more than their quantity. From a practical standpoint, ResNet-50 achieves the best accuracy with moderate
computational cost (23M parameters, ~75 ms/image), making it the most efficient backbone for production similarity systems.

Discussion and conclusions

This study identifies three architectural requirements for effective multi-level feature aggregation in image similarity tasks.
First, clear stage hierarchy with distinct spatial resolutions ensures that features from different layers capture complementary
information — from fine-grained edges and textures at early stages to semantic concepts at deep stages. Second, residual
connections preserve low-level details through the network depth, preventing the information loss that degrades aggregation
quality in architectures like VGG. Third, moderate intermediate dimensionality provides sufficient representational capacity
without the excessive redundancy observed in DenseNet or the insufficient capacity of MobileNet.

ResNet-50 uniquely satisfies all three requirements, which explains its best performance across all tested configurations.
Its four-stage structure provides a natural progression from spatial to semantic features, while skip connections ensure that
each stage retains access to input-level information.

ViT-B/16 shows the smallest aggregation gain (+2 p.p.) despite having the largest descriptor. The uniform block structure —
all 12 blocks produce 768-dimensional outputs at the same spatial resolution — means that intermediate features differ
primarily in degree of abstraction rather than in spatial resolution or feature type. Hierarchical vision transformers such as
Swin Transformer (Liu et al., 2021) may address this limitation by introducing a stage-based structure more analogous to
CNNs. CLIP adds a further constraint: contrastive pre-training suppresses fine-grained details, making it poorly suited for
near-duplicate detection.
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For practitioners selecting a backbone for multi-level similarity systems, these results translate into concrete guidelines. If
the task requires fine-grained discrimination, ResNet-50 with C2+C3+C5 is the recommended choice. If inference speed is
the primary constraint, MobileNetV2 offers 2x faster processing at lower accuracy. DenseNet-121 provides a middle ground
when memory is limited. VGG-16, Inception v3, and ViT-B/16 are not recommended for this pipeline due to the structural
limitations identified above.

Limitations of this study include the use of a single benchmark dataset and frozen pre-trained weights. Future work should
extend the evaluation to additional visual domains, investigate fine-tuning of intermediate layers, and test hierarchical vision
transformers that combine the stage-based structure of CNNs with the self-attention mechanism. Another direction is learned
aggregation weights, where the contribution of each layer is optimized jointly with the similarity classifier.

Authors’ contribution: Volodymyr Kubytskyi — conceptualization, methodology, software, formal analysis, writing — original draft. Artem
Bozhok — data validation, formal analysis, writing — review and editing.
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KOH®IrYPALIT MTPOMDKHUX LWAPIB ANS 3AOAY NOAIEHOCTI 306EPAXEHb: OLIIHKA BAFATOPIBHEBOIO
BEKTOPHOI'O NPEACTABJIEHHA, OTPUMAHOIO 3 APXITEKTYP CNN | TPAHC®OPMEPIB

OuiHka ei3yanbHoi nodi6Hocmi 306paxeHb nompebye eeKkmopHuUx npedcmaesieHb, wWo 36epizaroms iHhopmayito Ha pPi3HUX pieHsIx abcmpakuyii.
BazamopieHeea azcpezayisi o3HaK i3 npomixHux wapie CNN demoHcmpye sucoky egpekmueHicms y 3adavyax eusiesieHHs1 malixe Ay6nikamie, oOHak cuc-
memamudyHull aHani3 ennuey apximekmypHux enacmueocmel pisHux backbone-mepex Ha sikicmb makux npedcmaeneHs doci He npoeoduecs. Y npo-
noHoeaHiti po6omi gpopmasizoeaHo koHeeep b: )pieHeesol acp Jii: GAP, koHKameHauisi ma L2-Hopmani3zayisi npoMiXXHUx akmueau,iti 3 mooasnbworo

knacudpikayiero komnakmHum MLP. [fpoaHanizoeaHo wicmb apximekmyp — VGG-16, Inception v3, DenseNet-121, MobileNetV2, ResNet-50 ma ViT-B/16 —
3a Kpumepisimu Yimkocmi cmaditi, MPocmopoe8oi Npozpecii, He3anexxHocmi 03Hak i 3anuwkoeo2o nNomoky iHghopmauii. KinbKicHy ouiHKy eUKOHaHO Ha
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Habopi 0aHux INRIA Holidays 3a F1. ResNet-50 i3 wapamu C2 + C3 + C5 docsizae F1=0,77, nepesepuiyroydu eci iHwi koHgizypauii. VGG-16 dae F1=0,72
3a Hadnuwkoeoi Kinbkocmi napamempie. DenseNet-121 docsizae F1=0,74 nonpu HaomipHicmb o3Hak. ViT-B/16 noka3ye F1= 0,70, o6mexeHuli 0OHOpPiO-
Hoto cmpykmypoto 6nokie. Yimka iepapxisi cmadili i3 3anuwkoeumu 38 'sa3kamu, nocmymnoeuli nepexio eid npocmoposux o ceMaHMUYHUX O3HaK i MoMi-
PHa NpoMiXxKHa PO3MipHiCMb € KIIF0408UMU apXimeKkmypHUMU eumMo2amu 01 e¢hekmueHoi 6azamopigHesoi azpezauii.

Knwo4yoBi cnoBa:6azamopieHesa azpezayisi 03HaK, Nodi6Hicmb 306pakeHb, 320pmkoei HelipOHHI MepexXi, 8i3yanbHi mpaHcgopmepu,
npomixkHi npedcmaesieHHs1, susiesieHHs1 Malixe Oy6iikamie, nopieHsIHHS apximekmyp, ResNet-50.

ABTOpM 3asBNAIOTb NPO BiACYTHICTb KOHANIKTY iHTepeciB. CnoHcopu He Bpanu yyacTi B po3pobneHHi AoCniaxeHHs; y 36opi, aHanisi umn
iHTepnpeTaLii AaHVX; y HAaNMUCaHHi PyKOMucy; B pilLeHHi Mpo nybrikavilo pe3ynbTaris.
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