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Vision-based food image retrieval has garnered significant attention due to its potential for critical applications in dietary and
health management. However, food images exhibit more complex feature distributions and lack the geometric regularity and
structured patterns typically observed in general image retrieval tasks. This complexity poses a challenge for existing models
to extract fine-grained features and semantic information, thereby compromising retrieval performance. To address this
challenge, we propose FoodHash, a context-aware proxy interaction and fusion hashing method for food image retrieval. The
method incorporates an Aggregation-Interaction-Propagation (AIP) module that facilitates contextual information exchange
among patch tokens within the same feature map, guided by proxy tokens, thereby effectively capturing the intricate details
of food images. Furthermore, to leverage the rich semantic information in food images, a Cross-Fusion Module is introduced
to efficiently integrate multi-scale information and enhance feature representation. Additionally, we employ a novel loss
function to optimize hash learning by ensuring consistency between hash codes and the semantic space, thereby enhancing the
learning capability of hash coding. Extensive experiments on three publicly available food datasets demonstrate that FoodHash
significantly surpasses existing models in retrieval performance. Specifically, on the ETH Food-101 dataset, FoodHash achieves
improvements of 18.1%, 6.7%, 5.2% and 4.5% over the suboptimal method PTLCH for 16-bits, 32-bits, 48-bits and 64-bits hash
codes, respectively. The source code will be made publicly available upon publication of the paper.
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1 Introduction
Food plays a crucial role in human life, serving not only as a core resource for meeting basic physiological needs
but also as a means of managing health and improving quality of life. Food images have become an essential
medium for multimedia information due to their intuitive and easily understandable characteristics, making
them one of the main sources of information for people. With rapid advancements in image data acquisition and
analysis technologies, the accumulation of large-scale food image datasets has increased significantly, driving
growing research interest in accurate and efficient food image processing. Among these research areas, food image
retrieval has emerged as a critical subfield of multimedia information retrieval [36, 47] and a major branch of food
computing [38], enabling the retrieval of relevant images from food image databases based on a given query image.
It has emerged as a research hotspot, garnering considerable attention for its wide-ranging applications in health
management, such as dietary recommendations, nutritional assessment systems, and healthcare [19, 46, 55, 57].

However, food images exhibit more heterogeneous feature distributions and face unique challenges compared
to generalized image retrieval tasks. First, the visual features of food images are complex and diverse, with
numerous categories and variable shapes. The same ingredient may appear completely different depending
on the cooking method, while foods with similar colors and shapes are difficult to distinguish. These fine-
grained differences increase the difficulty of feature extraction and classification for models. Second, food images
frequently contain irrelevant background elements, such as tableware or tabletops, which interfere with feature
extraction and hinder the model’s ability to focus on key food regions. By contrast, target objects in general
image retrieval tasks are often rigid structures (e.g., buildings, vehicles) with clear geometric features or entities
with distinctive characteristics (e.g., animals, birds), making their visual features more stable and easier to extract.
This disparity in feature distributions makes it challenging for existing image retrieval models to effectively
capture the fine-grained details of food images, leading to degraded retrieval performance.

In summary, food image retrieval tasks place higher demands on the model’s ability to represent features and
capture subtle differences. To achieve effective performance in food image retrieval, researchers must design
specialized model architectures and adaptive algorithms to handle the complex distributions and diverse features
of food images. In recent years, content-based image retrieval (CBIR) [10] has emerged as a key area of research
within food image retrieval. Researchers have proposed various improved methods leveraging visual features
for image search. However, relying solely on CBIR often leads to high computational costs and inefficiency.
By contrast, hash-based image retrieval offers significant advantages in storage efficiency and retrieval speed
through the use of hash codes. As a result, hash-based methods have become a prominent research direction in
image retrieval [5, 56].

Hashing methods retain unique advantages in food image retrieval, despite the rising popularity of deep feature
embeddings and vector search in general image retrieval for their high accuracy in capturing semantic similarity.
Hashing techniques convert high-dimensional features into compact binary codes, achieving a sublinear time
complexity for approximate nearest neighbor search via the Hamming distance. This significantly reduces storage
overhead and retrieval latency—crucial for real-time applications in food-related health management. In contrast,
while deep embeddings offer rich semantic content, they are less suitable in resource-constrained environments
due to their high computational cost and significant memory usage. With fast response times and low memory
consumption, hash-based methods are widely regarded as one of the most efficient image retrieval techniques
[12, 15, 21, 29, 31, 33, 34, 42, 52, 53, 58, 59, 61]. For food imagery, the visual diversity and disordered distribution
necessitate retrieval techniques capable of efficiently processing subtle variations. Hashing’s binary encoding
mechanism achieves high-precision matching in resource-constrained scenarios by preserving key semantic
relationships while compressing irrelevant noise—a capability particularly critical in practical applications. For
instance, in mobile health applications, users’ uploaded food images require instant retrieval of similar items for
nutritional assessment or dietary recommendations. Hash’s low latency and high efficiency significantly enhance
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user experience and system usability, thereby driving our exploration of advanced hashing techniques to improve
food image retrieval performance.

Current mainstream deep hashing methods rely on convolutional neural networks (CNNs) [24] to extract high-
dimensional semantic features, mapping these features into binary hash codes via hashing functions. However,
CNNs primarily depend on convolution kernels to compute pixel relationships between local regions during
feature extraction. This limitation significantly impacts the overall performance of image retrieval. In recent
years, the Vision Transformer (ViT) [9], an extension of the Transformer [51], has gained attention for its ability
to capture long-range dependencies between different image regions through the self-attention mechanism. This
capability allows ViT to effectively extract global features. As a novel architecture that replaces traditional CNNs,
ViT has demonstrated outstanding performance in various vision tasks, including image segmentation [6], object
detection [28] and image classification [37], consistently outperforming most CNN-based methods. However,
ViT exhibits certain limitations in capturing fine-grained local features, a problem that becomes particularly
pronounced when processing food images with complex structures. Therefore, this paper proposes a hash-hybrid
framework for food image retrieval that combines CNN and Transformer architectures.

The main contributions of this paper can be summarized as follows:
• A new context-aware proxy interaction and fusion deep hashing framework for food image retrieval,
called FoodHash, is constructed to efficiently capture the rich and diverse features in food images through
a hybrid architecture of dual attention.

• TheAggregation-Interaction-Propagationmodule is introduced, which enables comprehensive information
exchange between patch tokens within the same feature map through three key mechanisms. The
mechanisms effectively address the complex detail features in food images, enhancing their visual feature
representation.

• The Cross-Fusion Module (CFM) is constructed to establish an interactive channel between local detail
features and global semantic features through a bidirectional key-value projection mechanism. This
effectively aggregates semantic information across different scales, enhancing the model’s ability to
distinguish between similar images.

• A deep hash loss function combining polarization loss and an enhanced cross-entropy loss has been
devised to enhance both intra-class consistency and inter-class separability within hash representations.
The proposed method was experimentally evaluated across three extensively studied food datasets. Results
demonstrate FoodHash’s superior performance in food image retrieval tasks under complex semantic
conditions.

2 Related Work

2.1 Food Image Retrieval
With the emergence of several publicly available food image datasets [2, 7, 23, 39, 40], food-related research
has become a popular topic. Food image retrieval has gained widespread attention in recent years as one of
the core research directions in food computing. To address the challenges posed by complex features and fine-
grained variations in food images, researchers have proposed various solutions, ranging from traditional image
descriptor methods [13] to deep learning-based models, achieving significant progress. For instance, Song et al.
[49] introduced the noise-robust NoLoTransformer network, which adaptively adjusts the weights of different
image patches to reduce the impact of irrelevant noise on feature extraction. They also incorporate convolutional
structures between Transformer layers to extract more discriminative fine-grained features, effectively addressing
the challenges of background noise and fine-grained details in food images.
Furthermore, Song et al. [48] improved the classic metric learning framework by proposing an adaptive

maximization sampling method that enhances generalization by avoiding excessive distance compression in the
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sample space. They also design a gradient-adaptive optimization strategy to reduce the optimization weight of
boundary samples, mitigating intra-class over-compression. This approach significantly improves the model’s
generalization capability across domains with substantial category differences.

2.2 CNN-Based Image Retrieval Methods
With the rapid development of CNNs, CNN-based deep hashing methods for image retrieval have garnered
significant attention. Deep Supervised Hashing (DSH) [32] uses CNNs to quantize network outputs into binary
hash codes by applying a regularizer on the real-valued outputs to generate discrete binary values. Deep Pairwise
Supervised Hashing (DPSH) [26] is the first method to learn feature representations and hash functions using
pairwise labels simultaneously. HashNet [4] introduces an extended approach based on the tanh function to
achieve a smooth transition from real-valued features to binary codes, addressing the ill-posed gradient problem
encountered when optimizing deep networks with non-smooth binary activations using continuous methods.
This approach accurately learns binary hash codes from imbalanced similarity data. Building upon HashNet,
Deep Cauchy Hash for Hamming space retrieval (DCH) [3] proposes a novel pairwise cross-entropy loss based
on the Cauchy distribution, which significantly penalizes similar image pairs with Hamming distances exceeding
a given Hamming radius threshold. GreedyHash [50] applies the sign function at the hashing layer. IDHN [60]
employs cross-entropy loss and mean squared error loss to enable multi-label image retrieval. Central Similarity
Quantization (CSQ) [58] optimizes hash centers based on the central similarity of data points. Maximum margin
Hamming hashing (MMHH) [22] achieves constant-time search in Hamming space by performing hash lookups,
significantly improving retrieval efficiency for very large databases.

Deep Polarized Network (DPN) [12], designed for supervised learning of accurate binary hash codes, introduces
a novel polarization loss that utilizes a bitwise hinge loss to push different output channels away from zero.
This algorithm minimizes the original Hamming-distance-based loss without introducing quantization errors
while avoiding the complexity of binary optimization problems. Bi-Half Net [30] proposes an unsupervised deep
hashing network to generate high-quality hash codes. This network minimizes the continuous feature learning
process through a parameter-free layer, approximating an optimal uniform distribution of hash codes. ADSH [20]
introduces an asymmetric deep supervised hashing method, where deep hashing functions are learned for query
points, while database points are directly learned. This approach allows for more effective utilization of label
information. Hashing-guided hinge function (HHF) [54] proposes a novel hinge loss function for supervising
networks to generate hash codes. This function prevents hash learning from converging to suboptimal local
minima in metric learning, addresses semantic loss issues during network training, and promotes richer feature
extraction. DFPH [43] and MDFF-SH [1] combine convolutional neural network backbones with feature pyramid
networks to fuse low-level structural features and high-level semantic features across multiple scales, thereby
generating more discriminative representations.
Although CNN architectures have demonstrated strong performance in the field of image retrieval, they still

have inherent limitations. CNN extracts image features by using convolutional kernels to compute pixel relation-
ships in small regions, which makes them more focused on capturing local information. Recently, researchers
have observed that ViT, which focuses on global feature extraction, has exhibited superior performance in the
image retrieval domain.

2.3 Transformer-Based Image Retrieval Methods
As a rising alternative to CNN architectures in computer vision, Transformer was initially introduced by A.
Vaswani [51] for natural language processing (NLP) tasks to address the issue of long-range dependencies in
data. A. Dosovitskiy [9] was the first to apply a vision transformer to image classification tasks, where images
were directly processed as a sequence of patches, achieving significant effects. Since then, various ViT variants

ACM Trans. Multimedia Comput. Commun. Appl.

 



FoodHash: Context-Aware Proxy Interaction and Fusion for Food Image Retrieval • 5

have been proposed, demonstrating strong performance. Swin Transformer [35] introduces a hierarchical vision
Transformer architecture, replacing standard global self-attention with a shifted window attention mechanism.
BiFormer [62] proposes a novel Transformer model that employs two-stage routed attention to filter out irrelevant
key-value pairs in coarse regions, thereby improving overall performance. Overall, ViT and its variants are rapidly
evolving, with increasing research focused on exploring their applicability across various computer vision tasks.
Inspired by the latest advancements in ViT, TransHash [8] proposes a fully Transformer-based deep hashing

framework, which effectively captures both global and local discriminative features through an innovative
dual-stream feature learning module. HashFormer [25] further leverages ViT as the backbone network, treating
binary codes as intermediate representations for the proxy task of image classification, and introducing a mean
average precision loss to optimize retrieval performance. X. Ren et al. [45] designed a hash retrieval model
combining contrastive learning and ViT. By incorporating contrastive learning into the feature learning process
of ViT and designing a multi-objective loss function, the model maximized feature consistency across different
views of the same image, thereby enhancing the representativeness of the hash codes. S. R. Dubey [11] proposed
a hash-based image retrieval method leveraging ViT, where a pre-trained ViT on ImageNet was used as the
backbone, with additional hash-specific heads. MSViT [27] extracts multi-scale features by processing image
patches of different sizes, achieving more precise feature representations through efficient fusion.

However, the ability of ViT to learn local features is relatively limited compared to CNNs. As a result, exploring
hybrid deep hashing methods that combine CNNs and Transformers has become a promising area of research.
CMT [14] proposes a novel hybrid network based on Transformers, which leverages Transformers to capture
long-range dependencies while using CNNs to extract local information. EdgeViT [41] combines local and
global attention and successfully balances accuracy and efficiency with state-of-the-art CNNs and ViTs by
introducing a cost-effective local-global-local information exchange bottleneck. Building on these architectures,
several works [16, 17] have introduced improvements to the self-attention mechanism of vision transformers
to enhance computational efficiency. PTLCH [44] integrates CNN pooling with ViT to simultaneously capture
global information and spatial dimensions. Additionally, it proposes a novel loss framework that optimizes the
weights of hard and noisy samples during the hashing process, achieving optimal matching. HybridHash [18]
introduces a hierarchical backbone network with block aggregation capabilities, enabling localized self-attention.
These recent advances in hybrid architectures based on vision Transformers and CNNs provide new insights and
inspiration for image retrieval tasks. This paper proposes a hybrid architecture called FoodHash, which uses ViT
as the backbone network and combines CNN with ViT to capture the fine-grained features and global semantic
information of food images.

3 Method

3.1 Problem Description
Given a dataset 𝑋 contains 𝑁 images, and its expression is defined as 𝑋 = {𝑥𝑖}𝑁𝑖=1, where 𝑥𝑖 represents the 𝑖-th
image in the dataset. An image 𝑥𝑖 in the dataset is associated with a corresponding label 𝑦𝑖. The label dataset 𝑌 is
composed of these label vectors 𝑦𝑖 and is defined as 𝑌 = {𝑦𝑖 ∈ (0, 1)𝑀}𝑁𝑖=1, where𝑀 denotes the total number of
image categories. If the sample 𝑥𝑖 belongs to category 𝑗, the 𝑗-th element of the label vector 𝑦𝑖,𝑗 = 1; otherwise,
𝑦𝑖,𝑗 = 0.

The objective of deep hashing image retrieval is to learn a hash mapping function 𝐻 ∶ 𝑋 → {−1, +1}𝑘, which
maps samples to a set of hash codes 𝑈 = {𝑢𝑖 ∈ {−1, +1}𝑘}𝑁𝑖=1, where 𝑘 denotes the length of the hash codes. This
mapping relationship in FoodHash can be divided into two parts. In the first part, the Transformer Encoder
and the AIP module jointly learn the image features to generate the corresponding feature representations. The
two types of feature representations are cross-fused to obtain the final feature representation 𝐹 = {𝑓𝑖}𝑁𝑖=1. In the
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Fig. 1. The overall framework of FoodHash.

second part, the feature representation 𝐹 is transformed into the hash codes matrix 𝑈 using the sign function
𝑢𝑖 = sign(𝑓𝑖). Specifically, when 𝑓𝑖 > 0, sign(𝑓𝑖) = 1; otherwise, sign(𝑓𝑖) = −1.

3.2 FoodHash Network Architecture
We design a variant FoodHash using ViT as the base network. The overall network architecture of FoodHash is
shown in Fig. 1.

3.2.1 Patch and Position Embedding. Given an input food image 𝑥𝑖 ∈ ℝ𝐻×𝑊×𝐶, we first process the input image
using a 2D convolution to divide it into several non-overlapping patches of fixed size. Next, a linear mapping is
performed on each patch embedding, which is converted to a feature vector to obtain the initial representation
𝑋𝑉 of the image patches. A class token embedding 𝐶𝑇 is also introduced as a learnable parameter initialized with
zero. The class token is used as a representation of the global image, which is concatenated with the embedded
representation 𝑋𝑉 of the image patch to generate the extended embedded representation 𝑋𝐸. To capture spatial
positional information, a learnable positional embedding matrix 𝐸𝑝𝑜𝑠 is added to preserve positional embedding
information. The initial feature representation 𝑋0 incorporating the position embeddings is defined as follows:

𝑋0 = 𝑋𝐸 + 𝐸𝑝𝑜𝑠 (1)

3.2.2 Transformer Encoder. The Transformer Encoder module consists of 𝐺 stacked transformer blocks. Each
block includes a Multi-Head Self-Attention (MSA) and a Multilayer Perceptron (MLP). The Transformer Encoder
employs Layer Normalization (LN) and residual connections to enhance the stability and propagation of the
feature representations.

Specifically, for each transformer block, the input features 𝑋𝑇−1 are first processed with Layer Normalization
and passed through the MSA layer to compute the updated feature representation:

𝑋𝐿 = 𝑀𝑆𝐴 (𝐿𝑁(𝑋𝑇−1)) + 𝑋𝑇−1 (2)
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Fig. 2. The detailed structure of the proposed AIP module. AIP includes three main mechanisms: Aggregation (pink),
Interaction (yellow) and Propagation (green).

Then, the updated feature representation 𝑋𝐿 is further processed with Layer Normalization and passed through
the MLP layer for nonlinear feature projection to obtain the final output representation 𝑋𝑇:

𝑋𝑇 = 𝑀𝐿𝑃 (𝐿𝑁 (𝑋𝐿)) + 𝑋𝐿 (3)

where 𝑇 ∈ {1, 2, ..., 𝐺}, 𝑋𝑇−1 is the output of the previous layer block. 𝑋𝐿 is the intermediate representation
updated by the MSA layer, and 𝑋𝑇 is the final output of the current block. Layer Normalization enhances the
numerical stability of the input, while the MSA mechanism establishes global relationships between blocks and
generates new feature representations. Subsequently, the MLP further performs nonlinear projection on the
features, and the residual connections ensure the stability and continuity of the feature representations.

3.3 AIP Module
The AIP module, as shown in Fig. 2, primarily includes three key mechanisms: aggregation, interaction, and
propagation.

3.3.1 Aggregation. A set of proxy tokens is generated by integrating information from local neighborhood
tokens through an aggregation mechanism. In the aggregation phase, we perform feature aggregation for each
image patch through depthwise convolution operations to further extract local features within the patch and
generate richer feature representations. This operation effectively captures detailed features inside the patch
by aggregating the local information within a window of size 2 × 2. As shown in Fig. 3(a), the process can be
formulated as follows:

𝑋𝐶 = 𝑋𝑉 + 𝐶𝑜𝑛𝑣 (𝑋𝑉) (4)
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Fig. 3. Illustration of the three key mechanisms involved in the proposed AIP module. In the example, (a) Local information
from neighboring tokens within the region is first aggregated to the proxy tokens. (b) Information is exchanged between
proxy tokens through attention. (c) The global contextual information encoded in the proxy tokens is propagated to the
neighboring tokens within the region.

𝑋𝐷 = 𝑋𝐶 + 𝐶𝑜𝑛𝑣(𝐷𝑊𝐶𝑜𝑛𝑣(𝐶𝑜𝑛𝑣(𝐵𝑁 (𝑋𝐶)))) (5)

𝑋𝑎 = 𝑋𝐷 +𝑀𝐿𝑃(𝐵𝑁(𝑋𝐷)) (6)
where 𝑋𝐶 and 𝑋𝐷 are the intermediate representation after the convolution operation.

3.3.2 Interaction. Global sparse interaction attention that introduces long-term relationships between proxy
tokens via an interaction mechanism. In the interaction phase, we adopt a sparse proxy patch token selection
strategy by sampling the proxy patch tokens across the entire feature map space and performing self-attention
operations on the selected proxy patch tokens. This strategy effectively reduces the computational overhead
while preserving the ability to model global features. During this process, all proxy patch tokens in the space are
involved in the computation of self-attention as queries. As shown in Fig. 3(b), the formula is as follows:

𝑄, 𝐾, 𝑉 = 𝑟𝑒𝑠ℎ𝑎𝑝𝑒 (𝑄𝐾𝑉 (𝑋𝑎)) (7)

𝐴𝑡𝑡𝑛(𝑄, 𝐾, 𝑉 ) = 𝑟𝑒𝑠ℎ𝑎𝑝𝑒(𝑠𝑜𝑓 𝑡𝑚𝑎𝑥 (
𝑄𝐾⊤

√𝑑𝑘
) 𝑉 ) (8)

𝑋𝑃 = 𝐿𝑁(𝐶𝑜𝑛𝑣𝑇 𝑟𝑎𝑛𝑠𝑝𝑜𝑠𝑒(𝐴𝑣𝑔𝑃𝑜𝑜𝑙(𝐴𝑡𝑡𝑛(𝑄, 𝐾, 𝑉 )))) (9)

where 𝑄𝐾𝑉 (𝑋) is the linear projection of the input 𝑋 to obtain 𝑄, 𝐾 and 𝑉, respectively. 𝑑𝑘 is the dimension of
each attention head, and the softmax operation normalizes all spatial tokens to ensure attention distribution.
Through this sparse sampling strategy, the interaction phase enables effective modeling of global features with
controlled computation.

3.3.3 Propagation. The information known to the proxy tokens is spread to the sub-tokens with the same
proxy token through the propagation mechanism. In the propagation phase, we use the transposed convolution
operations to propagate the global context information encoded in the interaction phase to their respective
neighboring patch tokens. Specifically, the transposed convolution is able to expand the receptive field of the
feature map while preserving the spatial structure, enabling the transfer and exchange of global information.
As shown in Fig. 3(c), the AIP module is able to communicate comprehensive information between image
patches, resulting in capturing the global features of the image through the above operations, which enhances
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the coherence and consistency of the feature representation. Specifically, as shown in Equation 9. After that 𝑋𝑃 is
projected to get the final feature 𝑋𝐴 output by the AIP module.

The overall workflow of the AIP module is as follows: Initially, 𝑋𝑉 leverages the locality bias of convolution to
extract spatially coherent local features, followed by the introduction of batch normalization (BN) to normal-
ize intermediate activation values, stabilizing training dynamics and accelerating convergence. Subsequently,
depthwise separable convolution is applied to further optimize parameter efficiency while preserving spatial rela-
tionships. An MLP layer enhanced with residual connections introduces nonlinear transformations, enhancing the
expressive power of local features. Next, a subsampling operation reduces the number of proxy tokens to control
computational complexity, while the multi-head attention mechanism captures global dependencies through
attention, and the softmax operation ensures the probability normalization of the attention distribution. AvgPool
aggregates the attention output to summarize key features and reduce noise, while ConvTranspose serves as an
upsampling operation to expand the receptive field, broadcasting global information while maintaining spatial
structural consistency. Finally, LN is applied to normalize the entire block output, maintaining numerical stability
and facilitating the learning capacity of subsequent layers. This design philosophy optimizes the information
flow, transitioning from local feature extraction to global modeling, and further through compression, expansion,
and stabilization, achieving module-level consistency. Through the three phases of Aggregation, Interaction and
Propagation, the AIP module enables efficient information exchange and fusion across the feature map, effectively
capturing both local and global features, making the final output features more discriminative.

3.4 Cross-Fusion Module
The Cross-Fusion Module achieves feature fusion through an innovative bidirectional cross-attention mechanism:
it first utilizes mutually inverse attention paths (local features querying global context/global features querying
local details) to enable dynamic bidirectional feature negotiation, and then adaptively fuses the bidirectional
results using learnable weights. Compared to the linear combination methods of traditional concatenation or
weighted averaging, our proposed CFM not only generates spatially adaptive fusion weights to address feature
misalignment issues but also fully exploits complementary information through equal dialogue between features.
The specific implementation is as follows:
First, we extract the global feature 𝐶𝑇 from the output features 𝑋𝑇 of the Transformer Encoder as the rep-

resentative feature of the global image. This feature is then concatenated with the output features 𝑋𝐴 of the
AIP module. Through this fusion operation, the global and detailed information can be effectively combined,
enhancing the model’s ability to understand the details and global structure of the image. The concatenated
features are defined as:

𝑋𝐴𝐼𝑃 = 𝐶𝑜𝑛𝑐𝑎𝑡(𝐶𝑇 , 𝑋𝐴) (10)

Next, the concatenated features𝑋𝐴𝐼𝑃 and themain output features𝑋𝑇 of the Transformer Encoder are separately
subjected to linear projection to obtain the following feature matrices: for 𝑋𝐴𝐼𝑃, the query matrix 𝑄𝐴𝐼𝑃, key
matrix 𝐾𝐴𝐼𝑃 and value matrix 𝑉𝐴𝐼𝑃 are generated; for 𝑋𝑇, the query matrix 𝑄𝑇, key matrix 𝐾𝑇 and value matrix
𝑉𝑇 are generated.
Subsequently, we perform two cross-attention calculations to capture the interaction relationships between

the two sets of features, respectively:

(1) Using the query matrix 𝑄𝐴𝐼𝑃 of 𝑋𝐴𝐼𝑃 and the key matrix 𝐾𝑇 and value matrix 𝑉𝑇 of 𝑋𝑇 as inputs:

𝐹1 = 𝑠𝑜𝑓 𝑡𝑚𝑎𝑥 (
𝑄𝐴𝐼𝑃𝐾⊤

𝑇
√𝐷

)𝑉𝑇 (11)

ACM Trans. Multimedia Comput. Commun. Appl.

 



10 • P. Cao et al.

(2) Using the query matrix 𝑄𝑇 of 𝑋𝑇 and the key matrix 𝐾𝐴𝐼𝑃 and value matrix 𝑉𝐴𝐼𝑃 of 𝑋𝐴𝐼𝑃 as inputs:

𝐹2 = 𝑠𝑜𝑓 𝑡𝑚𝑎𝑥 (
𝑄𝑇𝐾⊤

𝐴𝐼𝑃
√𝐷

)𝑉𝐴𝐼𝑃 (12)

where √𝐷 is a scaling factor used to stabilize gradient computation.
Finally, the weighted fusion layer fuses the outputs 𝐹1 and 𝐹2 from the two cross-attention calculations to

synthesize the interaction information between different features:

𝐹 = 𝜔𝐹1 + (1 − 𝜔)𝐹2 (13)

where 𝜔 is a learnable parameter used to adjust the importance of the interaction between the two types of
features.

3.5 Loss Function
3.5.1 Polarization Loss. Given𝑀 categories and a hash bit length 𝑘, the target vector matrix 𝑍 ∈ {−1, +1}𝑀×𝑘.The
target vector is initialized using a binary assignment strategy. The initialization rule is as follows:

𝑍𝑖,𝑗 = {
−1, 𝑖𝑓 𝑗 ∈ 𝑆
+1, 𝑜𝑡ℎ𝑒𝑟𝑤𝑖𝑠𝑒.

(14)

where 𝑝 is a hyperparameter that controls the sparsity of the target vectors, ∀𝑖 ∈ {1, 2, ..., 𝑀}, 𝑆 ∈ {1, 2, ..., 𝑘}, and
|𝑆| = |𝑝 ⋅ 𝑘|.

When the hash code 𝑢𝑖 of the 𝑖-th sample is learned, the goal is to get as close as possible to the target vector
matrix 𝑍. Based on the label 𝑦𝑖, the corresponding target vector 𝑧𝑖 is selected for each 𝑢𝑖. The target vector 𝑧𝑖 can
be directly extracted from the target matrix using the index of the maximum value in the label:

𝑧𝑖 = 𝑍[argmax (𝑦𝑖)] (15)

The Polarization loss function aims to minimize the difference between the learned hash codes 𝑢𝑖 and its
corresponding target vector 𝑧𝑖, which is defined by the formula:

ℒ𝑃 =
1
𝐵

𝐵
∑
𝑖=1

max (0, 𝑚 − 𝑢𝑖 ⋅ 𝑧𝑖) (16)

where 𝑚 is a hyperparameter used to control the polarization threshold, and 𝐵 represents the batch size.
The gradient of the polarization loss can be derived as:

𝜕ℒ𝑃
𝜕𝑢𝑖

=
1
𝐵
⋅ {

−𝑧𝑖, 𝑖𝑓 𝑚 − 𝑢𝑖 ⋅ 𝑧𝑖 > 0
0, 𝑜𝑡ℎ𝑒𝑟𝑤𝑖𝑠𝑒.

(17)

When 𝑢𝑖 ⋅ 𝑧𝑖 < 𝑚, the gradient points toward −𝑧𝑖, driving 𝑢𝑖 to move in the direction of 𝑧𝑖, thereby increasing
the inner product. When 𝑢𝑖 ⋅ 𝑧𝑖 ≥ 𝑚, the gradient becomes zero, halting the optimization for that sample. The
polarization loss function encourages 𝑢𝑖 ⋅ 𝑧𝑖 to exceed the threshold 𝑚 by penalizing deviations below 𝑚, thereby
promoting the polarization of the hash code distribution and enforcing class compactness in the Hamming space.

3.5.2 S-Cross Entropy Loss. We have incorporated the concept of normalization into the traditional cross-
entropy loss by redistributing the contribution values of different category predictions, penalizing overconfident
predictions and encouraging a more balanced distribution. First, the hash codes 𝑢𝑖 are mapped to a class probability
distribution through the classification head:

̂𝑦𝑖,𝑗 = log(
𝑒𝑢𝑖,𝑗

∑𝑀
𝑗=1 𝑒

𝑢𝑖,𝑗
) (18)
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where ̂𝑦𝑖,𝑗 represents the result of applying the log operation to the probability of the 𝑖-th sample belonging to
the 𝑗-th category. Then the loss function is calculated, and for the 𝑖-th sample, the loss is:

ℒ𝑖 =
−∑𝑀

𝑗=1 𝑦𝑖,𝑗 ̂𝑦𝑖,𝑗

−∑𝑀
𝑗=1 ̂𝑦𝑖,𝑗

(19)

The proposed normalization term introduces a regularization effect proportional to the negative entropy of the
predicted distribution, thereby encouraging the model to maintain wider decision boundaries and improving class
separation. Entropy regularization can enhance generalization ability by preventing the model from converging
to overly sharp distributions. Finally, the S-cross entropy loss is defined as:

ℒ𝑆 =
1
𝐵

𝐵
∑
𝑖=1

ℒ𝑖 (20)

The gradient calculation of the S-cross entropy loss is as follows: First, compute the gradient of ̂𝑦𝑖,𝑗 with respect
to 𝑢𝑖,𝑗. Define the probability of 𝑠𝑜𝑓 𝑡𝑚𝑎𝑥 as:

𝑝𝑖,𝑗 =
𝑒𝑢𝑖,𝑗

∑𝑀
𝑗=1 𝑒

𝑢𝑖,𝑗
, ̂𝑦𝑖,𝑗 = 𝑙𝑜𝑔(𝑝𝑖,𝑗) (21)

The gradient of ̂𝑦𝑖,𝑗 = log(𝑝𝑖,𝑗) is:

𝜕 ̂𝑦𝑖,𝑗
𝜕𝑢𝑖,𝑙

=
1
𝑝𝑖,𝑗

⋅
𝜕𝑝𝑖,𝑗
𝜕𝑢𝑖,𝑙

= {
1 − 𝑝𝑖,𝑙, if 𝑗 = 𝑙,
−𝑝𝑖,𝑗, if 𝑗 ≠ 𝑙.

(22)

For the 𝑖-th sample, first compute the gradient of the numerator of ℒ𝑖:

𝜕
𝜕𝑢𝑖,𝑙

(−
𝑀
∑
𝑗=1

𝑦𝑖,𝑗 ̂𝑦𝑖,𝑗) = −
𝑀
∑
𝑗=1

𝑦𝑖,𝑗 ⋅
𝜕 ̂𝑦𝑖,𝑗
𝜕𝑢𝑖,𝑙

(23)

Substitute the gradient of ̂𝑦𝑖,𝑗:

𝜕
𝜕𝑢𝑖,𝑙

(−
𝑀
∑
𝑗=1

̂𝑦𝑖,𝑗) = −((1 − 𝑝𝑖,𝑗) +
𝑀
∑
𝑗≠𝑙

−𝑝𝑖,𝑙) (24)

Since 𝑦𝑖,𝑗 ∈ {0, 1}, only the class 𝑗 with 𝑦𝑖,𝑗 = 1 contributes to the gradient. Assuming 𝑦𝑖,𝑗 = 1 holds for only one
class 𝑗∗, then:

𝜕ℒ𝑖
𝜕𝑢𝑖,𝑙

∝ {
−(1 − 𝑝𝑖,𝑗∗), if 𝑗∗ = 𝑙,
𝑝𝑖,𝑙, if 𝑗∗ ≠ 𝑙.

(25)

During the training process, in order to stabilize the distribution of the hash codes, the hash code 𝑢𝑖 is updated
using ternary quantization, specifically:

𝑢𝑖 = { sign(𝑢𝑖), 𝑖𝑓 |𝑢𝑖| > 𝑚
0, 𝑜𝑡ℎ𝑒𝑟𝑤𝑖𝑠𝑒. (26)

The hash codes matrix is updated to its signified form, specifically:

U = sign(U) (27)
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Table 1. Detailed settings of three food datasets.

Datasets Label Class Training set Test set Database

ETH Food-101 Single 101 12,120 3,030 97,970
Vireo Food-172 Single 172 20,640 5,160 105,081
UEC Food-256 Single 256 20,480 5,120 26,275

The target vector 𝑍 is adaptively updated during the training process using the learned hash code matrix 𝑈 and
label matrix 𝑌. The update rule is as follows:

𝑍 = sign(𝑍⊤𝑈 ) (28)

where 𝑌 ∈ {0, 1}𝐵×𝑀 is the label matrix, and 𝑈 ∈ {−1, +1}𝐵×𝑘 is the hash code matrix.
Combining the Polarization loss and the S-cross entropy loss, the total loss ℒ is defined as:

ℒ = ℒ𝑃 + 𝜆ℒ𝑆 (29)

where 𝜆 is a hyperparameter that balances the weights of the two losses. The optimization process of total loss
can be divided into two convergent subproblems:

(1) Subproblem 1 (Fix Z, optimize U):

min
𝑈

ℒ𝑃(𝑈 ; 𝑍) + 𝜆ℒ𝑆(𝑈 ; 𝑌 ) (30)

Update via gradient descent:

𝑈 (𝑡+1) = 𝑈 (𝑡) − 𝜂 (
𝜕ℒ𝑃
𝜕𝑈

+ 𝜆
𝜕ℒ𝑆
𝜕𝑈 ) (31)

(2) Subproblem 2 (Fix U, update Z):

𝑍 (𝑡+1) = sign((𝑍 (𝑡))⊤𝑈 (𝑡+1)) (32)

This iterative process satisfies:

ℒ(𝑈 (𝑡+1), 𝑍 (𝑡+1)) ≤ ℒ(𝑈 (𝑡), 𝑍 (𝑡)) (33)

That is, the target function decreases monotonically, ensuring convergence to a local optimum.

4 Experiments

4.1 Datasets and Splits
In this paper, three popular food datasets are used. In order to avoid the effect of unbalanced data distribution,
each category of the dataset is reclassified according to the retrieval protocol [4], as shown in Table 1. Each
dataset is split into training and test sets, where training data is also used as database data. The details are as
follows:
ETH Food-101 [2] contains images from 101 food categories and is primarily used for image classification.

There are 101,000 food images in total, of which there are 250 test images and 750 training images for each
category. In this paper, the dataset is redivided, with 120 images randomly selected for each category for training
and 30 images for testing.
Vireo Food-172 [7] divides food into 172 major categories, containing 200 to 1,000 food images in each

category, totaling 110,241 food images, which basically cover most of the food types in daily life. In this paper, 120
images are randomly selected for each category for training and 30 images per category were used for testing.
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UEC Food-256 [23] contains 31,395 images of 256 dishes. The dataset has an inconsistent number of each
category, which requires the ability to understand complex visual features and extensive category recognition
to distinguish category semantic similarities. In this paper, 80 images per category were randomly selected for
training, and 20 images per category were used for testing.

4.2 Model Evaluation Metrics and Settings
The quality of image retrieval using FoodHash is evaluated based on five metrics [12, 50]: mean Average Precision
(mAP), Precision-Recall (PR) curves, precision at different top-N returned results (P@N), average training and
retrieval time, and memory usage. In this paper, mAP@1000 is used for all three datasets. PR curves are judged to
have good performance when the curve of Algorithm A is able to encompass the curve of Algorithm B or when
the curve of Algorithm A has a large area.

In the comparative experiments, we employed the same dataset and data partitioning strategy, with the batch
size uniformly set to 128, in order to ensure the objectivity of the experimental results. The operating system
version is Ubuntu 20.04 LTS. We trained on a NVIDIA A800 GPU (80GB), Intel(R) Xeon(R) Platinum 8358 CPU @
2.60GHz, 64GB RAM, 1TB SSD. During the experimental data preprocessing, the input image size was resized to
256 × 256 and then randomly cropped to 224 × 224 [18, 27, 44]. Additionally, random horizontal flipping was
applied to augment the images during model training. During testing, the input images were resized to 256 × 256
and then center-cropped to 224 × 224. All networks are trained directly on three datasets, optimized using Adam,
with the initial learning rate set to 10−5. All models were trained for 150 epochs, with testing conducted every 30
epochs to record the best results. The hyperparameter 𝑝, which controls the sparsity of target vectors, is set to
0.5, and the threshold parameter 𝑚, which governs the polarization of hash codes, is set to 1. The parameter 𝜆 for
the equilibrium loss is set to 0.1.

4.3 Comparison of Representative Methods
This paper compares the proposed method with representative ResNet-based, AlexNet-based and Trannformer-
based image retrieval methods. Table 2 shows the mAP values of these methods on three commonly used food
datasets, with the bold data in the table indicating the best performance in the current column. Compared with
the mAP of the suboptimal method, on the ETH Food-101 dataset, the mAP of the 16-bits, 32-bits, 48-bits and
64-bits hash codes of FoodHash increased by 18.1%, 6.7%, 5.2% and 4.5%, respectively. On the Vireo Food-172
dataset, the mAP of the 16-bits and 32-bits hash codes of FoodHash increased by 8.0% and 1.2%, respectively. On
the UEC Food-256 dataset, the mAP of 16-bits, 32-bits, 48-bits and 64-bits hash codes of FoodHash increases by
17.5%, 6.0%, 2.4% and 0.6%, respectively. Although the mAP of FoodHash for 48-bits and 64-bits hash codes on the
Vireo Food-172 dataset is second only to that of the PTLCH method, it improves by 18.6% and 5.3%, respectively,
when compared to the next-best method, and FoodHash is the best in terms of mAP performance for 16-bits and
32-bits hash codes.

Fig. 4, Fig. 5 and Fig. 6 show the PR curves of FoodHash and seven representative deep hashing methods from
the past five years on the ETH Food-101, Vireo Food-172 and UEC Food-256 datasets for hash codes lengths of
16-bits, 32-bits, 48-bits and 64-bits, respectively. The figures show that FoodHash consistently demonstrates a
superior trade-off between precision and recall across all experimental settings, with its PR curves significantly
higher than those of other methods. Fig. 7, Fig. 8 and Fig. 9 respectively present the P@N curves of FoodHash
and the compared methods under different code lengths. The results clearly demonstrate that, in most cases,
the precision curves of FoodHash are higher than those of the comparison methods, highlighting its significant
advantage. The experiments show that FoodHash can effectively capture and preserve the global and detailed
features of food images under various hash code lengths, which shows advantages in complex food image retrieval
tasks.
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Table 2. MAP scores (%) of different methods compared on three food datasets.

Methods ETH Food-101 Vireo Food-172 UEC Food-256
16-bits32-bits48-bits64-bits16-bits32-bits48-bits64-bits16-bits32-bits48-bits64-bits

CSQ 52.0 60.2 - 63.1 65.4 73.0 - 75.1 50.1 62.2 - 67.0
DBDH 12.1 18.8 19.8 19.6 5.0 12.3 21.3 18.5 2.1 2.7 3.5 4.2
DPN 26.5 37.2 41.6 43.9 45.2 58.1 62.2 63.4 30.6 44.0 49.4 53.0
DPSH 10.7 19.2 24.3 27.3 1.3 16.0 22.2 27.2 1.1 7.0 10.0 12.7

HashNet 14.0 23.2 27.0 29.6 14.9 29.9 37.7 41.6 7.3 13.6 19.0 21.4
GreedyHash 22.6 31.1 34.9 36.0 34.8 50.4 54.1 55.2 17.0 29.3 34.8 37.9

DCH 21.2 25.9 23.9 22.8 32.7 38.9 36.7 35.2 15.9 20.8 20.9 19.8
DFH 8.0 15.7 18.8 23.8 3.6 12.4 17.8 20.1 1.2 6.5 8.9 10.2

DSHSD 20.7 27.9 29.3 30.5 35.5 46.6 49.9 50.8 17.0 24.1 25.5 26.1
IDHN 15.7 21.8 27.5 30.6 13.8 19.6 25.1 29.1 3.0 10.1 13.5 15.7
QSMIH 19.7 23.2 25.6 27.1 19.9 26.7 28.2 31.3 9.4 14.5 16.0 17.1
MSViT 22.2 25.4 26.3 26.7 19.3 22.1 24.3 25.4 9.4 11.5 12.2 12.9

HybridHash 35.1 45.2 50.9 53.6 34.0 45.9 51.6 56.7 21.9 33.7 39.8 42.9
PTLCH 54.8 69.3 71.2 72.9 67.3 78.5 81.4 81.6 47.2 66.0 71.3 73.7

FoodHash 72.9 76.0 76.4 77.4 75.3 79.7 80.8 80.4 64.7 72.0 73.7 74.3
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Fig. 4. PR curves on the ETH Food-101 dataset for hash codes lengths of 16-bits, 32-bits, 48-bits and 64-bits.
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Fig. 5. PR curves on the Vireo Food-172 dataset for hash codes lengths of 16-bits, 32-bits, 48-bits and 64-bits.

To further verify the generalization performance of the proposed method on large-scale datasets, we conducted
experiments on the ISIA Food-500 dataset using the same partitioning strategy as in ETH Food-101. The ISIA
Food-500 dataset contains 500 food categories with approximately 500,000 images, making it one of the largest

ACM Trans. Multimedia Comput. Commun. Appl.

 



FoodHash: Context-Aware Proxy Interaction and Fusion for Food Image Retrieval • 15

0.0 0.2 0.4 0.6 0.8 1.0

Recall

0.0

0.1

0.2

0.3

0.4

0.5

0.6

Pr
ec

is
io

n

(a) 16-bits PR curves

FoodHash
DBDH
HybridHash
MSViT
PTLCH
QSMIH
CSQ
DPN

0.0 0.2 0.4 0.6 0.8 1.0

Recall

0.0

0.1

0.2

0.3

0.4

0.5

0.6

0.7

Pr
ec

is
io

n
(b) 32-bits PR curves

FoodHash
DBDH
HybridHash
MSViT
PTLCH
QSMIH
CSQ
DPN

0.0 0.2 0.4 0.6 0.8 1.0

Recall

0.0

0.1

0.2

0.3

0.4

0.5

0.6

0.7

Pr
ec

is
io

n

(c) 48-bits PR curves

FoodHash
DBDH
HybridHash
MSViT
PTLCH
QSMIH
DPN

0.0 0.2 0.4 0.6 0.8 1.0

Recall

0.0

0.1

0.2

0.3

0.4

0.5

0.6

0.7

Pr
ec

is
io

n

(d) 64-bits PR curves

FoodHash
DBDH
HybridHash
MSViT
PTLCH
QSMIH
CSQ
DPN

Fig. 6. PR curves on the UEC Food-256 dataset for hash codes lengths of 16-bits, 32-bits, 48-bits and 64-bits.
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Fig. 7. P@N curves on the ETH Food-101 dataset for hash codes lengths of 16-bits, 32-bits, 48-bits and 64-bits.
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Fig. 8. P@N curves on the Vireo Food-172 dataset for hash codes lengths of 16-bits, 32-bits, 48-bits and 64-bits.

0 200 400 600 800 1000

Number of top returned images

0.0

0.1

0.2

0.3

0.4

0.5

0.6

Pr
ec

is
io

n

(a) 16-bits P@N curves

FoodHash
DBDH
HybridHash
MSViT
PTLCH
QSMIH
CSQ
DPN

0 200 400 600 800 1000

Number of top returned images
0.0

0.1

0.2

0.3

0.4

0.5

0.6

0.7

Pr
ec

is
io

n

(b) 32-bits P@N curves

FoodHash
DBDH
HybridHash
MSViT
PTLCH
QSMIH
CSQ
DPN

0 200 400 600 800 1000

Number of top returned images
0.0

0.1

0.2

0.3

0.4

0.5

0.6

0.7

Pr
ec

is
io

n

(c) 48-bits P@N curves

FoodHash
DBDH
HybridHash
MSViT
PTLCH
QSMIH
DPN

0 200 400 600 800 1000

Number of top returned images
0.0

0.1

0.2

0.3

0.4

0.5

0.6

0.7

Pr
ec

is
io

n

(d) 64-bits P@N curves

FoodHash
DBDH
HybridHash
MSViT
PTLCH
QSMIH
CSQ
DPN

Fig. 9. P@N curves on the UEC Food-256 dataset for hash codes lengths of 16-bits, 32-bits, 48-bits and 64-bits.

and most challenging datasets in the field of food image retrieval. The experimental results are reported in Table 3.
As shown in the table, FoodHash consistently achieves the best performance across different hash code lengths,
significantly outperforming existing architectures. These results demonstrate that FoodHash not only effectively
captures fine-grained details in food images but also fully models their semantic information, thereby exhibiting
stronger discriminative ability and generalization capability in large-scale retrieval tasks.
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Table 3. MAP scores (%) of different methods compared on the ISIA Food-500 dataset.

Dataset Methods 16-bits 32-bits 48-bits 64-bits

ISIA Food-500

CSQ 18.0 31.3 - 36.1
DBDH 0.7 0.8 0.8 0.8
DPN 8.8 17.5 22.0 24.8

QSMIH 2.3 3.6 4.4 4.9
MSViT 6.4 8.4 9.0 9.5

HybridHash 12.4 18.9 23.2 25.2
PTLCH 18.9 34.4 42.3 45.2

FoodHash 33.1 42.2 45.0 45.5

4.4 Ablation Study
We use the DPN with ViT-B_16 as the feature extractor as the baseline and design the ablation experiments by
modifying the network structure and adding a novel loss function, as shown in Table 4. The table shows that
when the AIP module is added to the feature extraction network and fused using the CFM, compared to the
baseline DPN, on the ETH Food-101 dataset, the mAP of the 16-bits, 32-bits, 48-bits and 64-bits hash codes of
FoodHash increased by 0.6%, 0.9%, 0.6% and 0.5%, respectively. On the Vireo Food-172 dataset, the mAP of the
16-bits, 32-bits, 48-bits and 64-bits hash codes of FoodHash increased by 0.3%, 1.6%, 0.7% and 1.2%, respectively.
On the UEC Food-256 dataset, the mAP of the 16-bits and 64-bits hash codes of FoodHash increased by 1.4%
and 1.3%, respectively. The results indicate that the AIP module can extract different detailed features in food
images, and the information exchange of different kinds of features can be enhanced by CFM, which enhances the
fusion between different features so that the model can learn more features in the image and improve accuracy.
With the addition of the novel loss function, compared to the baseline DPN, on the ETH Food-101 dataset, the
mAP of the 16-bits, 32-bits, 48-bits and 64-bits hash codes of FoodHash increased by 1.3%, 1.2%, 0.8% and 1.2%,
respectively. On the Vireo Food-172 dataset, the mAP of the 16-bits, 32-bits, 48-bits and 64-bits hash codes of
FoodHash increased by 0.6%, 1.2%, 1.1% and 0.9%, respectively. On the UEC Food-256 dataset, the mAP of the
16-bits, 32-bits, 48-bits and 64-bits hash codes of FoodHash increased by 1.2%, 0.5%, 0.3% and 0.9%, respectively.
This demonstrates that the novel loss function can optimize the network parameters during the hash learning
process, allowing the network to learn more accurate hash codes.

Table 5 shows the experimental results on the ETH Food-101, Vireo Food-172 and UEC Food-256 datasets using
different models as the feature extraction backbone network. The table compares the performance of AlexNet,
ResNet, ViT-B_32, ViT-B_16 and the proposed FoodHash framework under different hash code lengths (16-bits,
32-bits, 48-bits and 64-bits). From the table, it can be observed that replacing AlexNet with ResNet or the ViT
series significantly improves retrieval performance, which indicates that more powerful networks can learn
the details and semantic features of food images more effectively. Among all the compared methods, FoodHash
consistently achieves the best performance on the three datasets, and its performance advantage becomes more
evident as the length of the hash codes increases, which indicates that FoodHash can fully utilize the details and
semantic information of food images under various hash code lengths and dataset conditions and achieve better
retrieval performance than traditional models and other Transformer-based architectures.

In this paper, the hyperparameter 𝜔 is used to adjust the importance of two types of feature interactions. Fig.
10 illustrates the trend of mAP with respect to the hyperparameter 𝜔 under different hash code lengths on the
three food image datasets. It can be observed that as 𝜔 increases, the mAP values on all three datasets show an
upward trend, with the most significant improvement achieved at 16-bits. The reason for the decrease is due to
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Table 4. MAP scores (%) of our method on ablation experiment across three food datasets.

Datasets Ablation 16-bits 32-bits 48-bits 64-bits

ETH Food-101

ViT-B_16 71.6 74.8 75.6 76.2
w/o ℒ𝑆 72.2 75.7 76.2 76.7
w/o AIP 72.3 74.3 75.5 75.5
FoodHash 72.9 76.0 76.4 77.4

Vireo Food-172

ViT-B_16 74.7 78.5 79.7 79.5
w/o ℒ𝑆 75.0 80.1 80.4 80.7
w/o AIP 74.2 79.0 79.7 79.8
FoodHash 75.3 79.7 80.8 80.4

UEC Food-256

ViT-B_16 63.5 71.5 73.4 73.4
w/o ℒ𝑆 64.9 71.6 73.4 74.7
w/o AIP 63.6 71.8 72.9 73.8
FoodHash 64.7 72.0 73.7 74.3

Table 5. MAP scores (%) of our method on ablation comparison experiments with different backbones across three food
datasets.

Datasets Backbone 16-bits 32-bits 48-bits 64-bits

ETH Food-101

AlexNet 25.6 36.7 41.4 44.4
ResNet 48.8 58.0 61.1 60.9
ViT-B_32 62.0 66.6 67.5 68.4
ViT-B_16 70.6 74.8 75.9 76.3
FoodHash 72.9 76.0 76.4 77.4

Vireo Food-172

AlexNet 44.8 58.4 61.6 63.6
ResNet 64.4 71.6 73.4 74.2
ViT-B_32 65.9 72.0 72.6 73.1
ViT-B_16 74.6 78.7 79.5 79.6
FoodHash 75.3 79.7 80.8 80.4

UEC Food-256

AlexNet 30.4 43.8 49.2 52.8
ResNet 48.0 60.7 65.1 65.9
ViT-B_32 57.0 65.5 67.8 68.9
ViT-B_16 63.7 71.5 72.3 72.8
FoodHash 64.7 72.0 73.7 74.3

the shorter length of the 16-bits hash codes, which results in a limited encoding space and higher requirements
for feature expression. Under these conditions, the imbalance in feature interaction weights is more likely to
hinder effective communication between local and global features, making it challenging to capture the fine
features in the images accurately and affecting the final retrieval performance. In contrast, when adopting longer
hash code lengths (32-bits, 48-bits, and 64-bits), the model exhibits greater robustness to imbalanced feature
weights, resulting in a relatively smaller increase in performance.
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Fig. 10. The 𝜔-value curves across the three datasets.
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Fig. 11. The curves of average training time and average retrieval time on the ETH Food-101 dataset.

Fig. 11 and Fig. 12 illustrate FoodHash’s time performance and memory usage across different hash code
lengths on the ETH Food-101 dataset. In terms of time performance, FoodHash demonstrates significantly lower
running times during both training and inference compared to most baseline models, indicating its high efficiency.
Regarding memory usage, FoodHash consumes more memory, primarily due to its pure ViT-based architecture.
The self-attention mechanism and large number of parameters in ViT result in higher memory requirements,
placing FoodHash at a disadvantage compared to other models in this aspect. Future improvements aim to
reduce memory usage through model compression and optimized attention mechanisms while maintaining high
efficiency.

4.5 Visualization Results
To further validate the performance of our proposed method, we provide the t-SNE visualization of the hash code
and the visualization of the top-8 retrieval results.

4.5.1 t-SNE Visualization of Hash Codes. Fig. 13 shows the t-SNE visualization results of our method and
seven other deep hashing learning methods on the ETH Food-101 dataset with 64-bits hash codes. As can be
seen from the figure, the hash codes generated by FoodHash exhibit a clearly distinguishable structure, with
higher separation between hash codes of different categories and tighter clustering of hash codes within the
same category, which better achieves the goal of large inter-class distances and small intra-class distances. The
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Fig. 12. The memory usage curves on the ETH Food-101 dataset.
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Fig. 13. Visualization of 64-bits hash codes generated by our method and seven other deep hashing learning methods, trained
on the ETH Food-101 dataset using ten groups of data points (one group per class).

competitive PTLCH method also performs well, with points of 10 different colors forming 6 clusters. However,
some noise points (points of different colors appearing within the same cluster) and outliers (points located
outside all clusters) can still be observed in the visualization of PTLCH. The noisy points may result from the
difficulty of separating data of different colors when mapping from high-dimensional space to low-dimensional
space. Outliers may arise due to significant differences between specific high-dimensional data points and others,
which makes them difficult to map into any of the clusters. In contrast, our method significantly reduces noise
points and outliers within clusters and provides more explicit boundaries between clusters, which is highly
advantageous for classification tasks. However, for application scenarios where a large number of retrieval results
need to be returned, forcibly clustering these noise and outlier points may introduce bias in the visualization and
retrieval ranking, exposing the limitations of our method in handling a small number of extreme samples.

4.5.2 Visualization of the Top-8 Retrieval Results. To further validate the effectiveness of the proposed method on
food datasets, Fig. 14 presents the retrieval results using 64-bits hash codes on the ETH Food-101 dataset for eight
randomly selected query images and their top-8 retrieved results. The first column in the figure represents the
input query images, while the second to the ninth columns display the images returned from the retrieval. Blue
checkmarks are used to mark correct retrieval results and red checkmarks are used to mark incorrect retrieval
results. From the figure, it can be observed that the vast majority of the returned results in the top-8 retrieval
results are consistent with the query image category, which reflects the effective modeling and recognition
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Fig. 14. Top-8 retrieval results from the ETH Food-101 dataset by FoodHash with 64-bits hash codes.

capability of our proposed method for the complex details of food images. Occasional retrieval errors (e.g., the red
marks in the fifth and eighth rows) indicate that the model may experience difficulty in distinguishing between
food images with similar appearances but distinct categories, potentially due to its inability to fully capture
the unique features of these images. Additionally, visually complex or cluttered backgrounds in certain food
images may interfere with the feature extraction process, leading to retrieval errors. While the proposed method
demonstrates promising performance on the existing dataset, its scalability and ability to generalize across
diverse, real-world datasets remain areas for further investigation. In summary, the proposed method yields
accurate and stable results in food image retrieval tasks, highlighting its feasibility and potential advantages for
practical applications. Nevertheless, addressing the identified limitations could further improve its robustness
and adaptability.
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5 Conclusion
This paper proposes a novel context-aware proxy interaction and fusion deep hashing method for food image
retrieval, called FoodHash. The core of the method is the AIP module, which integrates three key designs: 1)
Aggregation: local information from neighboring patch tokens is integrated to generate a set of proxy patch tokens,
enhancing the ability of model to capture local features; 2) Interaction: global self-attention is introduced between
proxy patch tokens; 3) Propagation: the global contextual information obtained by the proxy patch tokens is
propagated to their corresponding sub-patch tokens to enable efficient fusion and recovery of multi-scale features.
In addition, the proposed Cross-Fusion Module computes attention weights through scaled dot-product operations
followed by weighted summation, thereby generating richer visual feature representations for the food image
retrieval task. Building on this, the newly designed loss function better optimizes the intra-class compactness and
inter-class separability of the hash codes. We conducted extensive experiments on three publicly available food
datasets and compared our method with several retrieval methods based on CNNs and Transformers, validating
the effectiveness of our approach.

Future food image retrieval research will face significant challenges and new development opportunities. Con-
sidering the multimodal nature of food information in real-world scenarios, such as images, textual descriptions,
recipes, and nutritional content, exploring cross-modal retrieval tasks could enhance the system’s practicality and
generalization by integrating multimodal information. With the advancement of large-scale pre-trained models,
incorporating these models into food image retrieval frameworks could further improve retrieval performance by
leveraging their strengths in multimodal alignment and semantic feature extraction. Additionally, the knowledge
transfer capabilities of large models can help improve recognition and retrieval performance for few-shot food
categories under long-tail distributions. On the other hand, with the emergence of larger and more comprehensive
food datasets (e.g., Food2K), exploring weakly supervised or semi-supervised learning methods will become
a significant research direction. These approaches can reduce reliance on labeled data while fully leveraging
the potential of massive amounts of unlabeled data, thereby enhancing the model’s generalization capability
and robustness. Advancing these research directions will enable food retrieval technologies to provide more
substantial support for food computing and health management applications.
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