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Abstract—Fine-grained object detection in food computing is
severely constrained by the vast diversity of food items and the
high cost of data annotation. Existing Zero-Shot Food Detection
(ZSFD) methods attempt to solve this by leveraging semantic
information, but they suffer from two critical bottlenecks: (1)
a "Semantic Dilemma" (SD) where textual descriptions are too
ambiguous to distinguish visually similar food categories, and
(2) an "Architectural Bottleneck" (AB) due to the granularity
mismatch between high-level semantics and low-level visual
features. In this article, we propose SyMFood (Synergistic Multi-
modal Framework for Food Generalization), a novel ZSFD
framework designed to systematically overcome these challenges.
To resolve the SD, SyMFood employs a multi-modal prompt
system, which combines rich descriptions from Large Language
Models (LLMs) with unambiguous visual exemplars to pro-
vide precise semantic grounding. To break the AB, SyMFood
introduces a “Refine-then-Fuse” architecture. This design first
utilizes a Context-Aware Spatial-Channel Refinement (CaSC)
block to enhance visual features independently. Subsequently, a
Progressive Food Knowledge Fusion (ProFus) module performs
bi-directional, iterative co-refinement between the enhanced vi-
sual features and multi-modal prompts across all scales. Extensive
experiments across four challenging datasets, including food-
specific (UEC FOOD 256, FOWA) and general-purpose (PASCAL
VOC, MS COCO) benchmarks, validate our approach. The
proposed method outperforms baselines, yielding a notable 8.5%
improvement in Harmonic Mean on the FOWA dataset in the
genearl ZSD (GZSD) setting. The source code will be available
at https://github.com/Niko000202/SymFood0202.

Index Terms—Food Computing, Zero-Shot Learning, Zero-
Shot Detection, Cross-Modal Fusion, Food Detection.

I. INTRODUCTION

FOOD computing, an interdisciplinary frontier merging
computer vision and food science, plays an increasingly

vital role in analyzing and understanding food-related visual
data [1]. As a core enabling technology, food detection is
critical for numerous applications, including intelligent nu-
tritional assessment [2] and personalized dietary guidance
systems [3]. This challenge is particularly acute for real-
world systems, such as mobile nutritional assistants or auto-
mated checkout counters, where the computational and data-
storage overhead of constantly retraining models for new
food items is prohibitive. Zero-Shot Detection (ZSD) offers
a promising solution. Technically, ZSD follows two main
paradigms: generative-based and embedding-based methods.
The former aims to synthesize pseudo-visual features for
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Fig. 1. Challenge of the long-tail distribution in food detection. While
supervised methods cover high-frequency "head" categories and text-based
ZSD extends to the "shoulder," both struggle with rare "tail" categories. Our
multi-modal prompt approach specifically enhances recognition robustness for
these challenging tail-end classes.

unseen classes [4], [5], thereby converting the problem into a
fully supervised one. However, the quality and stability of this
synthesis process are difficult to guarantee. For food images
with complex textures and structures, the generated features
often lack authenticity and discriminative power, thus limiting
the model’s performance ceiling. In contrast, embedding-based
methods are more direct, seeking to learn a direct mapping
function from visual to semantic space [6], [7]. While avoiding
unstable feature generation, the efficacy of such methods is
almost entirely contingent upon the quality and richness of
the semantic information they rely on.

This reliance on semantics exposes the first core challenge
in ZSFD, a "Semantic Dilemma" (SD) that we identify as two-
fold. First, the inherent long-tail distribution of food datasets
results in a sparse and biased semantic space (Fig. 1). Second,
language itself is fundamentally inadequate for achieving
precise, fine-grained visual alignment. This limitation is partic-
ularly pronounced in Fine-Grained Visual Classification tasks,
where high intra-class variance and low inter-class similarity
are inherent challenges that simple semantic labels cannot
resolve [8], [9]. A simple class name like "cake" cannot
distinguish between "tiramisu" and "cheesecake", while even
detailed Large Language Models (LLMs)-generated descrip-
tions for specific dishes, such as “fried spring rolls”, often fail
to capture intra-class visual diversity caused by differences
in cooking or plating styles. This reveals a critical bottleneck
that any textual description is merely a generalized concept,
incapable of encompassing the full spectrum of a dish’s visual
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Fig. 2. Conceptual framework for synergistic multi-modal food representation.
The proposed framework emulates human perception by integrating textual
attributes and visual exemplars to establish robust semantic anchors and
mitigate linguistic ambiguity for fine-grained alignment.

manifestations.
While building ever-larger pre-training datasets is a common

approach to mitigate this issue [10], our work proposes a more
fundamental solution through a multi-modal prompting sys-
tem. Inspired by human perception, this framework synergizes
attribute-rich textual descriptions with representative visual
exemplars, as conceptually illustrated in Fig. 2. Specifically,
it integrates textual descriptions from LLMs representing the
textual aspect with unambiguous visual exemplars constituting
the visual aspect. These visual exemplars provide deterministic
anchors for specific visual instances, which circumvents the
uncertainties of linguistic ambiguity and intra-class variance,
thereby enabling a precise alignment between abstract con-
cepts and their diverse visual manifestations.

However, even with these synergistic multi-modal prompts,
a critical "Architectural Bottleneck" (AB) remains in the cross-
modal fusion stage. Prevailing frameworks [11], [12] typi-
cally perform a one-shot fusion between high-level semantic
attributes and raw multi-scale visual features. This direct
alignment mechanism overlooks the fundamental problem
of semantic-granularity mismatch [13], [14]. This challenge,
characterized by the inconsistency between macroscopic con-
cepts and microscopic features, is a well-documented bottle-
neck in cross-modal learning that has spurred targeted re-
search into hierarchical and multi-grained alignment method-
ologies [15]. For instance, a holistic concept describing a
“whole apple” is mathematically difficult to align with a high-
resolution feature vector containing only the local texture
of the “apple peel,” which can lead to information loss
and gradient confusion. This observation strongly motivates
a superior fusion mechanism that is both scale-aware and
iteratively optimized.

To systematically break through the aforementioned dual
dilemmas, this paper proposes the Synergistic Multi-modal
Framework for Food Generalization (SyMFood), a novel
framework specifically designed for ZSFD. To the best of
our knowledge, SyMFood is the first framework dedicated
to solving the ZSFD problem by combining a “Refine-then-
Fuse” architectural philosophy with a multi-source, multi-
modal prompting system. To address the SD in the food
domain, SyMFood integrates attribute-rich text generated by
LLMs with unambiguous visual exemplars. More critically, to
overcome the AB of multi-modal fusion, SyMFood first em-
ploys the Context-Aware Spatial-Channel Refinement (CaSC)
block for focused intra-modal visual feature pre-processing to
create a better "canvas" for fusion. Subsequently, through a
Progressive Food Knowledge Fusion (ProFus) module, it per-

forms bi-directional, iterative co-refinement of visual features
and concept prompts across multiple scales, thereby achieving
precise concept anchoring at all visual levels. Extensive ex-
periments conducted on multiple datasets have demonstrated
the effectiveness of our proposed method.

The main contributions of this research can be summarized
as follows:

• We are the first to identify and systematically address the
“dual dilemmas” in ZSFD: a SD and an AB. We propose
a novel framework, SyMFood, as a holistic solution.

• To address the SD, we construct a powerful multi-modal
prompt system that synergizes attribute-rich text from
LLMs with unambiguous visual exemplars, providing
high-quality and robust semantic guidance.

• To break through the AB, we propose an innovative
“Refine-then-Fuse” architecture. This architecture em-
ploys a CaSC block for visual pre-refinement and a Pro-
Fus module for bi-directional, scale-aware co-refinement,
effectively resolving the semantic-granularity mismatch.

• Extensive experiments on both food-specific (UEC
FOOD 256, FOWA) and general-purpose (PASCAL
VOC, MS COCO) datasets validate that our SyM-
Food achieves state-of-the-art (SOTA) performance and
demonstrates robust generalization capabilities.

II. RELATED WORK

A. Text Prompt

Text-prompted object detection has achieved significant
progress, with these works leveraging large-scale Vision-
Language Pre-training to realize impressive ZSD capabilities.
Among them, GLIP [16] reformulates object detection as a
phrase grounding task, learning aligned semantics from mas-
sive image-text pairs. Building on this foundation, Grounding
DINO [17] combines this grounding paradigm with a DETR-
like architecture and achieves SOTA performance through
early-stage fusion. Other works, such as RegionCLIP [18]
and DetCLIP [10], focus on enhancing region-level knowledge
using image-text pairs with pseudo-generated boxes. Further-
more, [19] explore learning diversified primitive prompts to
capture complex semantic compositions, which demonstrates
the potential of prompt-based knowledge transfer in zero-
shot scenarios. The concept of leveraging multi-modal and
multi-grained semantics has also been successfully explored
in related vision-language tasks, such as zero-shot video
classification and temporal action detection, where prompt-
ing techniques are employed to enhance cross-modal align-
ment [20]. Specifically, [21] leverage multi-grained embedding
to handle semantic ambiguity in video classification, which
aligns with our motivation of addressing fine-grained food
concepts. However, the reliance of many models on purely
textual descriptions reveals their inherent limitations when
faced with the problem of conceptual ambiguity in fine-grained
domains. This challenge has directly spurred research into
introducing more explicit and unambiguous visual prompts
as a supplement or alternative, in pursuit of more reliable
semantic grounding.
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Fig. 3. Overall architecture of our proposed SyMFood, illustrating a structured left-to-right workflow. First, the Concept Prompts Generator fuses text
descriptions with coordinate information (e.g., box, point, or mask). Then, image features refined by CaSC are integrated with these prompts within the ProFus
stage (dashed box), where an intermediate Lsemantic ensures semantic consistency to guide the final object detection.
Acronyms: CaSC: Context-Aware Spatial-Channel Refinement; X-MHA: Cross-modal Multi-head Attention; ProFus: Progressive Food Knowledge Fusion;
Lsemantic: Semantic Alignment Supervision.

B. Visual Prompt

To address the limitations of text prompts, introducing
visual prompts has become an emergent research direction.
These methods provide a direct and unambiguous visual
"anchor" for object concepts. One mainstream approach uses
visual exemplars for reference-based localization at inference
time; for instance, models like T-REX2 [22] and DINOv [23]
locate objects in a target image based on a given visual refer-
ence, without updating the model’s parameters. Concurrently,
aiming for a deeper integration, another major paradigm,
represented by CP-DETR [24] and MQ-DET [25], is dedicated
to learning a shared embedding space during the training
phase, which can unify or fuse visual instructions (e.g., points,
bounding boxes, masks) with text prompts. In parallel, [26]
emphasize the significance of learning visual attribute repre-
sentations to bridge the gap between abstract concepts and
concrete visual instances. However, a key issue commonly
overlooked by methods based on either text or visual prompts
is their tendency to interact semantic prompts with raw visual
features directly extracted from the backbone. This can lead
to sub-optimal alignment when processing fine-grained tasks,
potentially due to inferior feature quality and interference from
complex background information [27].

C. Zero-Shot Learning

Zero-Shot Learning (ZSL) aims to recognize novel classes
without training samples via a shared semantic space con-
structed from word vectors/attributes. Early ZSL relied on
embedding-based methods, mapping visual and semantic do-
mains, which are categorized into three paradigms: projecting
visual features into the semantic space [28], mapping semantic
vectors into the visual space [29], or projecting both modalities
into a common latent space [30]. While foundational, their

performance was constrained by small dataset scales and
low-quality attribute annotations. To improve the fidelity of
semantic-visual mapping, [31] propose a progressive feature
reconstruction network, highlighting the efficacy of iterative
refinement in overcoming limited supervised data. The emer-
gence of large-scale VLP models (e.g., CLIP [32]) reshaped
the embedding paradigm, enabling modern research to focus
on optimizing semantic alignment via Prompt Learning [33].
Generative ZSL (using diffusion models [34]) synthesizes
pseudo-visual features but introduces complex pipelines. Our
framework follows the embedding paradigm, focusing on
semantic-visual alignment over feature synthesis. Regardless
of the paradigm, reducing seen class prediction bias in GZSL
is a critical challenge, motivating our work at the feature fusion
level.

III. METHOD

We detail the novel framework we propose to address the
ZSD problem in this chapter. Our methodology is presented in
three core parts: first, a formal Problem Formulation; second,
the Overall Architecture of our model, as illustrated in Fig. 3;
and finally, the Key Innovative Components that constitute our
framework.

A. Problem Formulation

Given a training dataset Dtrain = {(Ii, Ai)}Mi=1, where all
annotations Ai = {(bj , cj)}Ki

j=1 belong to a set of Ns seen
categories, Cs. The primary challenge is to train a model
that can generalize to detect objects from a disjoint set of
Nu unseen categories, Cu, where Cs ∩ Cu = ∅. To bridge
this gap, knowledge is transferred via a shared semantic
space, where each category c ∈ Cs ∪ Cu is represented
by a semantic embedding vector wc. These vectors form a
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Fig. 4. Architecture of Visual Prompts Encoder. It first transforms spatial cues, such as 2D box coordinates, into a set of learnable queries and positional
embeddings. These queries then extract contextual information from multi-scale features by employing a three-layer deformable cross-attention mechanism to
generate the final visual prompts.

knowledge base W, composed of seen (Ws ∈ RNs×dsem )
and unseen (Wu ∈ RNu×dsem ) embedding matrices, where
dsem is the dimensionality of the semantic space. The model’s
performance is then evaluated under two distinct protocols:
the standard ZSD setting, which tests only on Cu, and the
more challenging GZSD setting. The GZSD setting requires
the model to distinguish between both seen and unseen classes
during inference, placing a higher demand on its generalization
capability.

B. Overall Architecture Overview

The architecture of our proposed SyMFood framework, il-
lustrated in Fig. 3, adheres to a “Refine-then-Fuse” philosophy
to address the core challenges of cross-modal alignment in
ZSFD. The framework first prepares two enhanced, modality-
specific inputs in parallel. For semantics, our Concept Prompts
Generation stage fuses attribute-rich text with visual exemplars
to create a powerful initial concept vector. Concurrently, for
vision, the raw multi-scale image features are processed by
our CaSC block for intra-modal refinement, enhancing critical
details like food textures and gloss. The core of our method lies
in the subsequent ProFus stage, which ingests both the refined
visual features and the initial concept prompt. To resolve the
fundamental semantic-granularity mismatch (e.g., aligning a
"whole apple" concept with "apple peel" features), ProFus
performs a synergistic co-refinement: it iteratively and bi-
directionally updates both the visual features and the concept
prompt across each level of the feature pyramid. This scale-
aware process ensures a deep, hierarchical alignment, yielding
a final set of co-refined features and prompts for detection.

C. Concept Prompts Generation

The generalization capability of a ZSD model is highly
contingent on the quality of its class semantic representations.
Traditional methods relying on sparse word vectors from class
names are insufficient for fine-grained domains like food,
as a single vector for "cake" cannot distinguish between

"tiramisu" and "cheesecake." To address this, we propose a
Concept Prompts Generator that constructs a robust multi-
modal representation for each category by fusing two com-
plementary information sources: attribute-rich textual prompts
and representative visual prompts.

1) Attribute-Rich Textual Prompts: To mitigate the high
intra-class visual variance within food classes, we leverage
LLMs to generate a set of detailed descriptive sentences
for each category, covering core attributes like ingredients,
cooking methods, and appearance. To ensure high-fidelity
semantic alignment and prevent representational degradation,
we strictly regulate this process through a deterministic system
prompt. Specifically, the LLM is instructed to focus exclu-
sively on objective visual properties (e.g., color, texture, and
shape) while explicitly excluding subjective descriptors or
non-visual elements like taste and mouthfeel. To align with the
architectural limitations of the CLIP text encoder, we impose a
strict length constraint by limiting each description to under 60
words. This heuristic effectively ensures that the generated text
remains within the 77-token context window, thereby avoiding
attention dispersion and information loss caused by sequence
truncation. By encoding multiple such prompts via CLIP’s text
encoder and aggregating their embeddings, we obtain a textual
concept representation Pc

t :

Pc
t =

1

M

M∑
m=1

ET (pc,m) (1)

where M denotes the number of descriptive prompts generated
for category c. This robust textual representation is more
stable and attribute-aware than a single word vector, serving
as the semantic anchor for subsequent visual grounding. A
mechanistic analysis and qualitative comparison, including the
specific prompt templates and their impact on semantic purity,
are provided in Appendix A.

2) Visual Prompt Grounding with Textual Supervision:
While rich text provides discriminative features, its abstract
nature limits its ability to capture specific visual variations. We
therefore introduce visual prompts to “ground" these semantic
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Fig. 5. Architecture of our proposed CaSC block. The module utilizes a bottleneck structure centered on an ECA layer, complemented by a weighted
normalization input and a residual connection.

concepts in the visual world. For this, we propose a Visual
Prompts Encoder (VPE), whose architecture is shown in Fig. 4.
The VPE takes the bounding box coordinates of a visual
exemplar as a query to interact with the corresponding image’s
multi-scale features via a stack of Deformable Cross-Attention
layers. The aggregated output forms the visual prompt embed-
ding, Pv .

Crucially, the VPE is not trained in an unsupervised
manner. To ensure semantic consistency, we employ the
category-specific text prompt embedding Pt formulated in
Section III-C1 as the primary supervision target. A Visual-Text
Prompt Alignment Loss, denoted as LV _T _Align, is introduced
to maximize the cosine similarity between the two prompts:

LV _T _Align =
1

K

K−1∑
i=0

(
1− Pi

v ·Pi
t

∥Pi
v∥2∥Pi

t∥2

)
(2)

where K is the number of positive categories in a training
batch, and Pi

t represents the pre-computed semantic anchor
for the i-th category. This supervision paradigm compels the
VPE to extract generalizable, core visual features that are most
relevant to the class’s textual description, creating a semanti-
cally calibrated and information-dense visual embedding.

D. Context-Aware Spatial-Channel Refinement

To extract generalizable visual features for ZSFD, we pro-
pose the CaSC block, a block designed to enhance multi-scale
features prior to cross-modal fusion. Our design is inspired by
Mona [35], but we posit that its focus on spatial structures
can overfit to the layouts of seen classes. We argue that
for food items, channel-wise features like color and texture
represent more transferable attributes than variable spatial
arrangements. Therefore, our key innovation is replacing the
spatial operator with an Efficient Channel Attention (ECA)
layer to adaptively recalibrate channel features for better cross-
category generalization. As illustrated in Fig. 5, the CaSC
architecture first stabilizes input features using a weighted
normalization layer, which adaptively balances a normalization
branch and an identity branch via two learnable scaling vectors

(γ1, γ2). The resulting features are then processed through an
ECA-centric bottleneck and integrated with a final residual
connection.

Xnorm = γ1 ⊙ LN(Xin) + γ2 ⊙Xin (3)

The normalized features Xnorm are then fed into an effi-
cient "down-project, enhance, up-project" bottleneck structure.
First, a down-projection MLP, MLPdown, reduces the channel
dimension of Xnorm to create an intermediate feature map
Xenhanced = MLPdown(Xnorm).

The core feature enhancement is then performed by the
ECA module on this intermediate feature map Xenhanced ∈
RB×C′×H×W . The process begins by aggregating spatial
information from each channel of Xenhanced into a channel
descriptor vector z via Global Average Pooling (GAP):

zc =
1

H ×W

H∑
i=1

W∑
j=1

Xenhanced,c(i, j) (4)

Subsequently, a 1D convolution Conv1Dk with an adaptive
kernel size (k) is employed to efficiently capture local cross-
channel interactions:

k = ψ(C ′) =

∣∣∣∣ log2(C ′ + b)

α

∣∣∣∣
odd

(5)

where α and b are hyperparameters, and | · |odd denotes
rounding to the nearest odd integer. A channel attention weight
vector η is then generated through a Sigmoid function σ:

η = σ(Conv1Dk(z)) (6)

After obtaining the weights, the refined output is produced
by recalibrating the intermediate features, where the learned
weights η are multiplied channel-wise with the feature map
that entered the ECA module, Xenhanced:

Xrecalibrated = Xenhanced ⊙ η (7)

Finally, the ECA-enhanced features Xrecalibrated are passed
through GeLU activation and Dropout (GD), then restored to
their original dimension via an up-projection MLP (MLPup).
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Fig. 6. Architecture of our proposed ProFus module, which resolves the
semantic-granularity mismatch by implementing a bi-directional pathway via
SAA.. This allows for the progressive co-refinement of multi-scale visual
features and concept prompts by propagating semantics downwards and
localizing details upwards.

This result is then added to Xnorm through a residual con-
nection to form the module’s final output Xout. The entire
operation can be summarized as:

Xout = Xnorm + MLPup(GD(Xrecalibrated)) (8)

In summary, through its weighted normalization, ECA-
centric channel attention bottleneck, and residual learning
framework, the CaSC block efficiently recalibrates and en-
hances channel-wise feature responses at a low computational
cost. This improves the model’s ability to discern and highlight
visual cues that are critical for the precise recognition and lo-
calization of food items, especially for unseen categories, thus
providing a more solid and generalizable visual foundation for
subsequent cross-modal analysis and final zero-shot detection
performance.

E. Progressive Food Knowledge Fusion

Even after feature refinement by the CaSC block, a fun-
damental challenge remains: the "Semantic-Granularity Mis-
match" across multi-scale features. This issue creates a
dilemma: high-resolution features (e.g., C3 layer) capture fine
details like the texture of a "fried spring roll" but lack the
global context to distinguish it from a "fried dough stick,"
leading to semantic ambiguity. Conversely, low-resolution
features (e.g., C5 layer) grasp holistic concepts like "sushi" but
suffer from severe spatial degradation, causing significant lo-
calization errors. To resolve this contradiction, we propose the
ProFus framework. Unlike unidirectional methods like FPN,
ProFus implements a bi-directional (top-down and bottom-up)
information flow (see Fig. 6). This architecture enables a deep,
iterative co-refinement between multi-scale visual features and
the concept prompts, simultaneously enriching high-resolution
features with semantic context and refining the localization
details of low-resolution features.

1) Single-Scale Fusion Layer: The fundamental building
block of our bi-directional fusion framework is the Single-
Scale Fusion Layer (SFL), which is designed to achieve
efficient visual-semantic feature interaction. The SFL takes
the CaSC-refined visual features of the current scale Fcurr ∈
RB×C×H×W , and the feature from an adjacent scale Fadj as

TABLE I
ZSD AND GZSD PERFORMANCE ON UEC FOOD 256(%). †
INDICATES GENERATIVE-MODEL-BASED METHODS; OTHERS USE

EMBEDDING FUNCTIONS.

Metric Method Split ZSD
GZSD

S U HM

Recall@100

CZSD [7] 205/51 60.7 57.6 45.5 50.8

SU† [4] 205/51 61.9 52.5 52.8 52.6

RRFS† [5] 205/51 64.8 54.9 55.1 55.0

SeeDS† [37] 205/51 74.0 55.2 61.4 58.1

ZSFDet† [38] 205/51 74.4 57.0 61.8 59.3

SA [30] 205/51 92.9 71.2 86.9 78.3

Ours 205/51 95.6 83.4 89.3 86.2

mAP

CZSD [7] 205/51 22.0 20.8 16.2 18.2

SU† [4] 205/51 22.4 19.3 20.1 19.7

RRFS† [5] 205/51 23.6 20.1 22.9 21.4

SeeDS† [37] 205/51 27.1 20.2 26.0 22.7

ZSFDet† [38] 205/51 27.3 21.9 26.1 23.8

SA [30] 205/51 24.2 18.6 24.9 21.3

Ours 205/51 31.7 29.6 30.7 30.1

input. As illustrated in Fig. 6, these two visual streams are
integrated via bilinear resizing and concatenation firstly:

Fconcat = Concat(Fcurr,Resize(Fadj)) (9)

Subsequently, the concatenated feature Fconcat, after being
reshaped into a sequence by operator R(·), is fed into two
parallel linear projection paths, ϕmain and ϕsc, to generate
the main path feature Xmain and the shortcut feature Xsc,
respectively.

Xmain,Xsc = ϕmain(R(Fconcat)),ϕsc(R(Fconcat)) (10)

On the main path, the visual query then interacts with pro-
jected concept prompts Pproj within a cross-modal multi-head
attention (X-MHA) [36] block to inject semantic knowledge.
Let Xsum = Xsc +Xmain. The output of this path is added to
the shortcut feature via a residual connection, and the result
is passed through an output projection layer ϕout to produce
the final fused feature FSFL:

FSFL = ϕout(Norm(Xsum + X-MHA(Xmain,Pproj))) (11)

Crucially, this bi-directional interaction facilitates an im-
plicit modality calibration. Through the X-MHA mechanism,
the model adaptively assigns higher attention weights to
shared invariant attributes (e.g., structural layering and tex-
ture) while suppressing contradictory instance-level noise (e.g.,
mismatched colors between an image and its textual prior),
thereby ensuring robust alignment even under high intra-class
visual variance.

2) Bi-directional Fusion Pathway and Feature Aggregation:
Leveraging the SFL, our ProFus module constructs a complete
bi-directional fusion pathway. This architecture incorporates
Scale-Aware Attention (SAA) to facilitate the progressive co-
refinement of multi-scale visual features and concept prompts.
The process is initiated with a distinct semantic injection
strategy at the top feature level. Specifically, the top-level
feature map FCL

, which possesses the largest receptive field,
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is directly fused with the concept prompts Pproj via X-
MHA. This initial step yields a feature F′

CL
that is rich in

contextualized semantics:

F′
CL

= FCL
+ X-MHA(FCL

,Pproj) (12)

This semantically calibrated top-level feature then serves as
the starting point for the top-down pathway, which propagates
high-level contextual information downwards. This recursive
process can be formulated as:

F′
i = FSFL(F

′
i+1,Fi), i = L− 1, . . . , 1 (13)

Subsequently, the bottom-up pathway mitigates localization
imprecision. This path takes the outputs from the top-down
fusion F′ and propagates precise spatial details upwards,
creating a new set of features F′′. This process can be defined
as:

F′′
j = F′

j + FSFL(F
′′
j−1,F

′
j), j = 2, . . . , L (14)

where the process is initialized with F′′
1 = F′

1. After this
comprehensive bi-directional optimization, we selectively ag-
gregate the feature maps. Specifically, we collect the final
outputs from the bottom-up path, namely F′′

1 ,F
′′
2 , . . . ,F

′′
L.

These chosen feature maps are then flattened and concatenated
to form a unified feature sequence Mfused:

Mfused = Concat(Flatten(F′′
1), Flatten(F′′

2), . . . ,Flatten(F′′
L)) (15)

This resulting sequence Mfused encapsulates a rich, multi-
scale representation where features at each level are informed
by both global semantics and fine-grained spatial details. It
subsequently serves as the input memory for our Transformer
decoder, which is tasked with generating the final detection
results.

3) Semantic Alignment Supervision: To further enhance
the model’s discriminative power during the detection phase,
we introduce Lsemantic as a task-oriented intermediate su-
pervision. Distinct from the prompt-level LV _T _Align, which
calibrates category knowledge offline, Lsemantic dynamically
constrains the multi-modal instance features output by the
ProFus module. Specifically, it forces the fused query embed-
dings f̂i to strictly align with their corresponding ground-truth
semantic anchors eyi

before entering the global Transformer
encoding stage:

Lsemantic = 1− 1

Npos

Npos∑
i=1

f̂i · eyi

∥f̂i∥ · ∥eyi∥
(16)

where Npos is the number of matched positive samples. By im-
posing this instance-level consistency, Lsemantic prevents the
complex fusion process from distorting critical food attributes,
ensuring that the visual tokens remain highly representative for
zero-shot knowledge transfer.

IV. EXPERIMENTS

A. Experimental Setup

1) Datasets: Consistent with prior work [37], [38], we eval-
uate our proposed model on two food-specific datasets: UEC
FOOD 256, which is split into 205 seen and 51 unseen classes,
and Food Objects With Attributes (FOWA), which is split into

TABLE II
ZSD AND GZSD PERFORMANCE ON FOWA (%). † INDICATES
GENERATIVE-MODEL-BASED METHODS; OTHERS USE EMBEDDING

FUNCTIONS.

Metric Method Split ZSD
GZSD

S U HM

Recall@100

ConSE [39] 184/44 39.7 58.0 38.1 46.4

BLC [40] 184/44 41.2 55.3 40.5 46.8

CZSD [7] 184/44 48.0 86.1 44.8 58.9

SU† [4] 184/44 45.3 82.3 44.1 57.4

RRFS† [5] 184/44 48.8 86.6 47.6 61.4

SeeDS† [37] 184/44 52.9 87.0 49.8 63.3

ZSFDet† [38] 184/44 53.5 87.0 50.1 63.6

SA [30] 184/44 89.3 97.5 65.5 78.3

Ours 184/44 91.0 97.7 72.1 83.0

mAP

ConSE [39] 184/44 0.8 54.3 0.7 1.4

BLC [40] 184/44 1.1 51.1 0.9 1.8

CZSD [7] 184/44 4.0 81.2 2.1 4.1

SU† [4] 184/44 3.9 79.1 2.3 4.5

RRFS† [5] 184/44 4.3 82.7 2.7 5.2

SeeDS† [37] 184/44 5.9 82.8 3.5 6.7

ZSFDet† [38] 184/44 6.1 82.8 3.6 6.9

SA [30] 184/44 7.7 90.5 5.4 10.1

Ours 184/44 10.3 91.3 10.4 18.6

184 seen and 44 unseen classes. To validate the generalization
capability of our model, we further conduct experiments on
two general-purpose detection datasets: PASCAL VOC and
MS COCO. The class splits for these two datasets strictly
adhere to the settings in HRE [6].

2) Evaluation Protocols: We evaluate our method on UEC
FOOD 256, FOWA, PASCAL VOC and MS COCO datasets
for both ZSD and GZSD settings, following prior works [37],
[38]. For ZSD, we report mean Average Precision (mAP) and
Recall@100, using an Intersection over Union (IoU) threshold
of 0.5 for UEC FOOD 256, FOWA, and VOC, and IoU
thresholds of 0.4, 0.5, and 0.6 for MS COCO. For GZSD, we
report mAP@0.5 for seen (S) and unseen (U) classes across
all datasets; for MS COCO, GZSD evaluation also includes
Recall@100 for S and U classes. The Harmonic Mean (HM)
of Seen and Unseen is the key GZSD performance metric.

3) Implementation Details: Our framework is built upon a
ResNet-50 [41] backbone and a frozen CLIP-ViT-B/32 text
encoder, though a Swin-T [42] backbone is used on PASCAL
VOC for fair comparison. We train all models for 30,000
iterations using the AdamW [43] optimizer with an initial
learning rate of 1e-4, which is decayed by a factor of 0.1
at the 80% and 90% training marks. The attribute-rich textual
prompts are generated via the Gemini 2.5 Pro API (version:
gemini-2.5-pro-preview-06-05) with a sampling temperature of
0.7. Following established practices in LLM-guided prompting
research [44], we set M = 5 and average five distinct de-
scriptive sentences per category to construct a stable semantic
prior Pc

t . This ensemble-based strategy effectively neutralizes
potential linguistic fluctuations, ensuring that our textual prior
remains a robust semantic anchor. The exact prompt templates
used for this generation process are detailed in Appendix A.
For visual prompt construction, we follow recent findings [22]
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Fig. 7. t-SNE visualizations of the UEC Food 256 and FOWA datasets.
Left: baseline SA; Right: our proposed SyMFood. The silhouette coefficient
is provided for each distribution to quantitatively assess the clustering quality.

and select 32 exemplars per category. All experiments were
conducted on four A800 80GB GPUs.

B. Experiments on ZSFD datasets

We evaluated our SyMFood framework on two food-specific
datasets, UEC FOOD 256 (Table I) and FOWA (Table II), to
validate its effectiveness. On the UEC FOOD 256 benchmark,
SyMFood demonstrates a notable advantage over existing
methods, particularly when compared to the representative
generative-based baseline, ZSFDet [38]. In the challenging
GZSD setting, our method achieves a 6.3% higher HM mAP
and, more remarkably, a significant 26.9% lead in HM Re-
call@100, indicating a lower miss detection rate. We attribute
this advantage to our prompt-fusion-based paradigm, which
learns more robust and discriminative representations by di-
rectly fusing high-quality multi-modal prompts, thus bypassing
the instability and potential mode collapse issues inherent in
generative feature synthesis. This strong performance trend
was consistently replicated on the FOWA dataset, where
SyMFood also outperformed all evaluated baselines, firmly
corroborating the effectiveness and robustness of our proposed
framework for the ZSFD task.

C. Experiments on general ZSD datasets

To rigorously assess the cross-domain generalization capa-
bility of our SyMFood framework, we extended our evaluation
to two widely used general-purpose benchmarks: PASCAL
VOC and MS COCO. The results on PASCAL VOC, presented
in Table III, demonstrate that our method achieves superior
performance, notably improving the GZSD HM mAP from
56.0% of the baseline [30] to 61.1%, primarily by boosting
performance on seen classes. This strong performance trend
continues on the more complex MS COCO dataset. As detailed

TABLE III
ZSD AND GZSD PERFORMANCE ON PASCAL VOC (%). † INDICATES

GENERATIVE-MODEL-BASED METHODS; OTHERS USE EMBEDDING
FUNCTIONS.

Method Split ZSD
GZSD

S U HM

ConSE [39] 16/4 52.1 59.3 22.3 32.4

SAN [45] 16/4 59.1 48.0 37.0 41.8

HRE [6] 16/4 54.2 62.4 25.5 36.2

PL [46] 16/4 62.1 - - -

BLC [40] 16/4 55.2 58.2 22.9 32.9

TCB [47] 16/4 59.3 61.0 29.8 40.0

SU† [4] 16/4 64.9 - - -

CZSD [7] 16/4 65.7 63.2 46.5 53.6

RRFS† [5] 16/4 65.5 47.1 49.1 48.1

SeeDS† [37] 16/4 68.5 48.4 50.2 49.3

ZSFDet† [38] 16/4 69.2 48.5 50.8 49.6

SA [30] 16/4 68.7 64.8 49.3 56.0

Ours 16/4 70.0 78.9 45.2 57.5

in Table IV, our model consistently surpasses all baselines in
the ZSD setting across both "48/17" and "65/15" splits. The
GZSD results, summarized in Table V, show that SyMFood
establishes a clear advantage over the representative generative
method ZSFDet [38], increasing the HM mAP up to 1.5%.
In comparison with the strong embedding-based baseline SA,
while a slight performance trade-off is observed on unseen
classes in the "48/17" split, our method achieves a superior
HM mAP in the more demanding "65/15" split, elevating
it from 26.9% to 28.0%. This consistent and compelling
performance across diverse, general-purpose datasets validates
that our direct embedding-fusion strategy, which avoids the
computational overhead of generative processes, provides a
powerful and transferable generalization capability beyond its
primary food-specific domain.

D. Ablation Study

1) Effectiveness of Core Architectural Components: To
quantitatively dissect the contribution of each proposed com-
ponent, we conducted a series of ablation studies, with the
results presented in Table VI. Our analysis begins with a
baseline model that incorporates none of our innovations; this
baseline establishes an initial performance of 21.3% in GZSD
HM mAP on UEC FOOD 256. The introduction of our multi-
modal Concept Prompts system yields the first performance
gain, increasing the HM to 23.2%. Building on this, the
incremental integration of the CaSC module (boosting perfor-
mance to 28.2%) and the ProFus module (reaching a peak of
30.1% with the full SyMFood framework) demonstrates clear,
progressive improvements. This step-wise gain is consistently
replicated on the FOWA dataset. This comprehensive analysis
compellingly validates that each component is indispensable
and that their synergy, guided by our “Refine-then-Fuse” phi-
losophy, is critical to achieving the final SOTA performance.
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TABLE IV
ZSD PERFORMANCE ON MS COCO (%). † DENOTES GENERATIVE

MODEL-BASED METHODS, WHILE OTHERS ARE EMBEDDING
FUNCTION-BASED.

Method Split
Recall@100 mAP

IoU=0.4 IoU=0.5 IoU=0.6 IoU=0.5

CZSD [7] 48/17 56.1 52.4 47.2 12.5

GRAN [48] 48/17 58.5 55.0 50.3 11.4

RRFS† [5] 48/17 58.1 53.5 47.9 13.4

TCB [47] 48/17 55.5 52.4 48.1 11.4

SeeDS† [37] 48/17 59.2 55.3 48.5 14.0

ZSFDet† [38] 48/17 58.6 54.7 48.3 14.0

SA [30] 48/17 76.7 73.0 68.8 19.5

Ours 48/17 79.6 75.9 71.3 21.7

SU† 65/15 54.4 54.0 47.0 19.0

CZSD 65/15 62.3 59.5 55.1 18.6

GRAN [48] 65/15 65.3 62.7 58.3 14.9

RRFS† [5] 65/15 65.3 62.3 55.9 19.8

TCB [47] 65/15 62.5 59.9 55.1 13.8

SeeDS† [37] 65/15 66.4 63.8 56.5 20.1

ZSFDet† [38] 65/15 66.5 64.2 56.7 20.3

SA [30] 65/15 88.0 85.3 81.9 24.0

Ours 65/15 89.4 86.6 82.6 25.4

TABLE V
GZSD PERFORMANCE ON MS COCO (%). † DENOTES GENERATIVE

MODEL-BASED METHODS, WHILE OTHERS ARE EMBEDDING
FUNCTION-BASED.

Method Split
Recall@100 mAP

S U HM S U HM

PL [46] 48/17 38.2 26.3 3.2 35.9 4.1 7.4

BLC [40] 48/17 57.6 46.4 51.4 42.1 4.5 8.1

CZSD [7] 48/17 65.7 52.4 58.3 45.1 6.3 11.1

GRAN [48] 48/17 66.7 54.5 60.0 43.9 4.7 8.5

RRFS† [5] 48/17 59.7 58.8 59.2 42.3 13.4 20.4

TCB [47] 48/17 71.9 52.4 60.6 47.3 4.9 8.8

SeeDS† [37] 48/17 60.1 60.8 60.5 42.5 14.5 21.6

ZSFDet† [38] 48/17 60.1 60.7 60.4 42.5 14.3 21.4

SA [30] 48/17 78.4 49.7 68.2 34.0 17.0 22.7
Ours 48/17 83.5 54.0 65.6 47.9 14.6 22.4

PL [46] 65/15 36.4 37.2 36.8 34.1 12.4 18.2

BLC [40] 65/15 56.4 51.2 53.9 36.0 13.1 19.2

SU† [4] 65/15 57.7 53.9 55.7 36.9 19.0 25.1

CZSD [7] 65/15 62.9 58.6 60.7 40.2 16.5 23.4

RRFS† [5] 65/15 58.6 61.8 60.2 37.4 19.8 26.0

TCB [47] 65/15 69.3 59.8 64.2 39.9 13.8 20.5

SeeDS† [37] 65/15 59.3 62.5 60.9 37.5 20.3 26.3

ZSFDet† [38] 65/15 59.3 63.1 61.1 37.5 20.5 26.5

SA [30] 65/15 79.7 55.8 65.7 35.5 21.7 26.9

Ours 65/15 82.5 58.1 68.2 39.0 21.9 28.0

TABLE VI
ABLATION ON MULTI-MODAL PROMPTS

Dataset
Core Components

ZSD
GZSD

Concept Prompts CaSC ProFus S U HM

UEC FOOD 256

24.2 18.6 24.9 21.3

✓ 27.8 19.6 28.4 23.2

✓ ✓ 30.0 26.1 30.6 28.2

✓ ✓ ✓ 31.7 29.6 30.7 30.1

FOWA

7.7 90.5 5.4 10.1

✓ 8.7 90.1 8.0 14.7

✓ ✓ 9.3 89.4 8.8 16.0

✓ ✓ ✓ 10.3 91.4 9.9 17.9

TABLE VII
ABLATION ON MULTI-MODAL PROMPTS. TEXT (S) AND TEXT (R) DENOTE

SIMPLE CATEGORY NAMES AND ATTRIBUTE-RICH TEXTUAL PROMPTS,
RESPECTIVELY. VISUAL REFERS TO THE VISUAL PROMPT EXTRACTED

FROM EXEMPLARS.

Dataset
Input Components

ZSD
GZSD

Text (S) Text (R) Visual S U HM

UEC FOOD 256

✓ 24.2 18.6 24.9 21.3

✓ 28.2 20.5 29.5 24.2

✓ 28.4 28.2 27.8 28.0

✓ ✓ 31.7 29.6 30.7 30.1

2) Analysis of Multi-modal Prompting Strategy: We con-
duct an ablation study on different prompt configurations
to validate our multi-modal design, with results detailed in
Table VII. The experiments reveal a consistent performance
trend: while both attribute-rich textual prompts (Text (R))
and standalone visual prompts (Visual) outperform the sim-
ple class-label baseline (Text (S)), our final configuration
that synergistically fuses both modalities delivers the best
results. Specifically, in the GZSD setting, the fused multi-
modal prompt achieves a final HM of 30.1%, surpassing the
performance of the rich-text-only setting (24.2%) and the
visual-only setting (28.0%). This compellingly demonstrates
that the progressive enrichment and fusion of multi-modal
prompts systematically enhance the model’s generalization
capabilities in complex ZSD scenarios.

To further evaluate the robustness of our alignment strat-
egy, we explored alternative optimization objectives, including
InfoNCE and Triplet losses. Due to the fine-grained nature
of food categories, these contrastive objectives resulted in a
noticeable performance degradation compared to our proposed
framework. A comprehensive comparative analysis and the
corresponding hyperparameter configurations are provided in
Appendix B.

TABLE VIII
MULTI-MODAL PROMPTING STRATEGY

Dataset
Fusion Method

ZSD
GZSD

One-Shot One-way Bi-directional S U HM

FOWA

✓ 9.0 88.5 8.0 14.7

✓ 9.7 90.3 9.3 16.9

✓ 10.3 91.4 9.9 17.9

3) Sensitivity Analysis of Textual Constraints: To further
justify the necessity of the proposed semantic constraints,
we conduct a sensitivity analysis on various textual prompt
strategies. As summarized in Table XIII, while unconstrained
long-form descriptions introduce significant semantic noise,
yielding only marginal improvements (+1.3% in ZSD) over
simple category names, our constrained prompts achieve a
substantial performance leap (+7.5% in ZSD). This empirical
evidence indicates that proper constraints are vital for main-
taining representational purity. A deeper mechanistic analysis
is provided in Appendix A.

4) Robustness to LLM Architectures and Variations: To
assess the stability of SyMFood across different knowledge
sources and evaluate its resilience against the inherent stochas-
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ticity of LLMs, we conduct an extensive robustness study.
As presented in Table IX, we evaluate our framework us-
ing a diverse suite of state-of-the-art LLMs, ranging from
closed-source architectures (e.g., GPT-5, Grok-4) to promi-
nent open-source vision-language models (e.g., Qwen2.5-VL
series). This experiment investigates whether the proposed
synergistic fusion mechanism effectively captures fundamental
visual knowledge rather than being biased toward the linguistic
patterns of a specific model.

The empirical results demonstrate that SyMFood is re-
markably resilient to architectural variations and linguistic
fluctuations. Notably, the performance gap among top-tier
models is negligible, with Gemini 2.5 Pro (18.6% HM) and
GPT-5 (18.4% HM) achieving nearly identical results. This
consistency indicates that our synergistic fusion mechanism
effectively extracts the underlying semantic invariants of food
attributes. Furthermore, the ensemble-based stabilization strat-
egy with M = 5 successfully neutralizes instance-level seman-
tic noise, ensuring that SyMFood provides a stable semantic
anchor regardless of the specific LLM employed.

TABLE IX
GENERALIZATION ANALYSIS OF SYMFOOD ACROSS DIFFERENT LLMS ON

FOWA (%).

LLM Version ZSD
GZSD

S U HM

Grok-4-fast-reasoning 10.3 73.6 8.4 15.0

Gemini 2.5 flash 9.6 73.0 9.2 16.3

Qwen2.5-VL-32B-Instruct 9.7 62.0 10.0 17.2

GPT-5 10.1 90.7 10.3 18.4

Qwen2.5-VL-72B-Instruct 10.0 81.7 10.4 18.5

Gemini 2.5 Pro (Ours) 10.3 91.3 10.4 18.6

5) Impact of Progressive Co-Refinement: To dissect the
contributions of our ProFus module’s key designs, we con-
ducted an ablation study comparing three fusion strategies:
(1) a One-shot Fusion baseline; (2) a One-way Fusion that in-
troduces a progressive pipeline; and (3) our full Bi-directional
Co-Refinement mechanism. As presented in Table VIII, the
results on the FOWA dataset exhibit a clear, step-wise im-
provement across these configurations. The GZSD HM mAP
progressively increases from 14.7% with One-shot Fusion
to 16.9% with One-way Fusion, and finally reaches a peak
of 17.9% with our complete ProFus module. This progres-
sion compellingly validates our design: the initial +2.2%
gain demonstrates the necessity of the scale-by-scale process
for resolving semantic-granularity mismatch, while the final
+1.0% gain indicates that our core innovation—bi-directional
co-refinement where visual features dynamically update the
prompt—is critical for achieving the most precise cross-modal
alignment.

6) Impact of Visual Exemplar Configuration: The configu-
ration of visual exemplars is pivotal for bridging linguistic at-
tributes with visual distributions. As demonstrated in Table X,
increasing the number of exemplars from 8 to 32 leads to
a substantial performance gain, peaking at 18.6% HM. This
improvement confirms that a sufficient quantity of exemplars

TABLE X
ABLATION STUDY ON THE NUMBER OF VISUAL EXEMPLARS PER

CATEGORY.

Number of exemplars ZSD
GZSD

S U HM

8 7.7 87.0 8.5 15.5

16 8.8 62.9 9.6 16.6

32 (Ours) 10.3 91.3 10.4 18.6
64 7.8 72.6 10.1 17.7

TABLE XI
ABLATION STUDY ON THE VISUAL EXEMPLAR SELECTION STRATEGY

(N = 32).

Selection Strategy ZSD
GZSD

S U HM

Random Selection 9.2 84.1 8.7 15.8

Representative Selection (Ours) 10.3 91.3 10.4 18.6

is necessary to capture the high intra-class diversity of food
appearances, such as varying textures and presentation styles.
However, the performance decline at 64 exemplars (17.7%
HM) reveals a critical trade-off: an excessive exemplar count
introduces redundant background noise and irrelevant visual
features, which ultimately dilutes the purity of the semantic
prototypes.

Furthermore, the selection strategy evaluation in Table XI
underscores the necessity of representative sampling. Com-
pared to naive random selection (15.8% HM), our strategy
achieves a 2.8% improvement. This gap suggests that random
sampling is susceptible to noisy samples and domain bias,
which can cause significant semantic drift in the established
anchors. By identifying the representative feature prototypes
for each food category, our selection strategy effectively filters
out visual outliers and ensures that the resulting semantic
anchor is both robust and discriminative for fine-grained zero-
shot detection.

7) Feature Representation and Localization Analysis: To
provide an intuitive validation of SyMFood, we present t-
SNE visualizations in Fig. 7. While the baseline exhibits
scattered and overlapping distributions, our method forms
compact and well-separated class clusters. To quantitatively
assess this separability, we employ the silhouette coefficient,
defined as s(i) = (b(i) − a(i))/max{a(i), b(i)}, where a(i)
and b(i) represent the average intra-cluster and minimum inter-
cluster distances, respectively. As labeled in Fig. 7, SyM-
Food achieves a substantial silhouette coefficient improvement
(e.g., 0.594 vs. 0.331 on FOWA). This gain suggests that
our synergistic fusion mechanism effectively compresses the
intra-class variance while maximizing the inter-class margins,
establishing a highly discriminative semantic anchor.

The source of this improved separability is further illustrated
by the Grad-CAM visualizations in Fig. 8. These attention
maps demonstrate that our model learns to concentrate its
focus precisely on target food items, explaining how our
framework constructs the high-quality representations crucial
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Fig. 8. Visualization of feature refinement effects via Grad-CAM. Each row contrasts the attention map of the model without CaSC (middle) with that of the
model with CaSC (right) for a given original image (left) from the UEC FOOD 256 and FOWA datasets.

Fig. 9. Qualitative detection results comparison across four datasets under the GZSD setting. For each dataset: top row shows the baseline’s results; bottom
row presents our model’s results.

for accurate zero-shot detection.

TABLE XII
MODEL COMPLEXITY ANALYSIS OF VARIOUS METHODS WITH

THEIR MAP (%) ON UEC FOOD 256

Model #Param. ↓ FLOPs ↓ FPS ↑ ZSD ↑
GZSD

S ↑ U ↑ HM ↑
SA [30] 50.1MB 193.5G 2.7 24.2 18.6 24.9 21.3

Ours 73.1MB 219.8G 2.7 31.7 29.6 30.7 30.1

E. Qualitative Analysis

To provide a visual evaluation of the detection results
obtained by the proposed method, we generate visualizations
across UEC FOOD 256, FOWA, PASCAL VOC and MS
COCO datasets under GZSD setting, as depicted in Fig. 9.
Red-colored bounding boxes are employed to mark unseen
objects, while green-colored ones represent seen objects. Our
method remarkably demonstrates precise simultaneous detec-
tion of both seen and unseen objects across all evaluated
datasets and settings.
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Fig. 10. Failure analysis for ZSFD, illustrating common errors like misclas-
sification and false positives.

F. Discussion

Our experimental results validate that SyMFood establishes
a new SOTA in ZSFD, and we attribute this success to our
proposed “Refine-then-Fuse” architecture. The initial visual
feature refinement by the CaSC module and the subsequent bi-
directional co-refinement by the ProFus module prove critical
in resolving the semantic-granularity mismatch. To assess
its practicality, we also analyze its efficiency. As shown in
Table IX, while SyMFood has a marginally higher parameter
count and computational cost compared to the SA baseline,
it achieves substantial performance gains while maintaining
a competitive inference speed (e.g., 2.7 FPS on FOWA),
demonstrating a superior performance-cost trade-off.

Beyond the scope of food detection, the core philosophy of
the proposed method exhibits significant potential for broader
multi-modal applications. Specifically, the hierarchical refine-
ment and progressive learning strategies introduced in [49]
and [50] emphasize the importance of structured feature infer-
ence and instance-aware learning, which are highly relevant
to our architectural design. Furthermore, [51] demonstrates
the efficacy of progressive alignment in action recognition,
while the clustering-based prototype learning in [52] and
cross-modal correspondence learning in [53] provide insights
for extending our synergistic prompting mechanism to more
complex tasks such as compositional zero-shot learning and
audio-visual localization.

However, we acknowledge certain limitations. As illustrated
in Fig. 10, common failure cases include misclassifications
between highly similar food items and false positive detections
in ambiguous regions, indicating that further optimization
is still needed. Future work could thus focus on more ad-
vanced prompt generation techniques and on creating a lighter,
more efficient version of the framework through methods like
knowledge distillation.

V. CONCLUSION

Our work identified and addressed two fundamental chal-
lenges in ZSFD: the SD caused by the abstract and diverse
nature of food concepts, and the AB arising from sub-
optimal cross-modal fusion strategies. To this end, we pro-

posed SyMFood, a novel framework built upon a “Refine-then-
Fuse” philosophy. SyMFood integrates a powerful multi-modal
prompting system, which combines attribute-rich text with
representative visual exemplars, and a ProFus architecture.
This architecture first refines visual features via our CaSC
block and then performs a bi-directional, iterative fusion
to achieve robust alignment between semantics and vision
across multiple scales. Extensive experiments have validated
that SyMFood not only sets a new SOTA on multiple food-
specific datasets but also demonstrates strong generalization
capabilities. While the current framework focuses on textual
and visual modalities, future research will aim to expand
this sensory scope. Specifically, the integration of non-visual
attributes, such as olfactory (smell) and gustatory (taste) cues,
represents a promising direction for achieving a more holistic
and human-like representation of food concepts. We believe
our work provides a promising new direction for tackling fine-
grained ZSD problems.
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