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Abstract: Zero-shot image recognition (ZSIR) aims to recognize and reason in 
unseen domains by learning generalized knowledge from limited data in the seen 
domain. In resource-constrained scenarios such as edge intelligence, zero-shot 
learning can significantly reduce data requirements, thereby alleviating the burden 
of data annotation, storage and communication. The gist of ZSIR is constructing a 
well-aligned mapping between the input visual space and the target semantic space, 
which is a bottom-up paradigm inspired by the process by which humans observe 
the world. In recent years, ZSIR has witnessed significant progress on a broad 
spectrum, from theory to algorithm design, as well as widespread applications. 
However, to the best of our knowledge, there remains a lack of a systematic review 
of ZSIR from an element-wise perspective, i.e., learning fine-grained elements of 
data and their inferential associations. As the element-wise paradigm shows great 
potential for adapting to dynamic edge environments with limited memory and low 
latency, this paper thoroughly investigates recent advances in element-wise ZSIR 
and provides a sound basis for its future development. Concretely, we first integrate 
three basic ZSIR tasks, i.e., object recognition, compositional recognition, and 
foundation model-based open-world recognition, into a unified element-wise 
paradigm and provide a detailed taxonomy and analysis of the main approaches. 
Next, we summarize the benchmarks, covering technical implementations, 
standardized datasets, and some more details as a library. Last, we sketch out related 
applications, discuss vital challenges, and suggest potential future directions.  

 Keywords: zero-shot learning; low-resources learning; element-wise learning; 
edge-native AI; computer vision 

1. Introduction 

With the continuous advancement of deep learning techniques, automated image recognition models are 
gradually becoming comparable to or even better than humans. The success relies on ingenious network 
architectures and, more importantly, massive data along with accurate annotations. However, the deficiencies are 
also obvious. On the one hand, the cost of data collection can be huge. For example, despite being a representative 
large-scale dataset, ImageNet [1] contains 14 million images with 21,814 categories, whose coverage is still far 
fewer than real-world scenarios, i.e., a conservative estimate suggests that there are at least 3 million species only 
for the broad insect category. This enormous data burden severely hinders the application of AI in resource-
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constrained environments and the development of edge-native AI. On the other hand, image samples of some 
categories, such as rare/extinct species, rare medical cases, and privacy-sensitive data, are usually limited or even 
unavailable. Moreover, the requirement for modern deep models has also become more complex, not only to know 
what an object is but also to describe its accurate states [2,3], e.g., the Sliced apple and an Old dog, etc. The 
superposition of states and objects incurs a geometrical increase in the difficulty of data collection and annotation. 
In recent years, more and more interests have moved from coarse- to fine-grained scenarios to endow models with 
the ability to discriminate microscopic characteristics that mimic the human recognition process [4,5]. For 
example, one can identify Zebra by recognizing an animal with black-and-white (color) and stripes (physical trait), 
implying that human cognition of upper concepts can be converted into the dismantling and reconstruction of base 
elements and further motivate the development of element-wise learning (EWL) in image recognition tasks. 
Concretely, the objective of EWL is to construct a bottom-up paradigm by executing element-wise representation 
and reasoning, i.e., a pyramidal knowledge architecture from micro to macro, attribute to object, and local to 
global. In particular, elements are carriers of properties [6], which describe the meta concepts of samples. The 
concepts or descriptors conveyed by an element vary depending on the specific tasks, like concrete components, 
e.g., Wings in recognizing bird species [7], or abstract descriptions, e.g., Studying in recognizing scenes [8]. 

Employing element-wise representation to capture discriminative elements is already customary for fine-grained 
classification task [4,5,9] and has also been proven effective in many other areas, such as face recognition [10], image 
retrieval [11], and visual question answering [12]. On top of that, element-wise reasoning is employed to assemble 
a complex set of elements to achieve the recognition. The very early stage began with systematic and structured 
combinational logic such as predicate logic, boolean logic, and so on [13], and then researchers explored the 
relationship between combinational elements and objects in visual recognition tasks [14,15]. Afterward, modern 
technologies are also designed to follow the idea of combinational reasoning, such as deformable network [16] 
and graph [17]. Notably, the element-wise paradigm should be distinguished from two related but narrower 
concepts, attribute-based learning and fine-grained learning. Attribute-based learning specifies what the 
descriptive primitives are, while fine-grained learning specifies which type of subtle distinctions the task targets. 
The element-wise perspective, in contrast, operates at the level of reasoning mechanism, which asks how visual 
concepts are decomposed into reusable primitives and recomposed to recognize novel cases, regardless of whether 
those primitives are explicit attributes, fine-grained annotations, or implicit vision-language concepts. 

Zero-shot image recognition (ZSIR), as a well-defined visual-to-semantics mapping problem adapted for 
unseen domains, has attracted increasing attention in most recent years and made profound progress [18]. ZSIR 
employs texts/words as the medium to bridge the image visual disparity between seen and unseen categories, thus 
generalizing the models to recognize unseen domains. Simply put, the visual features are compressed into the 
shared semantics, and the model unifies the shared semantics and visual features of the seen categories to reason 
images from unseen categories. Compared to other low-shot schemes such as few-shot learning [19] and one-shot 
learning [20], ZSIR reduces the data requirement to zero, thus completely releasing the data collection and 
annotation pressure. Moreover, compared to another similar open-world problem, i.e., out-of-distribution (OOD) 
detection [21], ZSIR is designed to assign precise labels for unseen data instead of simply categorizing them as 
OOD samples, which is usually more favorable in real-world applications. Particularly in complex, dynamic and 
resource-constrained edge environments, ZSIR significantly reduces the costs of data collection and annotation, 
thereby lowering labour, storage and communication requirements. More importantly, as tasks handled by edge-
native AI are often dynamic and unknown, ZSIR provides the technical support required for rapid re-adaptation. 

In practice, ZSIR and EWL are highly compatible in the recognition process that well-mimics the way 
humans observe the world, i.e., learning the basics through fine-grained visual-to-semantics interaction to identify 
concepts. Moreover, ZSIR can also be inherently considered as a natural extension of EWL towards the open-
environment scenarios, i.e., infer unseen categories with novel combinations of learned base elements. Therefore, 
their integration can provide a powerful and promising solution for real open-environment deployment. 
Particularly in edge computing scenarios, the element-wise paradigm not only reduces data costs and storage 
requirements but also offers the potential to minimise memory usage and computational load. Specifically, the 
element-wise paradigm breaks down visual concepts into reusable basic units. By activating only certain units or 
pruning redundant ones, it is possible to achieve improvements in both computational and memory efficiency. 
However, existing studies on ZSIR and EWL are usually fragmented and independent of each other, lacking a 
systematic investigation that summarizes their integration with a unified paradigm. 

Although existing reviews on zero-shot learning have laid an important foundation, their scope and 
perspectives differ from those of this study. Early reviews [22–24] provided foundational overviews of classical 
zero-shot object recognition (ZSOR), covering class-level semantic space design, generative methods, and 
regularisation techniques. However, these reviews treated ZSOR in isolation and did not delve into element-wise 
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techniques for learning and reasoning regarding fine-grained visual semantic primitives. Although recent research 
has addressed compositional recognition or visual-language models separately, there has been no systematic 
integration of mainstream tasks under a unified paradigm, including zero-shot object recognition (ZSOR), zero-
shot compositional recognition (ZSCR), and foundation model-based open-world recognition (FBOR). In this 
survey, we innovatively integrate these three mainstream tasks, offering a new perspective through element-wise 
learning. Specifically, we analyse the commonalities among these three tasks in terms of element-wise learning, 
including conceptual paradigms and shared technical primitives (such as cross-attention, prototype learning, and 
graph modeling). Meanwhile, we demonstrate how the principles of element-wise learning can be adapted to meet 
different task objectives. Overall, this survey aims to present a comprehensive overview of the latest developments 
in zero-shot image recognition within a unified element-wise framework. 

In summary, our contributions are four-fold: 
• We, for the first time, integrate three mainstream ZSIR tasks, i.e., object recognition, compositional 

recognition, and foundation model-based open-world recognition, to provide a comprehensive review from 
an element-wise perspective. 

• We discuss the differences and synergies of different ZSIR tasks and analyze the key challenges. We 
summarize related cutting-edge techniques and provide a new taxonomy of element-wise ZSIR. 

• We collect and summarize some benchmarks, including implementations, datasets, and some more details, 
as a library for follow-up research. 

• We present the widespread applications, discuss vital challenges and suggest potential future directions. 

2. Overview 

2.1. Mainstream Tasks 

Zero-Shot Object Recognition: Classic zero-shot learning (ZSL) is the most common setting for ZSIR [18], 
addressing the challenge of classifying images that come from novel unseen categories without observing any 
prior visual samples before [18]. In ZSL, the annotations such as attributes, words/sentences, or semantic 
embeddings (i.e., we use semantics uniformly later) are shared to describe categories at a high level. During 
training, only image samples of seen categories are available, while the model is trained to recognize unseen 
categories. Hence, the shared semantics serve as the crucial link between seen and unseen categories. To fully 
adapt to real-world scenarios, generalized ZSL (GZSL) [22] further extends the above setting to a more realistic 
one by requiring both seen and unseen categories to be jointly recognized during inference. Most recent studies 
encompass both ZSL and GZSL settings and are collectively referred to as zero-shot object recognition (ZSOR) 
in this survey (i.e., top-left of Figure 1). 

Zero-Shot Compositional Recognition: Another critical capability in the recent ZSL research is to describe 
the relevant states of sample, such as recognizing whether an apple is sliced or raw instead of simply classifying 
it as an object. Such capability is essential for developing models with a deeper understanding of the world and is 
also a key component in building human-like intelligence [25]. Inspired by it, compositional learning has emerged 
in ZSL to explore combinational reasoning capabilities [2,3,26]. Concretely, the model is trained from image 
samples and their corresponding compositional states and objects, and is expected to recognize both seen and novel 
unseen compositions during inference. In particular, each state and object appears at least once during training. 
The classic setting assumes that the labels’ prior is available, i.e., some state-object compositions are filtered out, 
speeding up the inference. In contrast, the open-world setting [27] extends compositional ZSL by expanding the 
inference scope to the full set, i.e., every state-object composition counts. Therefore, many irrational combinations 
can occur, and the model is expected to cull out on its own. We collectively refer to them as zero-shot 
compositional recognition (ZSCR) in this survey (i.e., top-right of Figure 1). 

Foundation Model-Based Open-World Recognition: Both ZSOR and ZSCR fall short of achieving complete 
openness when faced with the open-world scenario, as their objectives and predictions remain fixed and well-
defined. A critical question arises: can models learn broad and foundational knowledge and adapt seamlessly to 
unknown tasks? The advent of large vision-language pre-trained models (VLMs) [28,29] offers a promising 
solution. These models focus on broad vision-language interactions, learning vast amounts of elemental knowledge 
without a specific goal, i.e., much like humans learn about the world through observation. Remarkably, they exhibit 
excellent zero-shot generalization ability, performing well on various unseen domain image recognition tasks 
without further training. This capability has found wide applications, particularly in low-shot scenarios [30,31]. 
However, recent studies [32,33] suggest that the zero-shot potential of VLMs is not fully realized. In response, 
foundation model-based open-world recognition (FBOR) has been developed to push such a limit in foundation 
models (i.e., bottom of Figure 1). 
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Figure 1. Three tasks of ZSIR: (a) ZSOR utilizes shared attributes/texts to identify unseen categories; (b) ZSCR 
infers unseen compositions by learning from seen objects and states; and (c) FBOR exploits the broad fundamentals 
learned by pre-trained VLMs to implement zero-shot recognition directly in downstream tasks. 

2.2. Comparison 

While ZSOR, ZSCR, and FBOR target distinct application scenarios, they are fundamentally unified by the 
principle of element-wise learning. We provide a systematic comparison of their commonalities and differences, 
revealing the common underlying paradigm and task-specific implement ways. 

Commonalities. All three tasks share the common principle of disentanglement and recomposition of basic 
elements. The deep theoretical connection is adopting a bottom-up cognitive paradigm that captures the underlying 
causal factors of visual concepts. Instead of treating a category (e.g., zebra) or a composition (e.g., old car) as a 
monolithic, one-hot entity, element-wise methods force the model to decompose the visual signal into a set of 
fundamental, reusable elements (e.g., stripes, hooves, old, metallic surface). Recognition of novel concepts is then 
achieved by recomposing these learned primitives. In terms of the specific definition of task objective, the process 
of deriving higher-order semantics from images is broken down into distinct stages: from images to basic concepts, 
and finally to higher-order semantics. This decomposition better aligns with the way humans perceive and 
understand the world, and also enhances the interpretability of the model’s reasoning in the unknown 
environments. Consequently, many techniques are transferable and mutually inspiring across the three tasks. 

Differences. Driven by the shared element-wise paradigm, the three tasks explore pathways of model 
cognition for new concepts from different perspectives. Their differences lie primarily in the definition of elements 
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and the objectives of the tasks. To provide a clearer analysis of the distinctions between the three tasks, we have 
listed more details in Table 1, including supervision granularity, reasoning approach, and so on. 

Element Definition & Supervision Granularity & Element-Wise Learning. Basic elements serve as a vital 
bridge between link samples and higher-order semantics. How these elements are defined lies at the heart of the 
differences between tasks. In ZSOR, elements are typically attributes signals or text descriptions which are 
semantically rich (e.g., has stripes, has black eyes, has green wings). This often necessitates explicit, fine-grained 
visual-to-attribute alignment to ground each concept in a visual region. Since element labels are class-level, visual 
grounding presents a significant challenge. In ZSCR, elements are atomic labels of states and objects. The focus 
is on robustly decoupling their visual features and modeling their conditional dependency to handle context-variant 
appearances. Their labels are instance-level, but the same labels show significant variation across different 
instances. In FBOR, elements are broad, implicit visual-language concepts learned from large-scale data without 
task-specific annotations. The element-wise reasoning is thus implicitly handled by the powerful cross-modal 
attention within VLMs. Its element-level learning approach is more geared towards aligning with downstream 
tasks and general knowledge bases. 

Reasoning Approach & Core Objective. Due to differences in element definitions and application scenarios, 
their reasoning methods and task objectives also vary. ZSOR typically uses a linear, additive composition (e.g., a 
predicted class score is the sum of confidence scores for its constituent attributes). The objective is encouraging 
the model to recognize a new class with sharing attributes. ZSCR often demands more complex non-linear or 
conditional reasoning to model interactions where a state’s appearance (e.g., rusty) critically depends on the object 
(e.g., car). Its goal is generalizing to new combinations of known states and objects. FBOR represents the most 
flexible reasoning, operating through the non-linear processes of large-scale attention layers that can handle open-
world associations from pure text-visual interactions, without a predefined set of rules or combinations. 
Techniques here diverge from training explicit alignments to the more flexible manipulation of knowledge retrieval 
through prompt engineering or test-time adaptation. 

Table 1. The differences between the three tasks. 

 ZSOR ZSCR FBOR 
Element 
Definition 

Attributes signals. Text 
descriptions. Atomic states and objects. Visual-language concepts. 

Supervision 
Granularity 

Coarse-grained (Class-level). An 
attribute set for all images of a 
class. 

Medium-grained (Instance-
level). A state label and an 
object label per image. 

No supervision. Transferred 
knowledge from large-scale pre-
training. Zero-shot is used for 
direct inference. 

Element-
Wise 
Learning 

Visual grounding of elements, 
e.g., align fine-grained visual 
regions with semantic attributes. 

Disentangle state and object 
visual features or model their 
inter-dependencies. 

Align downstream visual 
concepts with the model’s pre-
learned knowledge base (e.g., 
through prompts). 

Reasoning 
Approach 

Linear/Additive Composition. 
Class score is often the sum of 
its present attributes. 

Conditional/Non-linear 
Composition. Depends on the 
modeling way between states 
and objects. 

Implicit Reasoning. It is 
essentially an interaction 
between images and text. 

Core 
Objective 

Generalize to new classes 
sharing known attributes. 

Generalize to new combinations 
of known states and objects. 

Generalize to unseen tasks and 
domains with large-scale 
knowledge base. 

2.3. Challenge 

Fine-Grained Visual Analysis: Element-wise ZSIR requires detailed visual anatomy to echo the semantics 
and capture underlying meta concepts. ZSIR has fine-grained semantic information to describe the element-wise 
characteristics. However, due to huge costs, images in hand typically lack enough element-wise annotations. 
Therefore, semantics and visual local clues are usually learned in a weakly supervised manner, and their matching 
accuracy cannot be fully guaranteed. Worse still, irrelevant clues, such as the backgrounds, can inevitably interfere 
with the learning quality. To address these issues, recent studies incorporated fine-grained visual analysis into 
ZSIR and have made certain progress, particularly in accuracy improvement. Studies of such kind mainly involve 
visual localization [34,35], visual representation [36,37], and visual-semantics correlation modeling [38,39]. 
However, based on our observation, three challenges still hinder the fine-grained visual analysis in ZSIR, including 
(i) Elements Complexity, i.e., the number of element-wise annotations tends to be larger compared to category-
wise annotations, and the corresponding visual features are much more subtle [7,40]. In addition, the processing 
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of abstract attributes is also a challenge due to the difficulty of finding the corresponding explicit visual clues; (ii) 
Visual Occlusion and Overlap, i.e., visual occlusion occurs between objects and backgrounds or between elements 
and elements, which may result in the absence of critical visual clues. Besides, visual overlap refers to multiple 
semantic expressiveness of the same visual clues [41]. For example, the model can hardly completely decouple 
the visual clues of red and car when recognizing a red car; and (iii) Visual Interaction, i.e., the independent 
semantics of visual clues can be vague or even ambiguous. For example, if a piece of skin is cut off from a cow’s 
trunk, it is hard to recognize which part or even which species the skin comes from. Thus, the semantic meaning 
of visual clues can also depend on the whole to varying degrees. 

Domain Shift: Domain shift is a long-standing challenge in ZSIR, which refers to the distribution bias (i.e., 
towards seen categories) of visual features when mapped into semantic space [42]. The inducement of domain 
shift is the absence of visual prior in unseen categories, which makes the models favor too much on seen categories 
and thus learn biased mapping functions [43]. It further misleads the model in recognizing the embeddings of 
samples of unseen categories as somewhat seen categories that hinder the model’s generalization ability. 
Meanwhile, some other factors can also aggravate the domain shift problem. First, different imaging mechanisms 
cause variational views, lightings, backgrounds, etc. [44], and thus, the visual characteristics can be diverse even 
for samples of the same category. Domain adaptation and generalization [44–46] partially mitigates this issue in 
general recognition tasks, while ZSIR is much more challenging since domain shift and unknown prediction need to be 
accommodated at the same time. Second and more troublesomely, context dependency, i.e., objects or states expressing 
the same semantic information may present very different visual characterizations in different contexts [47,48]. For 
example, the object tail appears hairy and straight on a horse but smooth and curly on a pig, and the state old 
presents itself as the metallic luster of rust on a car, while as the wrinkled skin on a person. 

2.4. Organization 

To sum up, Figure 2 outlines the overall organization as well as the taxonomy of this survey. Concretely, 
Section 3 first covers ZSOR techniques, including problem formulation and key algorithms. Similarly, Section 4 
reviews ZSCR, and Section 5 introduces FBOR. Then, Section 6 details technical implementations, standardized 
datasets, and shared techniques. Section 7 explores widespread applications, and Section 8 suggests potential 
future directions. As many papers employ multiple methods, we have adopted the following primary classification 
rules: for each method, we first identify the technical component that most directly embodies the element-wise 
philosophy. Where a method integrates multiple such components (for example, incorporating both attention 
mechanisms and graph modeling), we classify it according to the contribution claimed in the paper itself, placing 
it in the category that best reflects its most distinctive innovation relative to similar methods. 

 

Figure 2. An overview of the organization and taxonomy of this survey. 

3. Zero-Shot Object Recognition 

3.1. Problem Formulation 

Given the seen domain 𝐷௦ ൌ ሼሺ𝑥௦,𝑦௦,𝑎௦ሻ|𝑥௦ ∈ 𝑋௦,𝑦௦ ∈ 𝑌௦,𝑎௦ ∈ 𝐴௦ሽ , where 𝑋௦,𝑌௦  and 𝐴௦  denote 
visual samples, category labels, and semantics (e.g., a set of attributes), and similarly, let 𝐷௨ ൌ ሼሺ𝑥௨,𝑦௨,𝑎௨ሻ|𝑥௨ ∈𝑋௨,𝑦௨ ∈ 𝑌௨,𝑎௨ ∈ 𝐴௨ሽ  denote the unseen domain. Notably, 𝑎௦ ∪ 𝑎௨ ∈ 𝑹௠ൈ௞  are class-level semantics 
annotations, where m denotes the number of categories and k is the number of attributes. Without loss of generality, 
the task of ZSOR can be modeled as learning a mapping/relational function 𝛹：𝑋 → 𝐴, wherein 𝑋௨ is strictly 
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inaccessible for training. During inference, the learned function 𝛹 is applied to recognize samples from the 
unseen domain only, i.e., ZSL, or from both seen and unseen domains, i.e., Generalized ZSL (GZSL). 

The success of ZSOR relies on the shared attribute between 𝐴௦ and 𝐴௨, which act as the bridge between 
seen and unseen domains. The intuitive idea is to learn the visual representations corresponding to attributes, which 
is the notion of element-wise learning. However, due to the single target and relatively closed environment of 
object recognition, learning for 𝛹 can be transformed into a plain class-wise distribution matching problem. 
Class-wise distribution matching concerns neither the discrepancies of the bottom attributes nor the variations of 
fine-grained vision. It treats both visual and attribute features as a whole, and the objective is to reduce the 
distributional distance between the two to learn an unbiased mapping function. Mainstream techniques include 
semantic space design, generative approach, and regularization. Semantic space design is to search for a suitable 
low-dimensional space that perfectly matches visual and attribute embeddings [43,49]. The generative approach 
is to simulate the visual features of unseen classes [50,51] by training a generator that produces visual features based 
on attributes with the help of networks such as GANs [52–54], VAEs [55,56] and generative flows [57,58]. 
Regularization is imposing constraints to improve the mapping performance or robustness of the model. For example, 
Liu et al. [59] use an information entropy loss to reduce uncertainty. Despite the impressive results achieved by these 
methods, they provide limited insights for micro-operations and bottom-up analyses and are, therefore, out of the 
scope of this survey. The readers can refer to other related surveys [23,24] for a deeper understanding. 

Depending on the concrete elements the method operates on, we categorize the element-wise techniques into 
three broad categories, i.e., Visual Component Analysis, Visual-Attribute Matching, and Attribute Component 
Analysis. Then, the methods are further categorized into different sub-categories based on the specific techniques 
they use. 

3.2. Visual Component Analysis 

Visual component analysis is the refined dissection of an image or its features, involving localization, 
modeling, and so on. Images often contain a large amount of redundant information, only a few of which are 
decisive for discrimination. At the same time, images lack fine-grained annotations. Therefore, the goal of visual 
component analysis is to reduce the interference of irrelevant information as well as noise, and prompt the model 
to focus on those critical visual parts. Commonly used methods can be classified into the following three sub- 
categories: Local Visual Attention, Data Manipulation, and Graph Modeling. 

Local Visual Attention: Attention mechanisms are effective to improve efficiency and accuracy in many 
visual tasks by mimicking human focuses. Motivated by this, local visual attention is to utilize the attention 
mechanism to identify the most valuable visual regions and reduce the influence of background or irrelevant 
regions. Specifically, local visual attention generates multiple masks for visual features. Each mask is a normalized 
weight matrix that reveals a significant region. Enhanced features can be obtained by weighting the original 
features using mask, thus improving the discriminability (Figure 3). Suppose that 𝑥 ∈ 𝑹஼×ு×ௐ denotes the visual 
feature, where C, H, and W are the channel, height, and weight, respectively. Let 𝑀 = 𝐹( 𝑥) represents the 
attention mask, where F denotes a small learnable network, e.g., 1 × 1 convolutional network, and 𝑀 ∈ 𝑹ே×ு×ௐ 
denotes N attention masks. Afterward, multiplying the masks with the original features yields N regional features, 
which can be expressed as: 𝑥௥௘௚௜௢௡ = {𝑥𝑚ଵ, 𝑥𝑚ଶ, . . . , 𝑥𝑚ே}, (1)

where 𝑥௥௘௚௜௢௡ ∈ 𝑹ே×஼×ு×ௐ  and [𝑚ଵ,𝑚ଶ, . . . ,𝑚ே] = 𝑀,𝑚௜ ∈ 𝑹ு×ௐ . How to use these regional features to 
improve model’s performance. AREN [35] considers certain mask learned regions to be unimportant and therefore 
adopts an adaptive threshold to further filter out unimportant information, i.e., region features smaller than the 
threshold are set to 0. RSAN [60] expects the regions learned by each mask to correspond to the attributes one by 
one. It uses max-pooling to get the representative value in each region feature and concatenates them into a one-
dimensional vector, after which it uses Mean Squared Error Loss to minimize the distance between this vector and 
the attribute embedding. Considering the existence of topological relationships between regions, RGEN [36] 
introduces graph modeling to maintain their potential connections. 

Data Manipulation: Data manipulation has a same objective as local visual attention, i.e., to search and 
localize the most critical regions. The difference is that the latter works at the feature space, whereas the former 
works at the image level. An intuitive approach is employing detection techniques to recognize parts of an object, 
such as a bird’s head, body, and claws. The detection network can provide coordinates for multiple parts 
simultaneously, allowing image patches to be cropped accordingly or deep features to be localized. This method 
introduces fine-grained semantic information that enhances the model’s classification ability [61,62]. Additionally, 
it boosts the performance of generative methods, which often struggle with capturing fine-grained visual differences. 
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For example, AGAA [63] utilizes a detector to extract region information that is fed into a discriminator, along with 
class embeddings generated by a generator. However, this technique is limited in practice since the detector’s 
performance heavily depends on part-level visual annotations, which are often impractical to obtain. 

 

Figure 3. A schematic diagram of local visual attention. Visual features are passed through a sub-network to 
generate multiple masks, which are then multiplied to obtain enhanced features. 

To alleviate this problem, a series of unsupervised detection methods have been proposed. LDF [64] employs 
a coordinate generating network that generates coordinates directly from image features. Specifically, suppose 𝑥 ∈ 𝑹஼×ு×ௐ is the visual feature, and the coordinates can be expressed as: 𝑍 = [𝑧ℎ, 𝑧௪ , 𝑧௟] = 𝐹( 𝑥), (2)

where 𝐹 is a learnable network. 𝑍 is the window, 𝑧ℎ, 𝑧௪ denote the coordinates, and 𝑧௟ denotes the length of 
the region. After that, the regions located at the coordinates are zoomed in and re-fed to the classification network. 
SGMA [34] incorporates local visual attention techniques to coordinates generation. Furthermore, SR2E [65] and 
ERPCNet [66] introduce the reinforcement learning paradigm, which induce the cropping behavior of the model 
by setting up special rewards and penalties to obtain the most discriminative sub-image. POPRNet [67] takes an 
unsupervised detection technique. It generates multiple proposal regions for an image and then sorts and selects 
Top-K region features based on category confidence. ZSLViT [68] utilizes the patch split mechanism of ViT [69] 
to get multiple region features and later filters the key visual regions by calculating the attention weights between 
the regional and class tokens. 

Unlike the above approaches, to capture the key visual semantic embeddings, VGSE-SMO [70] takes a patch 
clustering approach. It utilizes an unsupervised segmentation algorithm to decompose images into multiple patches, 
after which individual patches are linked to class labels via a classification network. By doing so, the model can 
implicitly learn the relationship between classes and fine-grained visual patches that align better with each other. To 
alleviate semantic redundancy, Chen et al. [71] propose identifying and processing semantically irrelevant visual 
blocks during the input stage, thereby significantly enhancing the semantic richness of visual representations. 

Graph Modeling: Visual region localization helps models focus on important local features but often 
overlooks the potential relationships between regions. For example, a bird’s body parts are biologically connected, 
and treating them independently can cause semantic ambiguity due to a narrowed field of view. Sharing 
information between regions can mitigate this by preserving essential semantic context. Graph modeling 
techniques are well suited for handling such irregular non-geometric data with a structured message propagation 
mechanism [17]. In recent years, with the birth and development of graph convolutional networks (GCNs) [72], 
graph modeling techniques have been widely used in various computer vision tasks. 

Regional visual features are natural graph nodes and thus can be well embedded in graph modeling techniques. 
For example, GKU [37] constructs a graph for each sample to capture fine-grained local structural relationships. They 
redefine the visual-semantic mapping problem as a graph-semantic mapping problem, thus suppressing the influence 
of partial visual domain shift. However, GKU requires the dataset to be supported by fine-grained regional 
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annotations. Without the supervision of manual annotations, RIAE [73] incorporates all regions into the graph node 
set. To mine the relationships between regions, it introduces cosine similarity to measure the weight of an edge 
between any two region nodes. GNDAN [74], on the other hand, first locates the visual regions corresponding to the 
attributes with cross attention techniques, and then later uses the graph for modeling. 

3.3. Visual-Attribute Matching 

The goal of visual-attribute matching is to align visual features with their corresponding attributes by learning 
fine-grained, element-wise representations through the pairing of visual-attribute embeddings. Unlike visual 
component analysis, this approach explicitly focuses on interacting with attributes, allowing for a better perception 
of subtle attribute variations and improved generalization to unseen domains. This text-driven visual learning 
aligns more closely with human learning patterns and presents a greater challenge. Current methods in this area 
can be categorized into two sub-categories: Cross Attention and Prototype Learning. 

Cross Attention: Cross attention allows for the simultaneous processing of different sources of information 
and efficient modeling of their dependencies. Among them, dot product attention, due to its high computational 
efficiency and low space cost, is widely applied in many advanced models such as Transformer [75]. The core of 
dot product attention is to compute the similarity between query and key-value pairs to assign attention weights, 
and the similarity measure is the dot product of vectors. Given a query series Q, a key series K and a value series 
V, the attention score can be formulated as: 𝐴𝑡𝑡𝑒𝑛𝑡𝑖𝑜𝑛(𝑄,𝐾,𝑉) = 𝑠𝑜𝑓𝑡𝑚𝑎𝑥( ொ௄೹ඥௗೖ)𝑉, (3)

where 𝑑௞ denotes the dimension of the key vector used to scale the dot product result. When Q, K, and V all come 
from the same input series, the attention score learns the dependencies between the parts of the series, i.e., self-
attention. When there are two different input series involved in the computation, the attention score learns the 
dependencies between the different series, i.e., cross attention. 

To uncover the interactions between attributes and visual regions, the cross attention technique is naturally 
introduced into ZSOR (Figure 4). For example, DAZLE [38] proposes a dense attention technique that assigns 
weights to each region based on attributes. Specifically, it utilizes the features output from the last layer of the 
convolutional network and treats each point on the feature as a region. The similarity between attributes and 
regions is then computed with cross attention. Suppose 𝑥 ∈ 𝑹஼×௥ denotes the visual feature with 𝑟 = 𝐻 × 𝑊 
regions. Let 𝑎 ∈ 𝑹ௗ×௠  denote the attribute vector, where m is the number of attributes, and d is the vector 
dimension. The cross attention score is calculated as: 𝐴𝑡𝑡𝑒𝑛𝑡𝑖𝑜𝑛(𝑎, 𝑥) = ௘௫௣(௔೹௪௫)∑ ௘௫௣(௔೹௪௫)ೝ 𝑥, (4)

where 𝑤 ∈ 𝑹ௗ×஼ is a learnable matrix that ensures the visual and attribute vectors are in the same dimension 
space. The weighted visual features reflect attribute preferences. After that, the attention scores of all the attributes 
are used for classification. GEM [76] employs the same approach, however it retains the maximum attention scores 
with max-pooling during classification. Composer [77] synthesizes the features of unseen classes with critical regions 
identified by attention mechanism, while AREES [78] exploits the regional features to improve the performance. 

Some studies resort to ViT [69] to model dependencies between vision and attributes [79–81]. The essential 
cross attention mechanism is identical. The difference is that ViT divides the image into patches, each of which is 
considered a visual region. In addition, bidirectional attention is explored in depth. It is important to know not only 
which region the attribute is attending to, but also which attribute the region is attending to. Based on this idea, 
several methods are developed. For example, MSDN [82] proposes a mutual distillation network to align attribute-
region attention. MSDN++ [83] further introduces causal attention to learn the true causal relationships between 
visual regions and features. Ge et al. [47] also integrate bidirectional attention techniques to improve the visual-
attribute matching ability of the model. To promote deep integration of visual and attribute features, Jiang et al. [84] 
introduce strong and weak fusion techniques across different layers of the network to enhance the discriminability 
of visual features. Hou et al. [85] design a lightweight visual representation network with the long-range modeling 
mechanism of Mamba. Rao et al. [86] analyze the imbalance issue in attribute attention and propose a progressive 
attention scheme to mitigate attention divergence for minor attributes. 

Prototype Learning: The gist of prototype learning is to perform tasks like classification and regression using 
a set of representative samples, known as prototypes [87] to regularize the learning process. A prototype is a 
standardized example that captures the essence of a category or type, such as the mean vector of a set of vectors 
or the center of mass of a distribution. Prototype learning mimics human analogical reasoning by drawing 
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conclusions based on typical examples. Its main advantage is its robustness in handling complex data distributions, 
particularly when there is overlap or imbalance between data categories. As a result, prototype learning is 
considered to be more effective for tasks like out-of-distribution detection [88] and low-shot learning [89]. 

 

Figure 4. A schematic diagram of cross attention. Attribute embeddings and region features compute similarity to 
obtain multiple attention maps. 

For visual-attribute matching, there is semantic overlap in the visual region. The same region may contribute 
to multiple attributes. Although cross attention is able to measure the contribution value by similarity, the lack of 
an explicit means of visual decoupling may lead to pseudo-correlation of visual- attributes. Therefore, learning a 
separate visual prototype for each attribute is a promising solution. When the prototype is acquired, the visual 
region can decide which attribute it belongs to by calculating the distance between the region vector and the 
prototype. It can be observed that cross attention discovers pairing relations through the similarity between the 
attribute and visual embeddings, while prototype learning discovers visual-attribute pairing relations indirectly 
through the similarity between the embeddings of samples and prototypes. 

APN [90] first introduces prototype learning to visual-attribute matching. It initializes a learnable prototype 
vector for each attribute and then calculates the similarity between the visual region and the prototype. After that, the 
largest region vector is taken as the attribute vector, and then regresses with the attribute embedding. In addition, it 
incorporates a decorrelation loss [91] to ensure the independence between individual attributes. DPPN [92] considers 
that the prototype possesses a seen-domain preference, which cannot capture the delicate instance-level attribute 
shift. Therefore, it is necessary to equip each instance with exclusive attribute prototypes. It proposes a progressive 
attribute localization method, which dynamically adjusts the prototype by locating attributes through the prototype 
while updating the prototype in turn. Yue et al. [93] propose a graph cut method to model similarities between 
regions, grouping similar regions into the same cluster to learn compact attribute prototype representations. In 
addition, some other methods [47,94–97] also achieve favorable results by using prototype learning. 

3.4. Attribute Component Analysis 

Attributes serve as the crucial link between seen/unseen classes and provide essential supervisory signals for 
learning fine-grained visual representations. Consequently, the quality of the attribute space largely determines the upper 
limit of a recognition system’s performance. However, most attributes are manually created or pre-trained without proper 
adjustment, resulting in redundancy, noise, and unstructured relationships. To address this, attribute component analysis 
aims to optimize the attribute space through methods such as Attribute Enhancement and Refinement. 

Attribute Enhancement: Attribute enhancement aims to optimize attribute embeddings to improve their 
discriminability, using techniques like key attribute localization and attribute space optimization. Key attribute 
localization functions similarly to visual attention, identifying and focusing on the most critical parts. The cross 
attention mechanism mentioned in Equation (4) is one of the attribute localization techniques, just changing the 
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input sequences. In addition, LFGAA [98] designs a latent guided attention module. It assumes that each image 
has different attention for attributes and, therefore, introduces multiple sub-networks to generate exclusive attribute 
weights for each image. Attribute space optimization adjusts pre-trained attribute embeddings to reduce semantic 
overlap that affects discrimination, especially in fine-grained datasets. For instance, many bird species share 
similar attributes, which makes distinguishing them challenging. For this reason, AREES [78] delineates the 
attribute embeddings with similar semantic distances into a cluster by K-means clustering algorithm, and the 
attributes in each cluster are subtracted from the cluster’s center of mass, i.e., the mean vector, to obtain the 
enhanced attribute vector. APNet [99] introduces graph modeling to discover the logical relationships between 
classes and updates the attributes by propagating the attribute features of neighboring nodes. 

Attribute Refinement: Since attributes are typically annotated by humans, the value they add from a human 
perspective to deep learning is uncertain. Attribute refinement seeks to address this by examining the design of 
attribute annotations, though few studies exist on the topic. MCZSL [100] points out that the quality of manual 
annotations is uncontrollable and time-consuming. Therefore, it attempts to design an automated attribute 
annotation scheme. Specifically, it obtains attribute descriptions from online media such as Wikipedia and designs 
a series of filtering strategies to filter out inappropriate attributes. DEDN [101] proposes a divide-and-conquer 
attribute learning scheme. It argues that attribute annotations are confusing and lead to semantic asymmetry 
problems. For example, for the attributes describing scenes, {studying, swimming} and {stone, tree} are not in the 
same dimension, with the former denoting function and the latter denoting object. Therefore, it designs a dual 
expert network in which one expert network focuses on processing attribute information in different dimensions. 

4. Zero-Shot Compositional Recognition 

4.1. Problem Formulation 

Suppose 𝑆 = {𝑠ଵ, 𝑠ଶ, . . . , 𝑠௡} is a set containing n state elements and 𝑂 = {𝑜ଵ, 𝑜ଶ, . . . , 𝑜௠} is a set containing 
object elements. Then a compositional set can be obtained as 𝑌 = {(𝑠ଵ, 𝑜ଵ), (𝑠ଵ, 𝑜ଶ), . . . , (𝑠௡, 𝑜௠)|𝑠 ∈ 𝑆, 𝑜 ∈ 𝑂}, 
which containing 𝑛 × 𝑚 compositions. Now we have a seen domain 𝐷௦ = {(𝑥௦,𝑦௦)|𝑥௦ ∈ 𝑋௦,𝑦௦ ∈ 𝑌௦}, where 𝑋௦ denotes the training image set and 𝑌௦ ⊆ 𝑌 is the label set. Similarly, we have an unseen domain denoted by 𝐷௨ = {(𝑥௨,𝑦௨)|𝑥௨ ∈ 𝑋௨,𝑦௨ ∈ 𝑌௨}, where 𝑋௨ denotes the test image set and 𝑌௨ ⊆ 𝑌 is the label set. Data in 
the seen and unseen domains are disjoint, i.e., 𝑋௦ ∩ 𝑋௨ = 𝜑 and 𝑌௦ ∩ 𝑌௨ = 𝜑. The objective of ZSCR is to 
generalize to the unseen domain by learning the element-wise knowledge in the seen domain. Specifically, for 
closed-world compositional recognition, the goal is to learn a mapping function 𝛹: 𝑋 → 𝑌௦ ∪ 𝑌௨, wherein 𝑋௨ is 
strictly inaccessible for training. Typically, the size of 𝑌௦ ∪ 𝑌௨  is smaller than that of 𝑌  since some 
compositions are not feasible. For open-world compositional recognition [27], the goal is to learn a mapping 
function 𝛹: 𝑋 → 𝑌, assuming that which compositions are infeasible is unknown. 

We divide the cutting-edge techniques of ZSCR into three categories based on their core components, 
including Decoupling Representation, Dependency Modeling, and Relationship Modeling. We then further split 
the sub-categories based on specific technical details or targets of action. 

4.2. Decoupling Representation 

A common baseline approach involves mapping images to deep semantic space, computing similarity to text 
embeddings, and optimizing with cross-entropy loss. The goal is to learn the posterior probability 𝑝(𝑦|𝜙(𝑥)), 
where 𝑦 = (𝑠, 𝑜) and 𝜙 is a function mapping the image into the semantic space. This approach leads to model 
simplifying optimization by learning direct correspondences between visual features and labels, often missing 
independent effects of states and objects. For example, if the model has only seen sliced apple, it may tightly 
associate sliced with apple and fail to recognize sliced orange. An alternative is to separately predict the labels for 
states and objects to avoid semantic interference, known as decoupling representation. This approach aims to 
disentangle states and objects, encouraging the model to learn independent visual representations. By separately 
recognizing states and objects, the model can better generalize to new compositions. Decoupling representation 
focuses on learning posterior probabilities 𝑝(𝑠|𝜙௦(𝑥))  and 𝑝(𝑜|𝜙௢(𝑥)) , where 𝜙௦  and 𝜙௢  are mapping 
functions. Mainstream approaches can be categorized as: Network Design and Attention Separation. 

Network Design: Many studies resort to modifying the network structure to decompose visual features. 
Nan et al. [102] add two sub-networks at the bottom of the backbone network to extract state and object features, 
respectively, and then each predicts the corresponding labels and is trained with cross-entropy loss. CASUAL [41] 
employs a similar network structure. The difference is that it introduces a text-to-image mapping network that 
reverse maps text embeddings into visual space. Meanwhile, it uses the Hilbert-Schmidt Information Criterion, 
which is a non-parametric method for estimating the statistical dependence between samples of two random 
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variables, to optimize training for ensuring state and object independence. Yuan et al. [103] propose the I2CD 
framework, which achieves causal decoupling between states and objects in the feature space through a reversible 
causal mechanism of decoupling–combining–recoupling. ProtoProp [104] uses a prototypical network to learn 
independent representations. Specifically, regional features of images and prototypes of objects and states are 
computed for similarity and later optimized with cross-entropy loss. Hu et al. [105] propose a two-layer decoupling 
network. First, three sub-networks are used to extract state, object, and composition features, respectively. In the 
second layer, the state and object features are fed into a reorganization network to synthesize into a composition, 
while the composition feature is fed into two other sub-networks for further decoupling. CAILA [106] uses CLIP 
as a visual coder, which inserts three adapters in the middle of the network to capture the state, object, and 
composition semantic information, respectively. It is worth mentioning that the three-branch network has become 
a common infrastructure for most approaches, i.e., three sub- networks extract state, object, and composition visual 
features, respectively [107]. Rao et al. [108] decouple objects and states into distinct groups using multi-expert 
networks, thereby enhancing the discriminability and transferability of visual features. 

Attention Separation: The motivation for attention separation is to dissect semantic features by capturing the 
parts of objects and states attended to separately. OADis [109] introduces a cross-sample attention mechanism to 
refine features. It equips each sample with two companion samples, one with the same object and different state, 
and the other with the same state and different object. Afterwards, cross attention is performed with the 
corresponding samples separately to refine the semantic features. ADE [110] adopts a similar training paradigm. 
Unlike pre-matched pairs, Jing et al. [111] utilize image retrieval techniques to find suitable matching samples for 
object and state branches, after which they are used to enhance the representations. Zhang et al. [112] propose a 
gradient-based attention decomposition method. They view compositional recognition as a domain generalization 
problem, and one of the solutions is to learn domain-invariant features. To this end, they measure the variation of 
features by evaluating the difference in the back-propagation gradients of sample pairs to recognize the domain-
invariant part. DFSP [113] firstly decouples text embeddings by prototype computation and, after that, uses the 
text embeddings and image features for cross-attention to decompose the visual features. Similarly, Troika [114] 
fuses multi-path prompt and cross attention to optimize text embeddings. 

4.3. Dependency Modeling 

Decoupling techniques pursue the pure semantic representations while mitigating the bias toward seen 
compositional concepts, introducing the bias toward the single concept, i.e., state or object. This bias comes from 
the fact that the same concept is represented differently in diverse contexts. Due to the existence of complex acting 
mechanisms in the real world, such as physical systems and biochemical reactions, the visual presentation of the 
same state on various objects varies greatly. For example, old is represented as metal rust spots on car, while it is 
shown as skin wrinkles on person. Obviously, concise text annotations cannot capture such subtle differences, and 
the independent visual representations learned by the model from the seen domain are biased, hindering the 
recognition accuracy of the unseen domain. To address this problem, many studies are devoted to modeling the 
dependency relationship between states and objects. By introducing a priori information about states or objects to 
correct each other’s semantic representations or classification confidence, they can be better generalized to the 
unseen domain. In short, the goal of dependency modeling is to learn the conditional probabilities 𝑝(𝑠|𝜙௦(𝑥), 𝑜) 
and 𝑝(𝑜|𝜙௢(𝑥), 𝑠). The relevant technologies, according to the implementation objectives, can be categorized into 
Feature Optimization and Aid Classification. 

Feature Optimization: The goal of feature optimization is to adjust each other’s feature representations by 
leveraging the semantic relevance of states and objects. Decoupled state/object features are expected to capture 
dependent semantic details while maintaining their discriminative semantic information. Visual feature 
optimization corrects the visual embedding distribution to avoid overfitting the seen domain caused by the model 
focusing on a single visual feature. For example, Panda et al. [115] set up multiple encoders between the state and 
object branching networks to transmit object features to the state network to model the dependency of the state on 
the object. The same idea is taken by CoT [116], which uses object information as cuing signals while introducing 
an attention-based method to capture state-related visual features (Figure 5). Another approach is to optimize text 
features. Since text annotations are usually pre-extracted, they can hardly perceive dependency relationships. To 
this end, Nagarajan et al. [6] model states as operators, i.e., encode the state as a mapping function rather than an 
embedding, and thus explicitly learn the semantic embedding of an object after it has been operated on. SymNet [117] 
introduces two sub-networks, the decoupling network and the coupling network, which are used to learn 
independent and compositional representations of objects and states. CANet [118] recognizes the object labels of 
an image first and then corrects the text embedding of the state by using the object text embedding as a priori 
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condition. Li et al. [119] propose an progressive observation strategy that first assesses the similarity between 
object and state text and image features, subsequently generating refined conditional features. 

 

Figure 5. A schematic diagram of dependency modeling. Object information is used as a signal to guide the 
extraction process of state features. 

Aid Classification: Compared to adjusting the feature distribution, aid classification aims to directly introduce 
semantic information of objects/states to make the classifier more discriminative. In earlier work, Chen et al. [2] 
utilize support vector machines (SVMs) for compositional recognition. They learn the weights of SVMs by 
capturing state dependencies on objects and generalize to unseen compositions. SAD-SP [120] takes an intuitive 
approach by introducing an attention module in addition to the conventional decoupling network. State features 
are used to predict object soft labels and vice versa. The predicted soft labels are then used to weigh the predicted 
output of the conventional network. ProCC [121] performs information exchange at each layer of the state/object 
classifier. Specifically, it passes the output of one layer of the state classifier through a one-dimensional 
convolution and softmax, and then the output of the corresponding layer of the object classifier is multiplied with 
it and used as the input of the next layer, and vice versa. 

4.4. Relationship Modeling 

Dependency modeling promotes the generalizability of models by exploring the intrinsic one-to-one state-
object connections. Naturally, we wonder whether many-to-many complex mesh relationships, i.e., interactions 
between multiple objects or states, contribute to model performance. Such relationships describe the latent logical 
relations of elements in the real world due to various factors, such as subject affiliation, visual similarity, co-
occurrence, etc. To name a few, we would spontaneously categorize broccoli and spinach, separating beef since 
they belong to different subjects; a fork and a spoon are more visually similar than an umbrella, and also they have 
a higher probability of co-occurrence. Intuitively, an understanding of these relations facilitates logical inference. 
It is because humans have a remarkable ability to draw analogies, make connections, and imagine, thus reasoning 
and recognizing by tapping into the relationships between different elements. When we see a furry black bear and 
know the similarities between polar bears and black bears, it is easy to migrate the state of furry to polar bears. 
Driven by this idea, relationship modeling aims to enhance the inference and representation capabilities of models 
by uncovering and maintaining potential relationships between states and objects. The dominant techniques can 
be summarized as Cross Attention, Graph modeling, and Contrastive Embedding. 

Cross Attention: To model the relationship, cross attention is used to capture similarities between text 
embeddings and thus correct text representations. BMPNet [122] introduces the cross attention mechanism to 
improve independent object/state representations. Specifically, for a state, the attention weights of the state and 
other states are first computed, and then the attention weights of an object are computed, resulting in an enhanced 
state representation. The object ditto. Unlike object/state relational modeling, CAPE [123] aims to reveal co-
occurrence relations between compositions. It adapts the compositional features by calculating the attention 
weights between the text embeddings of the compositions. 

Graph Modeling: As mentioned in the previous section, graphs are excellent tools for structured data and 
thus can be well adapted to the relationship modeling task. In earlier work, Cruz et al. [13] develop a logic tree to 
model relations between states and objects. They want the model to learn the notion of connectives such as {and, 
or, not} to understand the potential connections between nouns. CGE [124] models the entire set of objects and 
the set of states. It treats each object and state as a graph node and then identifies edges between nodes by the 
composition labels. Graph convolutional network is later introduced to propagate the information. CVGAE [125] 
expects the model to be able to determine on its own whether there is a connection between objects and states and 
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thus be adaptable to the open-world compositional recognition task. It designs a reconstruction task where the 
reconstruction network recovers the adjacency matrix based on latent variables. GIPCOL [126], on the other hand, 
fuses prompt learning and graph modeling. It employs CLIP as the backbone and takes the graph-encoded text 
embeddings as prompts to train. The graph neural network is involved in the learning process, thereby optimizing 
the text embeddings to fit the task better. 

Contrastive Embedding: Contrastive embedding utilizes contrastive learning to optimize the semantic space 
and implicitly learn the relationships between samples. Contrastive learning [127], as a representative 
unsupervised learning method, demonstrates powerful semantic representational ability. It aims at clustering 
similar samples together and separating different samples. The learning mode is to constrain the semantic distance 
by comparing positive and negative examples, and the learned semantic distance reflects the affinity between the 
samples, i.e., the semantic relationship. Therefore, many areas exploit contrast learning to optimize semantic 
embeddings. Unlike the attention mechanism and graph modeling described above, contrast learning does not pre-
define the relationship between samples explicitly but rather iteratively adjusts the semantic distances between 
samples to place them in appropriate positions. The performance of contrast learning largely depends on the number 
and quality of negative examples, and therefore, negative sampling is another critical aspect of contrastive learning. 

Wei et al. [48] propose a quintuplet loss to optimize the text embedding space. Specifically, they use a sub-
network to synthesize state and object texts into compositions. After that, the label of an image is used as a positive 
example and supplemented with three negative examples for contrastive learning. The negative examples are text 
compositions with the same state but different objects, the same object but different states, and different objects 
and states with the target image. SCEN [128] performs contrastive learning in the visual semantic space. It defines 
two databases to sample the negative examples, one with the same state as the target image but with different 
objects, and the other with the same object but with different states. After that, contrastive learning is implemented 
in the decoupled state/object embedding space. Yang et al. [129] adopt a similar approach to explore the relations 
among states or objects. Meanwhile, they introduce instance-level contrast learning to optimize the compositional 
embedding space. 

4.5. Other Categories 

In addition to the above mainstream techniques, many other studies provide unique perspectives to address the 
problem of compositional recognition. For example, TMN [26] presents a gated network that recognizes different 
compositions by injecting state and object information into the network to determine the switching of pathways. 
Similarly, TAFE-Net [130] proposes a task-aware learning paradigm that guides the studying process by using task 
information as cues. Some methods are devoted to analyzing the imbalance issue. MUST [131] argues that the 
difficulty of recognizing elements varies, e.g., mashed banana is hard to be identified as banana while relatively easy 
to be identified as mashed. For this reason, it introduces a weighted loss to balance the effects of different elements. 
ProLT [132], on the other hand, points out that the data imbalance problem caused by different sample sizes of 
elements affects the recognition accuracy. To this end, it similarly proposes a novel weighted loss to solve this 
problem. CDS-CZSL [133] argues that for an object, the importance of different states is different. For example, sliced 
is more important than red for strawberry, cause red is a more general state that can be reflected in a wide range of 
categories. In this regard, it first highlights those important states by clustering and contrasting, and then a specificity-
refined primitive loss is implemented. Li et al. [134] employ optimal transport to capture fine-grained relationships 
between visual regions and text. To model the semantic relationships between objects and states, Wu et al. [135] employ 
a large language model to generate finer-grained semantic relationship trees for objects and states. Moreover, several 
studies develop new tasks to address larger challenges [136,137]. 

5. Foundation Model-Based Open-World Recognition 

5.1. Problem Description 

Large Vision-Language Models (VLMs) are advanced deep learning models that seamlessly integrate visual 
and language processing capabilities [138]. By analyzing extensive datasets of image-text pairs, these models learn 
the intricate relationships between vision and language, allowing them to understand and generate detailed 
language descriptions of image content [28]. VLMs are renowned for their robust cross-modal understanding and 
nuanced element perception, which make them particularly effective for zero-shot adaptation tasks. It is only 
necessary to associate the text description with the class name of the downstream recognition task, e.g., a photo of 
a [class], to achieve the purpose of classification and yield excellent results. However, recent studies suggest the 
capabilities of VLMs have not been fully exploited. Thus the foundation model-based open-world recognition 
receives more attention. 
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To provide a deep understanding of this topic, we first compare several prominent VLM-related research tasks. 
First, Better VLMs explores to improve the pre-training process of VLMs. The motivation for most studies stems 
from two aspects, i.e., data efficiency and learning efficiency. Data-efficient pre-training aims to reduce the data 
required while preserving strong representations [29,139], since large datasets, like CLIP’s 400 million image-text 
pairs, are resource-heavy. Learning-efficient pre-training is to explore better alternative training methods like 
reconstruction [140], generation [141]. Next, Few-Shot Adaptation and OOD Detection, in which the former involves 
fine-tuning pre-trained VLMs with limited labeled data to create specialized models for specific tasks [30,31], which 
the latter aims to identify samples not belonging to the target categories [142,143]. Note that the OOD does not 
need to recognize the specific category of the foreign samples. Notably, both few-shot adaptation and OOD 
detection require labeled data to support fine-tuning VLMs. In contrast, Zero-Shot Adaptation releases this 
limitation. It consists of three basic tasks that apply VLMs to open environment recognition tasks under different 
constraints, including (i) Zero-shot Prediction: with only the category names of the task known and without any 
image data applying VLMs to the downstream task; (ii) Test-time Adaptation: know the category names of the 
task and allow adjustments at the online testing phase; and (iii) Unsupervised Adaptation: Know the category 
names of the task and have part or entire of the unlabeled test data in advance. In this survey, we refer to the three 
tasks of zero-shot adaptation as the category of foundation model-based open recognition. 

5.2. Zero-Shot Prediction 

VLMs have powerful zero-shot prediction capabilities. For a specific task, simply editing the category names 
into the prompt, e.g., a photo of [class], enables direct classification without fine-tuning. However, there is a 
performance gap between such a deployment and a model that is fully supervised and trained on the downstream 
task. To address this issue, zero-shot prediction presents promising solutions. A prevalent solution is to design 
better prompts. The commonly used a photo of [class], while intuitive, is missing a lot of detailed information. For 
this reason, Menon et al. [32] propose to use a large language model such as GPT-3 [144] to generate multiple 
word descriptions for classes. In the testing time, the similarity between the image sample and each word 
description is calculated, and the mean value is taken as the discriminative basis. CuPL [145] has a similar idea, 
which uses this description directly as the prompt for testing. CHiLS [146] also adopts a large language model, 
which generates multiple subclasses for each category and uses their combined similarity as the discriminative 
basis. APPLe [147] uses the GPT-3 descriptions to initialize prompt prototypes as the category classifiers. Unlike 
the design of prompt, SuS-X [148] uses Diffusion [149] to pre-generate multiple pseudo- visual samples for each 
class, which serves as a support set to assist the judgment at the testing time. CALIP [33] takes the perspective of 
embedding space, and it introduces the attention mechanism to capture the correlation between text embeddings 
and visual embeddings, which effectively improves the zero-shot generalization capability. PromptMix [150] 
proposes a unified prompt learning framework, the core of which lies in bridging data distribution gaps by 
constructing a modality-agnostic shared representation space, whilst utilising a large language model-assisted 
prompt evolution mechanism to automatically enrich and refine semantic prompts. 

5.3. Test-Time Adaptation 

The purpose of Test-Time Adaptation (TTA) is to dynamically adjust the model to progressively adapt to the 
downstream task during the testing process. The mainstream schemes are categorized into prompt adaptation and 
cache bank. Prompt adaptation is a technique that combines prompt learning and TTA. During testing, the prompt 
is set as learnable parameters and the parameters of the model are fixed. The model continuously optimizes the 
prompt representation and thus adapts to the target task. TPT [151] first presents this concept by augmenting the 
test image into multiple views and then filtering out those with low confidence. The confidence outputs of the 
remaining augmented samples are averaged as the final prediction, and at the same time, the information entropy 
is minimized to train the prompt (Figure 6). This paradigm provides a basic template for subsequent research on 
prompt adaptation. DiffTPT [152] argues that the augmentation approach of TPT lacks diversity and, therefore, 
introduces the diffusion model to generate richer samples for the test image. PromptAlign [153] argues that 
adjusting the prompt should be done while aligning the distribution of the target and pre-training data. Therefore 
it introduces additional loss to align the statistics of target and pre-training data, i.e., mean and variance. 
SwapPrompt [154] and DART [155] use the exponential moving average algorithm to update the prompt. 

The goal of the Cache bank is to store the tested samples to improve the performance of subsequent tests. An 
intuitive approach is to cache the previous high-confidence samples as the support set to be queried by subsequent 
samples. DMN-ZS [156] introduces an attention mechanism to compute the similarity between the new test 
samples and the support set to obtain the weighted features. TDA [157] sets up two cache banks to store the one-
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hot labels and the negative soft labels of the reliable samples, respectively. The new test samples interact with 
them to generate predictions. Zhang et al. [158] employ a cache bank to save high-confidence samples from 
learning high-quality prompts. MTA [159] proposes a new loss function to optimize visual features in the semantic 
space. Liang et al. [160] enhance cache quality through consensus-based perceptual entropy reweighting and 
propose distribution calibration to construct flexible decision boundaries, enabling reliable adaptation during testing. 
Zhu et al. [161] model category prototypes as dynamic distributions of textual and visual features, leveraging optimal 
transport fusion to enhance category representations by integrating visual information from test streams. 

 

Figure 6. A schematic diagram of test-time prompt learning. Adjust the prompt by minimizing the entropy of the output. 

5.4. Unsupervised Adaptation 

Unsupervised adaptation is suitable for offline testing environments where some or all test data is available. 
Although there are no labels available, image samples can provide a priori information to help better prediction. 
Existing research combines different algorithms to address this problem. UPL [162] fuses prompt learning and 
self-supervised learning to learn prompt representations through a small number of high-quality pseudo-labels. 
MUST [163] incorporates image reconstruction techniques to facilitate the model’s understanding of visual 
information. InMaP [164] introduces prototype learning, which mines a set of visual prototypes from the visual 
space to replace the text embeddings for prediction. LaFTer [165] trains a text classifier and then uses it to classify 
images and trains the image encoder with pseudo- labels. ZLaP [166] presents a label propagation algorithm to 
assign labels to images. In addition, CLIPPR [167] introduces a label distribution prior to predicting the data of 
the target domain. 

6. Technical Details 

6.1. Standardized Datasets 

In Table 2, we list the commonly used standardized datasets for three tasks ZSOR, ZSCR, and FBOR, respectively. 
Specifically, there are 8 commonly used datasets used for ZSOR, including fine-grained datasets such as CUB [7], which 
is a bird dataset; SUN [8], which is a scene dataset, and coarse-grained datasets such as AWA [168], which is a dataset 
of various types of animals. Most of the datasets contain detailed attribute annotations. Note that Flowers102 [169] 
and NABirds [170] do not have attribute annotations. Flowers102 contains textual descriptions, i.e., each image is 
described by several sentences. NABirds has region annotations, which mark the parts of the bird and are typically 
used in visual component analysis methods. For ZSCR, there are 6 commonly used datasets. Different from ZSOR, 
the column [Class/Attr.] indicates the number of objects and the number of states they contain. It can be seen that 
their compositional sizes cover different orders of magnitude, ranging from 3/8 (AO-CLEVr [41]), which means up 
to 24 compositions, to 674/413 (C-GQA [124]), which means 278,362 compositions. Last, we show 15 commonly 
used datasets for FBOR that cover different categories and different data sizes. ImageNet [1] includes data with up 
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to 1000 categories, while EuroSAT [171] and CIFAR-10 [172] have only 10 categories. The data types are also 
diverse, including food [173], flowers [169], pets [174], transportation [175,176], etc. They are also fine-grained 
datasets. In addition, DTD [177] is a texture dataset, and EuroSAT [171] is a remote sensing dataset. 

Table 2. A list of commonly used datasets for zero-shot image recognition. [Class/Attr.] means the number of 
classes and attributes for ZSOR, objects and states for ZSCR, classes for FBOR. Click the [link] (all accessed on 
25 August 2024) to check more information in the corresponding repository. 

Dataset Year Images Class/Attr. Download 
Zero-Shot Object Recognition 

CUB [7] 2011 11,788 200/312 [Link] 
Flowers102 [169] 2008 8189 102/- [Link] 
SUN [8] 2012 14,340 717/102 [Link] 
NABirds [170] 2015 48,562 1011/- [Link] 
DeepFashion [40] 2016 289,222 46/1000 [Link] 
AWA [168] 2013 30,475 50/85 [Link] 
AWA2 [22] 2018 37,322 50/85 [Link] 
APY [178] 2009 15,339 32/64 [Link] 

Zero-Shot Compositional Recognition 
UT-Zappos [179] 2014 50,025 12/16 [Link] 
MIT-States [180] 2015 53,753 245/115 [Link] 
C-GQA [124] 2021 39,298 674/413 [Link] 
AO-CLEVr [41] 2020 180,000 3/8 [Link] 
VAW-CZSL [109] 2022 92,583 541/440 [Link] 
Clothing16K 2020 16,170 8/9 [Link] 

Foundation model-Based Open-world Recognition 
ImageNet [1] 2009 1,431,167 1000 [Link] 
Caltech101 [181] 2004 9145 101 [Link] 
Caltech256 [182] 2007 20,607 256 [Link] 
SUN397 [183] 2010 108,753 397 [Link] 
Food101 [173] 2014 101,000 101 [Link] 
Flowers102 [169] 2008 8189 102 [Link] 
StanfordCars [175] 2013 16,185 197 [Link] 
FGVCAircraft [176] 2013 10,000 100 [Link] 
OxfordPets [174] 2012 7349 37 [Link] 
DTD [177] 2014 5640 47 [Link] 
EuroSAT [171] 2019 27,000 10 [Link] 
Country211 [28] 2021 64,300 211 [Link] 
CIFAR-10 [172] 2009 60,000 10 [Link] 
CIFAR-100 [172] 2009 60,000 100 [Link] 
Birdsnap [184] 2014 49,829 500 [Link] 

6.2. Implementation 

To facilitate the deep understanding and fast reusing of ZSIR approaches, this survey further provides 
the implementation details of most representative methods in Tables 3–5. Specifically, Tables 3 and 4 show 
the implementation details of the related studies of ZSOR and ZSCR, including the backbone, auxiliary, 
dataset, and code addresses. It can be seen that commonly used backbones include ResNet [185], VGG [186], 
GoogleNet [187], AlexNet [188], ViT [69], and CLIP [28]. [Auxiliary] refers to additional information such 
as region-level annotations. We provide the dataset and code address to facilitate access to the performance 
of the method as well as its implementation. Finally, we label the study with up to two keywords based on 
the specific technique used. 

In Table 5, we show more details of the related work in foundation model-based open-world recognition. We 
list their visual and text encoders, as well as auxiliary information. GPT-3 [144] and Diffusion [149] are the exotic 
models. [Statistic] denotes the mean and variance of the pre-training data. [Distribution] denotes the prior 
distribution of labels. We also provide their code repositories for quick reference. 
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Table 3. More details on selected advances for zero-shot object recognition. [Aux.] means auxiliary. [GNet] means 
GoogleNet, [ANet] means AlexNet, [R101] means ResNet101, [V19] means VGG19. [Region] means region-level 
annotations. [FLO] means Flowers102, [NAB] means NABirds, [DEP] means DeepFashion. Click the [link] (all 
accessed on 25 August 2024) to check more information in the corresponding repository. 

 Name Venue Year Backbone Aux. KeyWords Dataset Code 

Vi
su

al 

LH2B [62] CVPR 2017 VGG16 Region Detection CUB, NAB [Link] 
S2GA [61] NeurIPS 2018 VGG16 Region Detection CUB, NAB [Link] 
AGAA [63] CVPR 2018 VGG16 Region Detection CUB, NAB [Link] 

LDF [64] CVPR 2018 GNet, 
VGG19 - Crop CUB, AWA [Link] 

AREN [35] CVPR 2019 ResNet101 - Attention CUB, SUN, AWA2, 
APY [Link] 

SGMA [34] NeurIPS 2019 VGG19 - Crop CUB, FLO, AWA [Link] 
CANZSL [53] WACV 2020 VGG16 Region Consistency CUB, NAB [Link] 

RGEN [36] ECCV 2020 ResNet101 - Attention, 
Graph 

CUB, SUN, AwA2, 
APY - 

SDGZSL [56] ICCV 2021 ResNet101 - Disentangling CUB, AWA2, APY, 
FLO [Link] 

RSAN [60] CIKM 2021 ResNet101 - Attention CUB, SUN, AWA2 - 

SR2E [65] AAAI 2021 ResNet101 - Crop CUB, SUN, AWA2, 
APY - 

VGSE-SMO 
[70] CVPR 2022 ResNet50 - Crop, 

Clustering CUB, SUN, AWA2 [Link] 

GSMFlow [57] TMM 2022 ResNet101 - Generation 
Shifts 

CUB, AWA2, APY, 
FLO [Link] 

ERPCNet [66] TCSVT 2022 ResNet101 - Crop CUB, SUN, AWA2, 
APY - 

GKU [37] AAAI 2023 ResNet34 Region Graph CUB, NAB - 

EOPA [189] TPAMI 2023 ANet, 
ResNet50 - Graph CUB, SUN, FLO, 

AWA2 - 

POPRNet [67] TIP 2024 ResNet101 - Crop CUB, SUN, AWA2 [Link] 
ZSLViT [68] CVPR 2024 ViT-B - Attention CUB, SUN, AWA2 - 
SVIP [71] ICCV 2025 ViT-B - Crop CUB, SUN, AWA2 [Link] 

V
isu

al
-A

ttr
ib

ut
e 

DAZLE [38] CVPR 2020 ResNet101 - Attention CUB, SUN, AWA2, 
DEP [Link] 

Composer [77] NeurIPS 2020 ResNet101 - Attention, 
Generation 

CUB, SUN, AWA2, 
DEP [Link] 

APN [90] NeurIPS 2020 ResNet101 - Prototype CUB, SUN, AWA2 [Link] 
GEM [76] CVPR 2021 ResNet101 Region Attention CUB, SUN, AWA2 [Link] 

DPPN [92] NeurIPS 2021 ResNet101 - Prototype CUB, SUN, AWA2, 
APY [Link] 

LAPE [190] TCSVT 2022 ResNet101 - Attention CUB, SUN, AWA2, 
APY - 

RIAE [73] IS 2022 ResNet101 - Attention, 
Graph CUB, SUN, AWA2 - 

DPDN [47] MM 2022 ResNet101 - Attention, 
Prototype CUB, SUN, AWA2 - 

GNDAN [74] TNNLS 2022 ResNet101 - Attention, 
Graph CUB, SUN, AWA2 [Link] 

AREES [78] TNNLS 2022 ResNet101 - Attention, 
Generation 

CUB, SUN, AWA, 
AWA2, APY - 

MSDN [82] CVPR 2022 ResNet101 - Attention CUB, SUN, AWA2 [Link] 
TransZero [39] AAAI 2022 ResNet101 - Attention CUB, SUN, AWA2 [Link] 
I2DFormer 
[79] NeurIPS 2022 ViT-B - Attention CUB, FLO, AWA2 [Link] 

DUET [80] AAAI 2023 ViT-B - Attention, 
Contrast CUB, SUN, AWA2 [Link] 

PSVMA [81] CVPR 2023 ViT-B - Attention CUB, SUN, AWA2 [Link] 
HRT [191] PR 2023 ResNet101 - Attention CUB, SUN, AWA2 - 
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Table 3. Cont. 

 Name Venue Year Backbone Aux. KeyWords Dataset Code 
V

isu
al

-A
ttr

ib
ut

e 
CC-ZSL [95] TCSVT 2023 ResNet101 - Prototype, 

Contrast CUB, SUN, AWA2 [Link] 

CoAR-ZSL [96] TNNLS 2023 R101, ViT-L - Attention, 
Prototype CUB, SUN, AWA2 [Link] 

GIRL [94] IS 2023 ResNet101 - Prototype CUB, SUN, AWA2, 
APY [Link] 

VSPCN [84] CVPR 2025 ViT-B - Attention CUB, SUN, AWA2 - 
ZeroMamba 
[85] AAAI 2025 VMamba-

Small - Attention CUB, SUN, AWA2 [Link] 

CSAP-ZSL [93] AAAI 2025 ViT-B - Prototype CUB, SUN, AWA2 - 
HPAN [86] MM 2025 ViT-B - Attention CUB, SUN, AWA2 [Link] 

MSDN++ [83] IJCV 2026 ResNet101 - Attention CUB, SUN, AWA2, 
FLO - 

A
ttr

ib
ut

e 

MCZSL [100] CVPR 2016 VGG16 Region Crop CUB - 

LFGAA [98] ICCV 2019 GNet, R101, 
V19 - Attention CUB, SUN, AWA2 [Link] 

APNet [99] AAAI 2020 ResNet101 - Graph CUB, SUN, AWA, 
AWA2, APY - 

DEDN [101] IJCAI 2024 ResNet101 - Attention, 
Distillation CUB, SUN, AWA2 [Link] 

Table 4. More details on selected advances for zero-shot compositional recognition. [UTZ] means UT-Zappos, 
[MIT] means MIT-States, [CGQ] means C-GQA, [AOC] means AO-CLEVr, [VAW] means VAW-CZSL, [CLO] 
means Clothing16K. Click the [link] (all accessed on 25 August 2024) to check more information in the 
corresponding repository. 

 Name Venue Year Backbone KeyWords Dataset Code 

D
ec

ou
pl

in
g 

Nan et al. [102] AAAI 2019 ResNet18 Contrast UTZ, MIT - 
CAUSAL [41] NeurIPS 2020 ResNet18 Mapping Function UTZ, AOC [Link] 
ProtoProp [104] NeurIPS 2021 ResNet18 Prototype, Graph UTZ, AOC, CGQ [Link] 
OADis [109] CVPR 2022 ResNet18 Attention UTZ, MIT, VAW [Link] 
Zhang et al. [112] ECCV 2022 ResNet18 Attention UTZ, AOC, CLO [Link] 
DECA [107] TMM 2022 ResNet18 Mapping UTZ, MIT [Link] 
DRANet [192] ICCV 2023 ResNet18 Attention UTZ, MIT, CGQ - 
ADE [110] CVPR 2023 ViT-B Attention UTZ, CGQ, CLO [Link] 

DFSP [113] CVPR 2023 CLIP Attention, 
Prototype UTZ, MIT, CGQ [Link] 

Hu et al. [105] AAAI 2023 ResNet18 Contrast UTZ, CGQ [Link] 

CAILA [106] WACV 2024 CLIP Mapping UTZ, MIT, CGQ, 
VAW [Link] 

Jing et al. [111] AAAI 2024 CLIP Attention UTZ, MIT, CGQ - 
Troika [114] CVPR 2024 CLIP Attention UTZ, MIT, CGQ [Link] 

HGRL [108] IJCAI 2025 CLIP Multi-Expert 
Network UTZ, MIT, CGQ - 

I2CD [103] AAAI 2026 CLIP Mapping Function UTZ, MIT, CGQ - 

D
ep

en
de

nc
y 

Nagarajan et al. [6] ECCV 2018 ResNet18 Contrast UTZ, MIT [Link] 
SymNet [117] CVPR 2020 ResNet18 Mapping Function UTZ, MIT [Link] 
SAD-SP [120] TPAMI 2023 ResNet18 Mapping Function UTZ, MIT, CGQ - 

CoT [116] ICCV 2023 ResNet18, 
ViT-B Attention MIT, CGQ, VAW [Link] 

CANet [118] CVPR 2023 ResNet18 Mapping Function UTZ, MIT, CGQ [Link] 
Panda et al. [115] PR 2024 ResNet18 Graph UTZ, MIT, CGQ - 
ProCC [121] AAAI 2024 ResNet18 Mapping Function UTZ, MIT, CGQ [Link] 
PLO-VLM [119] MM 2025 CLIP Attention UTZ, MIT, CGQ - 
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Table 4. Cont. 

 Name Venue Year Backbone KeyWords Dataset Code 
Re

la
tio

ns
hi

p 
Wei et al. [48] ICCV 2019 ResNet18 Contrast UTZ, MIT - 
BMPNet [122] TMM 2021 ResNet18 Attention UTZ, MIT [Link] 
CGE [124] CVPR 2021 ResNet18 Graph UTZ, MIT, CGQ [Link] 
SCEN [128] CVPR 2022 ResNet18 Contrast UTZ, MIT, CGQ [Link] 
CVGAE [125] MM 2022 ResNet18 Graph UTZ, MIT, CGQ [Link] 
CAPE [123] WACV 2023 ResNet18 Attention UTZ, MIT, CGQ - 
Yang et al. [129] TMM 2023 ResNet18 contrast UTZ, MIT  
GIPCOL [126] WACV 2024 CLIP Graph UTZ, MIT, CGQ [Link] 

O
th

er
s 

TMN [26] ICCV 2019 ResNet18 Gated Network UTZ, MIT [Link] 
MUST [131] PR 2024 ResNet18 Weighted Loss UTZ, MIT, CGQ [Link] 

ProLT [132] AAAI 2024 ResNet18, 
CLIP Weighted Loss UTZ, MIT, CGQ - 

CDS-CZSL [133] CVPR 2024 CLIP Weighted Loss UTZ, MIT, CGQ - 
Tsca [134] IJCAI 2025 CLIP Optimal Transport UTZ, MIT, CGQ [Link] 
LogiCZSL [135] CVPR 2025 CLIP Logic Rules UTZ, MIT, CGQ [Link] 

Table 5. More details on selected advances for foundation model-based open-world recognition. [ZSP] means zero-
shot prediction. [TTA] means test-time adaptation. [UA] means unsupervised adaptation. [VEncoder] means visual 
encoder. [TEncoder] means text encoder. [ViT-B†]: ViT-B/32, ViT-B/16. [ViT-L†]: ViT-L/14, ViT-L/14@336px. 
[Statistic] means the mean and variance of pretrained dataset. [Distribution] means the label distribution. Click the 
[link] (all accessed on 26 August 2024) to check more information in the corresponding repository. 

 Name Venue Year VEncoder TEncoder Auxiliary Contribution Code 

ZS
P 

Menon et al. 
[32] arXiv 2022 ViT-B†,  

ViT-L† Transformer GPT-3 
Generate description 
words according to 
category names. 

- 

APPLe [147] arXiv 2023 ViT-L/14 Transformer GPT-3 

Propose prompt 
prototype learning 
by initializing from 
description 
sentences. 

- 

CuPL [145] ICCV 2023 ViT-L/14 Transformer GPT-3 
Generate description 
sentences according 
to category names. 

[Link] 

SuS-X [148] ICCV 2023 ResNet50 Transformer Diffusion 
Generate visual 
support set with 
Diffusion. 

[Link] 

CHiLS [146] ICML 2023 ViTL/14@33
6px Transformer GPT-3 

Generate sub-class 
names according to 
category names. 

[Link] 

CALIP [33] AAAI 2023 ResNet50 Transformer - 
Propose attention 
interaction of image 
and text embeddings. 

[Link] 

PromptMix 
[150] INF 2026 ViT-B/16 Transformer Qwen 

A prompt evolution 
mechanism assisted 
by large language 
models 

- 

TT
A

 

TPT [151] NeurIPS 2022 ResNet50, 
ViT-B/16 Transformer - Propose test-time 

prompt adaptation. [Link] 

DiffTPT 
[152] ICCV 2023 ResNet50, 

ViT-B/16 Transformer Diffusion 
Propose to augment 
image with 
Diffusion. 

[Link] 

PromptAlign 
[153] NeurIPS 2023 ViT-B/16, 

ViT-B/32 Transformer Statistic 
Align the 
distributions of test 
and pre-training set. 

[Link] 

SwapPrompt 
[154] NeurIPS 2023 ResNet50 Transformer - 

Update the prompt 
using exponential 
moving average. 

- 
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Table 5. Cont. 

 Name Venue Year VEncoder TEncoder Auxiliary Contribution Code 
TT

A
 

Zhang et al. 
[158] AAAI 2024 ViT-B/16 Transformer - Introduce multiple 

manual prompts. - 

DART [155] AAAI 2024 ViT-B/16 Transformer - 
Learn a separate 
prompt for each 
class. 

- 

TDA [157] CVPR 2024 ResNet50, 
ViT-B/16 Transformer - 

Two cache banks are 
set up to store hard 
and soft labels. 

[Link] 

MTA [159] CVPR 2024 ViT-B/16 Transformer - 
Improve visual 
representation in the 
embedding space. 

[Link] 

DMN-ZS 
[156] CVPR 2024 ResNet50, 

ViT-B/16 Transformer - 

Cache high-
confidence samples 
for subsequent 
predictions. 

[Link] 

ReTA [160] MM 2025 ResNet50, 
ViT-B/16 Transformer - 

Using entropy to 
update the cache 
bank 

[Link] 

ProtoMM 
[161] ICCV 2025 ResNet50, 

ViT-B/16 Transformer - 
Using optimal 
transport to update 
the cache bank 

- 

U
A

 

CLIPPR 
[167] arXiv 2022 ViT-B/32 Transformer Distribution 

Predicted label 
aligns a priori label 
distribution. 

[Link] 

UPL [162] arXiv 2022 ResNet50 Transformer - 
Select high-
confidence samples 
for fine-tuning. 

[Link] 

MUST [163] ICLR 2023 ViT-B/16, 
ViT-L/14 Transformer - 

Introduce visual 
reconstruction and 
teacher-student 
model. 

[Link] 

InMaP [164] NeurIPS 2023 ResNet50, 
ViT-B/16 Transformer - 

Learn visual 
prototypes in the 
embedding space. 

- 

LaFTer [165] NeurIPS 2023 ViT-B/32 Transformer GPT-3 Train a text classifier 
to categorize images. - 

ZLaP [166] CVPR 2024 ResNet50, 
ViT-B/16 Transformer - 

Introduce a label 
propagation 
algorithm. 

[Link] 

6.3. Evaluation Protocols 

In this section, we introduce three commonly used evaluation protocols for the three tasks. For ZSOR, the 
test set is typically divided into seen and unseen classes, and the top-1 accuracy is calculated for each. Additionally, 
the harmonic mean (HM) is introduced to provide a more comprehensive assessment of model performance. 
Suppose S and U denote the accuracy of seen and unseen classes, respectively. 𝐻𝑀 = ଶ×ௌ×௎ௌା௎ . For ZSCR, the test 
set is similarly divided into seen and unseen classes, and their top-1 accuracy is measured. Additionally, HM and 
AUC are introduced to comprehensively evaluate model performance. AUC is the area under the receiver operating 
characteristic curve. For FBOR, top-1 accuracy is typically used to evaluate model performance. 

6.4. Shared Technologies 

It can be seen from Tables 3–5 that some techniques are common across the three tasks. We further discuss 
these shared techniques to reveal more commonalities between these tasks. In particular, attention is the most 
commonly used technique, distributed across almost every sub-direction in the three tasks. This suggests that 
attention techniques are extremely generalizable and can be applied to different task goals and with different 
research motivations. In ZSOR, attention is used to localize key visual regions [35,36], model visual-text 
correlations [38,39,82], and localize key attributes [98]. In ZSCR, attention is used to model object and state 
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correlations [109,112,116], and enhance representations [122,123]. In FBOR, attention is used to capture correlations 
between images and text [33]. Prototype learning is another more generalized technique. In ZSOR, prototypes are 
used to represent attributes [90–92]. In ZSCR, prototypes are used to represent objects and states [104,113]. In FBOR, 
prototypes are used to replace the embedding of prompts in deep space [164]. Graph and contrast learning are the 
more commonly used techniques in ZSOR and ZSCR. The graph is used to model the topological relationships 
between visual regions in ZSOR [37,73], while in ZSCR, it is used to capture the logical relationships between 
individual objects and states [124,125]. Contrast learning is used in ZSOR to optimize attribute embeddings [80], 
while in ZSCR, it is used to untangle and model semantic relations [48,128]. In FBOR, thanks to the robust zero-
shot performance of VLMs, fine-tuning prompts become a popular approach [151,154]. Similarly, in ZSCR, some 
methods with CLIP as the backbone introduce prompt learning [113,126], which effectively improves the 
performance of the model. 

7. Application 

In recent years, besides image recognition, element-wise zero-shot techniques have been applied in a wide 
range of areas and developed synergistically. We ketch out some following related applications. 

7.1. Language and Text 

Language, as one of the main media used by humans, has always received attention from researchers. Due to 
label pressures, zero-shot generalization is also a long-standing direction in language studies [193]. In recent years, 
large language models have been developed rapidly [194], and they can respond to human conversations fluently, 
showing their powerful zero-shot reasoning ability. Meanwhile, some studies [195] proposed fine-tuning schemes 
for language models to improve the zero-shot performance. In some specific tasks, zero-shot techniques have been 
widely applied to solve the problem of insufficient data samples, such as machine translation [196], question 
answering [197], etc. In addition, zero-shot techniques also play an important role in text analysis, such as 
sentiment classification [198], topic classification [199], etc., which is extremely helpful for research in sociology, 
psychology, and other disciplines. Meanwhile, the collection and labeling of text samples is a huge obstacle, and 
zero-shot generalization offers a promising solution [200]. Moreover, recent studies, such as named entity 
recognition [200] and information retrieval [201], also extensively rely on zero-shot ability. 

7.2. Scene Understanding 

Scene understanding is a topic based on image recognition but is more challenging. Instead of assigning a 
label to an entire image, it usually identifies and localizes multiple elements in an image. For example, multi-label 
recognition task [202] requires simultaneous recognition of multiple objects in an image. In contrast, object 
detection [203,204] and semantic segmentation [205,206] are two more complex and practical tasks. Object 
detection requires identifying and localizing multiple objects in an image, while semantic segmentation is a pixel-
level classification task that requires assigning labels to each pixel according to semantic information. Scene 
understanding is an important research topic, which is not only the basis for AI to understand the world but also a 
key part of deployment to industrial scenarios. Related technologies are needed in a variety of scenarios, such as 
autonomous driving, medical diagnostic assistance, security monitoring, retail, and so on. However, they also 
require more detailed annotation and larger data for training than image recognition. Therefore, incorporating zero-
shot learning into scene understanding has become an attractive direction in recent years. For example, zero-shot 
object detection [207–209] and zero-shot semantic segmentation [210–212] are dedicated to the deployment of 
models in the open world. 

7.3. 3D Vision 

With the increasing maturity of 3D sensors, the cost of acquiring 3D vision data has dropped significantly [213]. 
Compared with traditional 2D images, 3D visual data contains important depth information and, therefore, can 
provide richer semantic information. 3D vision data has a wide range of applications, covering automatic 
driving, medical diagnosis, remote sensing, etc. Correspondingly, research on 3D vision data has also received 
more and more attention. However, compared with 2D data, the acquisition and labeling cost of 3D data is more 
expensive. Therefore, many researches integrate the concept of zero-shot into 3D tasks, such as point cloud 
classification [214,215], object detection [216], and semantic segmentation [217]. In addition to semantic 
recognition tasks, some studies are also exploring the application of zero-shot learning to tasks such as 
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generation [218], style transfer [219], and synthesis [220,221]. There are also some studies that have explored 
in-depth on special tasks, such as human pose estimation [222], shape correspondence [223], and so on. 

7.4. Others 

Zero-shot learning offers promising solutions for many specific application scenarios. For example, medical and 
remote sensing images are much more difficult to collect than natural images due to sample scarcity and data protection. 
Therefore, the research on zero-shot medical image [224] recognition and remote sensing image [225] recognition has 
been developed rapidly in recent years. Anomaly detection [226] plays a key role in securing many industrial fields. 
However, the number and type of anomaly samples are often insufficient. Some studies resort to zero-shot learning to 
solve this problem. In addition, zero-shot techniques have been applied in many special tasks to alleviate the low-shot 
data problem as well as to enhance the generalization ability of the model, such as action recognition [227], image 
retrieval [228,229], video moment retrieval [230], Re-id [231] and video classification [232]. 

8. Future Directions 

Zero-shot learning contributes powerful technical solutions for automated recognition in the open 
environment. Meanwhile, research based on element-wise representation and reasoning has driven the rapid 
development and wide application of zero-shot technology. Despite the remarkable achievements, there are still 
some potential limitations that have not been deeply explored. In this section, we share our perspectives on future 
research directions. 

8.1. Continual Zero-Shot Learning 

Existing studies are based on closed systems to design solutions. However, in reality, there are a large number 
of growing systems with dynamically changing environments and goals. For example, for zero-shot object 
recognition, attributes and categories may be progressively inflated. Early in the observation phase, fewer 
attributes are accessible, followed by a steady stream of new attribute annotations added. Similarly, the detected 
categories may increase over time forward. It is difficult for existing schemes to handle such dynamic recognition 
tasks, and continual learning has come a long way in this regard [233]. However, simply transplanting techniques 
from continual learning to zero-shot recognition tasks suffers from deviation. Therefore, fusing continual learning 
and zero-shot learning will further increase the value of applications to real-world scenarios. 

8.2. Multi-Label Compositional Recognition 

Zero-shot compositional recognition allows the model to not only learn to recognize objects but also to 
describe their state. However, current research is limited to a single object and single state. A robust compositional 
recognition system should have the ability to recognize multiple objects as well as multiple states. For a single 
object, the recognition system should describe its state from multiple perspectives to provide more detailed 
information [3]. For multiple objects, their individual states, as well as their interactions, relationships, etc., should 
be described [234]. Expanding from single labels to multiple labels is a tough choice, but it is an inescapable step 
toward building a smarter recognition system. 

8.3. VLMs with Downstream Fine-Grained Annotations 

The power of VLMs in the open world has been demonstrated by the fact that it requires only the names of 
the categories in the downstream task to accomplish zero-shot inference. Meanwhile, fine-grained annotations can 
improve the zero-shot inference performance of VLMs [32,145]. What happens if VLMs are combined with 
downstream exclusive attribute annotations, such as attribute texts or state descriptions? There are a number of 
issues that deserve deeper investigation, including domain shift between pre-trained text embeddings of VLMs 
and downstream text, fine-grained visual-text matching, catastrophic forgetting, and so on. 

8.4. Annotation Cost and Quality 

Element-wise schemes in zero-shot object recognition typically require extensive refined attribute 
annotations, especially for visual-attribute matching schemes. However, the attribute-level annotations are time- 
and labor-intensive compared to class-level labeling. Worse still, once they settle into concrete real-world 
scenarios, such as industrial inspection or medical pathology, the expert knowledge can be a bottleneck, which 
further raises the labor cost. In addition, attribute engineering is a complex crossover field. Even attributes 
annotated by experienced experts do not guarantee benefits for deep learning, which implies that high-quality 
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attribute annotations require professionals with dual knowledge of both specific domains and deep learning. 
Despite some studies attempting to make breakthroughs in the field of automated annotation [100], it is clear that 
there is still a long way to go. 

8.5. Deployment Cost and Edge Feasibility 

Compared to class-wise semantic modeling, many element-wise schemes have to process a higher density of 
information, which introduces a more luxurious deployment cost. Such cost is reflected in bloated network 
structures and high computational complexity in the deployment phase. As a result, they are unfriendly to edge 
tasks and mini-endpoints, which have to trade off performance and memory [235]. However, the minimal data 
requirements significantly alleviate the storage and communication pressures on edge devices, whilst also reducing 
the need for human intervention. The element-wise paradigm also demonstrates particular promise for edge 
deployment. Specifically, element-wise representations naturally decompose visual concepts into lightweight, 
reusable basic units. This decomposition offers tremendous potential for edge deployment. In rapidly changing 
edge scenarios, selective operations on a small number of basic elements are sufficient to perform category 
updates, decision-making calculations and resource replenishment. This means that the modular nature of element-
wise reasoning makes it possible to activate only parts of the network, thereby improving computational efficiency. 
Furthermore, these basic conceptual units provide a heuristic approach to model compression. By identifying and 
pruning those element modules that are unimportant or irrelevant to the task, the model’s memory requirements 
can be reduced. 

8.6. Unified Framework 

Zero-shot studies share many common techniques, such as attention, graph modeling, and so on. However, 
barriers between them still exist due to the different goals and contexts of the tasks. A technique and framework 
that is versatile across all fields is lacking. However, the significance of such a unified framework for both 
academia and application is immense [236]. The quest for a unified framework means exploring more 
commonalities across zero-shot tasks and thinking about the operational mechanisms of the entire realm from the 
ground-up principles. From a realistic point of view, a mature intelligence should be able to handle multiple tasks 
at the same time. 

8.7. Robust Representation Learning 

Despite some solutions have been proposed [97] to tackle with domain shift, there is a lack of quantitative 
assessments regarding their resistance to interference. Consequently, the robustness of existing representation 
methods in real-world environments remains uncertain. Recently, Shafiee et al. [237] introduce adversarial attack 
technique into zero-shot models. The interplay between model attacks and defenses has been a long-standing topic. 
Attackers aim to weaken models at minimal cost, while defenders strive to develop more robust representations to 
resist these perturbations. This dynamic process of learning from each other leads to continuous progress, offering 
a new perspective on combating domain shift. 

8.8. Poor Theoretical Foundation 

The development of zero-shot learning is established on the beautiful hypothesis that deep neural networks 
can reason logically like humans [18,22]. As mentioned, we can learn to identify basic elements and recognize 
new concepts by combining and reasoning about them. Nevertheless, there are not many solid theories on the 
compatibility between human reasoning and machine inductive ability, leading to a lack of explainability. 
Meanwhile, some flaws also challenge the plausibility of the hypothesis, such as the correspondence between 
abstract attributes and vision. Rigorous theoretical guidance is at the helm of a field moving forward, and it is of 
great prospective to dive into the mysterious black box in the future. 

8.9. Ethical Considerations and Social Impact 

The core idea behind element-wise zero-shot image recognition technology is to mimic the human bottom-
up cognitive system. However, this may introduce potential ethical and social risks. Firstly, statistical bias may 
lead to bias in datasets and annotations. For example, specific cultural contexts may fail to reflect the global, 
diverse understanding of visual concepts. In zero-shot scenarios, this risk is amplified due to the lack of calibrated 
annotated data from affected domains. Furthermore, the harm caused by misclassification in high-risk domains 
has significant societal implications. Zero-shot models are increasingly being applied in safety-critical fields such 
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as medical diagnosis, autonomous driving and security surveillance. The inherent uncertainty in identifying unseen 
classes makes misclassification inevitable. In these scenarios, false negatives (failure to detect rare conditions) or 
false positives (labelling benign anomalies as threats) can both lead to serious consequences. Fortunately, the 
nature of element-wise reasoning offers potential advantages for traceability. When a model misclassifies a sample, 
it may be possible to trace the error back to the specific attribute or state detector that triggered the 
misclassification. This interpretability holds promise for enhancing the transparency and accountability of AI. 

9. Conclusions 

We provide a comprehensive exposition of three major tasks in the field of zero-shot image recognition that 
share the notion of element-wise representation and reasoning. Specifically, we show the background, 
commonalities, and challenges faced by several tasks. Then related recent techniques are meticulously categorized 
and explained. At the same time, we provide specific technical details, including datasets, training details, code 
repository addresses, and more. Finally, we show the wide range of applications of element-wise zero-shot learning 
and look at future directions. 
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