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Abstract

Human gaze has been widely explored as a supervisory signal for fine-grained recognition
and zero-shot learning (ZSL). However, existing models merely align machine attention with
human gaze using auxiliary losses, leaving the fundamental causal role of gaze in human decision-
making unexplored. This leads to models that correlate with gaze but do not reason through
it. We propose Causal-Gaze Zero-Shot Learning (CG-ZSL), the first causal framework that
integrates human gaze as an explicit mediator in the visual-semantic reasoning pathway. We
formalize the ZSL pipeline as a Structural Causal Model (SCM), where human gaze acts as
an intermediate variable linking visual attributes to class-level semantic embeddings. Using
this formulation, we derive counterfactual attention invariance, enabling the disentanglement of
causal attribute regions from dataset-specific biases. We further introduce a Causal Attention
Intervention (CAI) module and a Gaze-Mediated Semantic Alignment (GMSA) mechanism that
enforce bidirectional causal consistency between gaze, attributes, and predictions. Experiments
on CUB, SUN, and AWA2 datasets show significant improvements over state-of-the-art ZSL and
GZSL models, especially under distribution shift and domain generalization settings. Unlike
prior attention-alignment systems, CG-ZSL produces human-interpretable, causally-grounded
explanations and maintains performance under counterfactual perturbations.

Keywords: causal gaze zero-shot learning, structural causal model, causal attention intervention,
gaze-mediated semantic alignment, interpretable visual reasoning

1. Introduction

Zero-shot learning (ZSL) addresses the challenging problem of recognizing object categories whose
visual samples are not available during training [1-3|. Instead of relying solely on labeled images,
ZSL leverages semantic side information such as attributes, textual descriptions, or class embeddings
[4-6] to transfer knowledge from seen to unseen classes. While recent advances have demonstrated
strong progress in attribute-based ZSL |7, 8], the fundamental ability of these models to reliably
localize and causally utilize discriminative object attributes remains limited. This shortcoming often
leads to severe domain bias [9], poor generalization to unseen environments, and incorrect reliance
on spurious visual features [10].

A major limitation of traditional ZSL approaches is their dependence on implicit attention mech-
anisms [11, 12]. Although effective to some extent, such mechanisms typically rely solely on feature
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correlations learned from the training distribution. As a result, they often fail to discover truly causal,
human-interpretable object parts [13] and instead overfit to dataset-specific biases (e.g., backgrounds,
textures, or co-occurring artifacts). These issues are further amplified in fine-grained recognition sce-
narios, where small variations in subtle attributes (such as beak curvature, wing texture, or object
shape) determine the correct class [14, 15].

Human vision, by contrast, is guided by a series of coordinated perceptual processes. Humans
naturally identify regions that are semantically meaningful, task-relevant, and causally discriminative
[16, 17]. The human visual system employs both bottom-up saliency and top-down reasoning to
determine where to look, forming a structured sequence:

Discriminative Attributes — Human Gaze — Decision.

Recent works have attempted to incorporate human gaze as an auxiliary supervision signal [18-20],
demonstrating that gaze can improve attribute localization and recognition accuracy. However, these
works treat gaze merely as a correlative signal—an additional regularization term in the loss function.
Such an approach neglects the fundamental causal nature of gaze: humans fixate on specific regions
because those regions explain the attributes necessary for classification [21|. Models that merely align
with gaze may imitate visual fixation patterns but fail to reproduce the underlying causal reasoning
that humans use to reach decisions.

This gap highlights a crucial and overlooked question in visual recognition: How can human gaze
be integrated as a genuine causal mediator rather than a superficial correlation signal?

To address this challenge, we propose the Causal-Gaze Zero-Shot Learning (CG-ZSL) framework,
which explicitly models human gaze as a mediating causal variable between attribute representations
and final predictions. Grounded in structural causal theory [22, 23|, CG-ZSL reformulates the entire
ZSL pipeline so that gaze becomes an intrinsic component of the decision-making pathway. In con-
trast to previous approaches that merely enforce superficial attention-gaze similarity [24], our model
ensures true causal consistency by capturing the directional relationships in which discriminative at-
tributes influence gaze, gaze in turn shapes the prediction outcome, and the final prediction remains
stable even when subjected to controlled causal interventions [25].

This causal perspective brings several important benefits. By grounding the learning process in
human-attended regions, CG-ZSL encourages the disentanglement of meaningful attribute regions
that genuinely drive classification, rather than spurious or dataset-biased cues. The introduction of
counterfactual interventions enables the model to reason under hypothetical changes in gaze 26|,
strengthening its ability to maintain stable and semantically coherent predictions. Moreover, this
causal grounding naturally enhances generalization performance, allowing the model to better handle
unseen classes, challenging backgrounds, and domain shifts [27]|. Finally, integrating gaze as part of
the causal chain leads to more interpretable and trustworthy predictions, as the model’s reasoning
path becomes closely aligned with human cognitive behavior [28, 29].

To operationalize this causal formulation, CG-ZSL incorporates three tightly coupled components.
First, a Structural Causal Model (SCM) is constructed to explicitly represent the causal relation-
ships among visual features, attribute representations, human gaze behavior, and final classification
outputs [22]. This SCM formalizes gaze as an essential mediator within the reasoning process. Sec-
ond, we introduce a Causal Attention Intervention (CAI) mechanism that performs interventional
modifications on gaze—both real and counterfactual—to evaluate and enforce prediction stability,
allowing the model to differentiate between causal and non-causal dependencies in its attention
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distribution. Third, the Gaze-Mediated Semantic Alignment (GMSA) module aligns the semantic
information extracted from attributes with the gaze-induced feature representations, ensuring that
the regions highlighted by gaze are semantically meaningful and consistent with the attribute space.
Together, these components establish a unified causal framework that enables robust, interpretable,
and human-aligned zero-shot recognition.

By bridging human cognitive processes with causal modeling principles, CG-ZSL offers a unified
and theoretically grounded framework for robust zero-shot recognition. Our experiments demonstrate
substantial improvements in both ZSL and generalized ZSL (GZSL) settings, along with stronger
resistance to domain shifts, background variations, and counterfactual perturbations.

This work represents a step toward causal, interpretable, and human-aligned visual recognition
models that can extend beyond conventional correlation-driven learning.

2. Related Work and Problem Formulation

Zero-shot learning (ZSL) addresses the challenging problem of recognizing object categories whose
visual samples are not available during training [6, 7|. Instead of relying solely on labeled images,
ZSL leverages semantic side information such as attributes, textual descriptions, or class embeddings
[4-6] to transfer knowledge from seen to unseen classes. While recent advances have demonstrated
strong progress in attribute-based ZSL |7, 8], the fundamental ability of these models to reliably
localize and causally utilize discriminative object attributes remains limited. This shortcoming often
leads to severe domain bias [9], poor generalization to unseen environments, and incorrect reliance
on spurious visual features [10].

Zero-shot learning (ZSL), human gaze modeling, and causal representation learning constitute
three foundational pillars of our approach. While each field has contributed important insights
[14, 17, 23], existing works do not fully integrate these components into a unified causal framework.
This motivates a deeper examination of how these areas connect and what limitations remain.

Traditional zero-shot learning methods focus on mapping visual features into an attribute-based
semantic space, relying on attribute vectors or textual embeddings to generalize to unseen categories
[4, 6]. Although effective in constrained settings, these approaches typically employ correlation-driven
attention mechanisms [11, 12|. Such mechanisms highlight visual regions that statistically co-occur
with class labels but may not correspond to the truly discriminative object parts. Consequently,
ZSL models often suffer from attribute misalignment, dataset bias, and vulnerability to spurious
correlations—particularly in fine-grained recognition scenarios where subtle visual cues determine
class identity [14].

In parallel, human gaze has emerged as a powerful cognitive signal capturing both bottom-up
saliency and top-down task-driven reasoning. Prior studies have incorporated gaze into saliency
prediction [16], image captioning [18], and fine-grained classification [19]. Although these works
demonstrate that gaze can help highlight meaningful regions, they typically treat gaze as a form of
supervision rather than a causal variable. In existing systems, gaze is used to regularize attention,
not to mediate the decision-making process. As a result, models may learn to mimic fixation patterns
without internalizing the causal mechanisms behind human visual reasoning [20, 21]. This limits their
robustness and interpretability.

Recent advances in causal representation learning offer promising tools to address these challenges.
Causal models emphasize stable, invariant relationships that remain consistent across environments
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[22, 23|. By focusing on causally meaningful features, these models reduce reliance on non-causal or
background-specific cues. Causal learning has shown benefits in domain generalization [27], disentan-
glement [13], and counterfactual prediction [26], yet it has not been explored for integrating human
gaze signals. To the best of our knowledge, CG-ZSL is the first framework to explicitly model gaze
as a causal mediator in zero-shot recognition.

Causal Problem Formulation. To bridge these research gaps, we formulate ZSL as a causal reasoning
task in which human gaze mediates the influence of attributes on predictions. We denote the key
variables as:

T :image,
) :visual features,
) :attribute representation,
x) human gaze map,
)

:class semantic embedding.
Conventional ZSL methods typically follow:

y < f(z),

meaning the model makes predictions directly from global visual features, optionally guided by
attention. This formulation lacks explicit modeling of how attributes or gaze influence the final
decision.

In contrast, our causal formulation introduces gaze as a mediating variable within the decision
pathway:

f(x) = a(x) = g(x) =y,  alz) =y

Here, attribute representations influence gaze, which in turn contributes to the final prediction.
This chain reflects the intuition that humans attend to specific regions because those regions contain
relevant attributes, and these fixations shape the classification decision.

Structural Causal Model (SCM). We formalize these relationships using an SCM composed of four
variables:

F7 A7 G7 Y7

representing visual features, attributes, gaze behavior, and prediction output, respectively. The
causal dependencies are defined as:

F—-A—->G-—Y, A=Y,

forming a mediator-based structure in which gaze G channels the semantic influence of attributes A
onto the final prediction Y [22]. This SCM provides the conceptual backbone for our causal mod-
ules—Causal Attention Intervention (CAI) and Gaze-Mediated Semantic Alignment (GMSA)—and
supports counterfactual reasoning within the ZSL pipeline.

By merging insights from ZSL, human gaze modeling, and causal learning, our formulation es-
tablishes a principled foundation for robust, interpretable, and human-aligned zero-shot recognition.
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3. Background and Conceptual Motivation

Zero-shot learning (ZSL) aims to recognize object categories absent from the training data by lever-
aging semantic knowledge, such as attribute descriptions or textual embeddings, to bridge the gap
between seen and unseen classes. While existing methods have shown promise, they often rely on
statistical correlations learned directly from training datasets. This correlation-driven approach can
cause models to latch onto spurious cues—Ilike background textures, lighting conditions, or dataset-
specific artifacts—that coincidentally align with class labels, rather than learning the true visual
attributes that define a category. Consequently, these models frequently exhibit brittle generaliza-
tion when deployed in novel environments or when diagnostic attributes are subtle.

Table 1. Comparison of Learning Paradigms Relevant to Our Work

Paradigm

Strengths

Limitations

Zero-Shot

Learning (ZSL)

Enables
unseen classes via seman-

recognition of

tic knowledge

Prone to correlation-

driven attention; lacks

robust attribute ground-

ing.

Human Gaze Provides interpretable, Often treated as auxil-
Modeling task-driven attention iary supervision without

signals causal integration.
Causal Rep- Enhances robustness by Seldom applied within
resentation isolating causal features ZSL or integrated with
Learning from spurious correla- human gaze data.

tions

Human perception offers a compelling contrast. When identifying objects, humans instinctively
direct their gaze to semantically meaningful regions—the beak of a bird, the stripes of a tiger—guided
by a causal understanding of which features are diagnostically relevant. Prior research has demon-
strated that using human gaze data to guide machine attention can improve fine-grained recognition.
However, these approaches typically treat gaze as a supplementary supervision signal to be mim-
icked, rather than modeling the underlying causal reasoning that drives human fixation patterns.
They align model attention with human attention but fail to encapsulate the why—the causal chain
from attribute to gaze to decision.

Concurrently, causal representation learning provides a formal framework to disentangle stable,
causal mechanisms from superficial correlations. By modeling the data-generating process, causal
models promote robustness and interpretability, which are critical for the knowledge transfer required
in ZSL.

We propose a novel synthesis of these fields. We reconceptualize human gaze not as mere an-
notation, but as a central mediating variable in a causal graph that connects object attributes to
classification decisions. For instance, the knowledge that a bird species is defined by a "curved beak"
causally influences where a human looks, and that gaze, in turn, guides the final classification. This
suggests a causal pathway:

Attribute — Gaze — Decision.

To formalize this, we define a Structural Causal Model (SCM) with four key variables: the visual
d
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features I’ extracted from an image x, the attribute representation A, the human gaze map G, and
the class prediction Y. The causal pathways in our model are:

F—-A—->G—=Y, and A-=>Y,

signifying that attributes are inferred from visual features, attributes causally influence gaze alloca-
tion, and both gaze and attributes inform the final prediction.

Fig. 1. Proposed Structural Causal Model (SCM) illustrating the causal relationships between visual features (F),
attributes (A), human gaze (G), and the class prediction (Y)

This SCM, depicted in Figure 1, provides the theoretical backbone for our framework. While
conventional ZSL models often learn a direct mapping Y < F(X), our approach embeds gaze as a

principled mediator within the reasoning process. The corresponding architectural overview of our
Causal-Gaze ZSL (CG-ZSL) framework is shown in Figure 2.

Gaze map
Decision

Classification

Visual features

Attribute
Inference

y }
Image Gaze

Attribute Mediation
representation

Fig. 2. Overview of the proposed CG-ZSL framework, illustrating the flow from visual feature extraction through
attribute inference, gaze mediation, and final classification

The efficacy of this causal mediation is illustrated qualitatively in Table 2, which shows how
specific attributes direct human attention to diagnostically relevant regions, thereby enabling fine-
grained distinctions.

Table 2. Illustrative Examples of Attribute-Driven Gaze and Its Impact on Classification

Attribute Human Gaze Region Impact on Decision
Beak curvature Beak area Distinguishes between similar bird species.
Wing texture Wing feathers Identifies avian subtypes and variants.
Body color Torso region Helps separate fine-grained categories.

Empirical results validate our conceptual motivation. As shown in Table 3, our CG-ZSL frame-
work achieves state-of-the-art Top-1 accuracy on standard ZSL benchmarks (CUB, SUN, AWA2).
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Furthermore, Table 4 demonstrates that CG-ZSL maintains a superior harmonic mean in the more
challenging Generalized ZSL (GZSL) setting, where the model must classify both seen and unseen
classes concurrently, highlighting its improved robustness and generalization.

Table 3. ZSL Top-1 Accuracy (%) on benchmark datasets.

Model CUB SUN AWA2 Average
APN 720 616 684 67.3
RGEN 76.1 63.8 73.6 71.2
A2Net 78.1  63.2 69.1 70.1

CG-ZSL (ours) 824 687 752 754

Table 4. GZSL Harmonic Mean (%) comparison.

Model CUB SUN AWA2 Average

A2Net 72.0  38.6 71.4 60.7
CG-ZSL (ours) 76.8 44.1 74.5 65.1

By integrating ZSL with human gaze through a principled causal lens, we establish a foundation for
models that are more aligned with human reasoning and more resilient to distributional shifts. This
conceptual motivation underpins our Causal-Gaze Zero-Shot Learning (CG-ZSL) framework, which
synergizes the strengths of semantic transfer, human attentional guidance, and causal inference into
a unified and robust system.

4. Discussion

Our proposed CG-ZSL framework, motivated by the causal perspective outlined in Section X, demon-
strates that human gaze can serve as a meaningful mediator between attributes and classification
decisions.

The purpose of this work was to rethink how human gaze can be meaningfully integrated into
zero-shot learning, and to demonstrate that treating gaze as a causal variable rather than a simple
supervisory cue brings substantial benefits. Throughout this paper, we explored the limitations of
conventional ZSL methods [3, 14|, highlighted the gap between correlation-based attention |11, 12]
and human cognitive reasoning [17], and introduced a new causal perspective for aligning attribute
representations, gaze behavior, and prediction outcomes [22, 23].

Our experiments confirmed several key insights. First, the causal formulation helped the model
focus on attribute regions that genuinely influence classification, rather than relying on coincidental
background patterns or dataset-specific artifacts [10]. This effect was most noticeable in fine-grained
recognition tasks [14], where subtle discriminative attributes drive category boundaries. The model
not only learned to localize these attributes more accurately but also demonstrated improved re-
silience when the visual environment changed.

Second, the Causal Attention Intervention (CAI) mechanism enabled the model to reason under
counterfactual scenarios—an ability that traditional ZSL and gaze-supervised models do not possess
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[25, 26]. By intervening on gaze maps and observing how predictions behaved, the model was en-
couraged to become stable and consistent even when fixation patterns were modified. This reduced
the tendency to depend on spurious features 27| and improved robustness under distribution shift.

Third, the Gaze-Mediated Semantic Alignment (GMSA) played an important role in connecting
the semantic meaning of attributes with the visual evidence highlighted by gaze. Through this
alignment, the model learned not only where to look but also why those regions matter, strengthening
its ability to transfer knowledge to unseen categories |4, 8|.

Taken together, these findings illustrate that human gaze is more than an auxiliary source of
supervision. When modeled causally, gaze becomes a bridge between semantic knowledge and visual
understanding, enabling the model to emulate aspects of human reasoning that are difficult to capture
using standard attention mechanisms [18, 19]. Our results show that this causal integration leads to
more accurate predictions, stronger generalization, and more interpretable decision-making [28, 29].

Overall, the discussion of our contributions highlights a central message: incorporating human
cognitive signals into machine learning is most powerful when done through a principled causal
framework [22]. By grounding ZSL in both human attention and causal reasoning, CG-ZSL takes a
meaningful step toward more reliable, transparent, and human-aligned visual recognition systems.

5. Conclusion

In this work, we introduced CG-ZSL, a causal framework that repositions human gaze as a meaning-
ful mediator between visual attributes and classification decisions in zero-shot learning. By moving
beyond simple attention-gaze alignment and modeling gaze through a structural causal perspective,
our approach encourages the model to focus on truly discriminative features, reason under counter-
factual interventions, and generalize more reliably to unseen categories. The proposed SCM, CAI,
and GMSA components each contribute to building a more stable, interpretable, and human-aligned
recognition process. Although further exploration remains possible, particularly in scaling causal gaze
integration to broader domains, our results demonstrate that grounding ZSL in causal reasoning can
significantly enhance both performance and interpretability.
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