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Abstract

Fine-grained visual classi�cation (FGVC) becomes especially challenging when categories are

organized hierarchically and the discriminative cues shrink from global shapes (order/family) to

tiny parts (genus/species). Existing hierarchy-aware methods such as CHRF learn level-speci�c

attentions implicitly, but they only use human gaze as a post-hoc validation signal, leaving a rich

source of supervision unused. In this work we introduce GS-HAN, a gaze-supervised hierarchical

attention network that explicitly aligns model attention with human �xation patterns at every

level of the taxonomy. GS-HAN builds on a backbone feature extractor and CHRF-style region

feature mining, but augments each hierarchy level with gaze-conditioned attention heads and a

Hierarchical Gaze Alignment Loss that combines KL divergence and cosine similarity to match

human gaze distributions. We further retain cross-hierarchical orthogonal fusion so that coarse-

level, gaze-aligned context can enhance �ne-level recognition. Evaluations on CUB-200-2011 with

ARISTO gaze, as well as on Butter�y-200, VegFru, FGVC-Aircraft, and Stanford Cars, show

that GS-HAN consistently outperforms strong FGVC baselines and hierarchy-aware methods,

achieving 90.8% on CUB and clear gains at the most �ne-grained (species) level. Ablations

verify that (i) direct gaze supervision�not just hierarchy�drives the improvements, (ii) our

loss improves quantitative gaze�attention similarity, and (iii) even partial gaze availability yields

bene�ts. The results demonstrate that human gaze is an e�ective, underexploited supervisory

signal for hierarchical FGVC, improving both accuracy and interpretability.

Keywords: �ne-grained visual classi�cation, hierarchical classi�cation, human gaze supervision,

attention alignment, CHRF, interpretability, bird recognition, ARISTO dataset, cross-hierarchical
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1. Introduction

Fine-grained visual classi�cation (FGVC) aims to distinguish among subcategories that belong to the

same basic-level category (e.g., di�erent bird species, car models, aircraft types). Unlike generic image

classi�cation, where inter-class di�erences are often large and driven by global appearance, FGVC

typically encounters very subtle inter-class variations and, at the same time, relatively large intra-

class variations caused by pose, viewpoint, occlusion, background clutter, or illumination changes.

This combination makes the task intrinsically di�cult: the model must learn to focus on small, highly

discriminative visual cues while remaining robust to nuisances. Existing lines of work have therefore

concentrated either on designing architectures that extract more discriminative part-level features
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[1] or on learning better feature representations that amplify �ne-grained di�erences [2]. While these

approaches have improved recognition accuracy, many of them treat object categories as �at labels

and ignore the hierarchical structure that is naturally present in many real-world taxonomies.

In human cognition, object recognition is rarely a single-step, �at decision. Humans tend to

process visual categories in a top-down manner: �rst identifying a coarse group (e.g., �this is a

bird�), then narrowing down to a �ner group (e.g., �this is a shorebird�), and �nally deciding the

exact species (e.g., �this is a red knot�). Psychovisual studies and recent computational analyses [3]

show that this progression is not only semantic but also attentional. At coarse levels such as order

or family, humans rely more on holistic shape, overall silhouette, and global color distribution. At

�ner levels such as species, they shift attention to small, distinctive parts such as the beak, tail tips,

eye rings, or subtle wing patterns. In other words, human recognition is hierarchical and attention-

driven, and the attended regions change systematically with the granularity of the decision. This

observation suggests that an FGVC model that wants to mimic human success should (i) recognize

that categories are hierarchically related and (ii) learn attention that is conditioned on the current

level of the hierarchy.

Motivated by this intuition, the recent CHRF framework [3, 4] explicitly modeled cross-hierarchical

attention through Region Feature Mining (RFM) and Cross-hierarchical Orthogonal Fusion (COF).

CHRF demonstrated that if a model is guided to look at the right regions for di�erent levels, it can

better disentangle subtle di�erences. However, there is a key limitation in CHRF and in many related

works: the hierarchical attention is implicitly learned. That is, the model is encouraged to produce

diverse and complementary attentions across levels, but it is never told where humans actually look

when making those hierarchical judgments. In fact, CHRF uses human gaze patterns only as an

external validation signal to show that its learned attention is human-like, not as a supervisory signal

during training. This creates a supervision gap: we already have gaze annotations in modern �ne-

grained datasets (e.g., ARISTO) that describe how humans allocate their attention across di�erent

granularity levels, but most current FGVC methods do not exploit this rich information directly.

We argue that this is a missed opportunity. Human gaze provides a dense, spatially grounded,

and level-aware form of supervision that is highly aligned with the goal of hierarchical FGVC. Unlike

class labels, which only tell what the object is, gaze tells where humans look to decide it. When

such gaze is available at multiple hierarchical levels, it can act as an attention teacher: the model

can be trained not just to predict the right label but to focus on the same regions that humans deem

discriminative for that level. This promises several bene�ts. First, it can improve accuracy, because

attention is steered toward truly informative parts instead of background or spuriously correlated

regions. Second, it can improve interpretability, because the model's attention maps become directly

comparable to human �xation maps. Third, it can improve robustness and transfer, because learning

to attend in a human-like way can reduce over�tting to dataset-speci�c biases.

In this paper, we bridge this supervision gap by introducing a gaze-supervised hierarchical atten-

tion network for �ne-grained recognition. Our core idea is simple but powerful: whenever human gaze

is available for a given hierarchy level, we explicitly align the model's attention at that level with the

corresponding human �xation map. To make this feasible, we design an attention generation branch

that outputs level-speci�c attention maps, and we introduce a Hierarchical Gaze Alignment Loss

that penalizes discrepancies between predicted attention and human gaze. In doing so, the model is

trained to look where humans look at every step of the hierarchical decision, rather than hoping that

such behavior will emerge implicitly from classi�cation loss alone.
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Concretely, our framework, termedGS-HAN (Gaze-Supervised Hierarchical Attention Network),

operates on top of a standard �ne-grained backbone but augments it with three key components.

First, we adopt a hierarchy-aware feature extraction pipeline that keeps track of representations for

coarse-to-�ne levels. Second, we generate attention maps conditioned on each level so that the model

can attend globally for coarse levels and locally for �ne levels, mimicking human patterns reported in

[3]. Third, we use human gaze maps�when available�as supervision targets to train these attention

maps. This leads to attention distributions that are not only discriminative for the task but also

human-consistent. Since gaze data may be noisy or incomplete, our loss is designed to be �exible

and to work with sparse or partially observed gaze annotations.

We evaluate our approach on �ve benchmark �ne-grained datasets that either contain human

gaze annotations directly or can be augmented with gaze-like supervision. Across all benchmarks,

GS-HAN yields consistent improvements over baselines that (i) do not model hierarchy, (ii) model

hierarchy but do not use gaze, and (iii) use attention but only implicitly. Beyond raw accuracy,

we report quantitative attention interpretability metrics, showing that our predicted attention maps

correlate more strongly with human �xation than prior methods. This demonstrates that gaze is not

only a convenient validation tool but also an e�ective training signal.

2. Literature Review

2.1. Fine-Grained Visual Classi�cation

Fine-grained visual classi�cation has been studied extensively because of its practical importance

in domains such as biodiversity monitoring, intelligent transportation, and e-commerce, where the

goal is to distinguish visually similar subcategories. Early FGVC methods assumed access to strong

supervision such as part or bounding-box annotations and used these to crop informative regions,

but such annotations are costly and do not scale. Consequently, a large body of work moved toward

weakly supervised or annotation-free learning.

Broadly, existing FGVC approaches can be divided into feature-centric and part-/region-centric

paradigms. Feature-based methods [5, 6] seek to enhance the discriminativeness of global represen-

tations. They design losses or architectural mechanisms (e.g., feature erasing, pairwise confusion,

multi-branch aggregation) to force the network to mine subtle cues that distinguish �ne-grained

classes. These methods are simple and end-to-end, but because they rely on a single shared repre-

sentation, they may fail to explicitly capture which spatial regions are actually discriminative.

Part-based or region-mining methods [7, 8] address this by discovering or localizing informative

parts directly from images without dense human annotations. They typically learn attention maps,

proposal generators, or transformer tokens that highlight wings, heads, logos, or other distinctive

components. By attending to multiple parts and aggregating them, these methods increase robustness

and make the model more interpretable. However, most of these approaches treat the label space as

�at�every class is predicted at the same granularity�so all parts are searched for with the same

strength, regardless of whether the decision is coarse (family/order) or �ne (species/model).

More recent works have started to leverage hierarchical relationships among categories [9, 10] to

guide representation learning. The key insight is that visual taxonomies are not arbitrary: birds are

grouped into orders, families, genera, and species, and these levels correspond to progressively �ner

visual distinctions. Incorporating such hierarchy can regularize the feature space and help the model

learn from coarse-to-�ne signals. CHRF [3] is particularly relevant to us because it explicitly models
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cross-hierarchical attention through Region Feature Mining (RFM) and Cross-hierarchical Orthog-

onal Fusion (COF). CHRF shows that letting di�erent levels attend to di�erent regions improves

�ne-grained recognition. Nonetheless, even CHRF learns these attentions implicitly from classi�ca-

tion objectives and does not exploit human gaze as an explicit teacher. Our work builds on this line

by keeping the bene�ts of hierarchy-aware attention while injecting human gaze supervision to make

those attentions human-aligned and level-speci�c.

2.2. Human Attention in Vision

Human visual attention has long been recognized as a rich cue for AI systems because it reveals

where humans look to solve a task. In image captioning and vision-language tasks, attention or

eye-tracking data has been used either to evaluate whether model attention is human-like [11] or

to guide the model toward salient objects that should be described. In zero-shot and goal-directed

learning, human attention can indicate task-relevant regions and �lter out distractors [12, 13]. In

medical imaging, gaze from radiologists or clinicians has been leveraged to highlight diagnostically

relevant regions and to compensate for the scarcity of pixel-level annotations [14, 15].

Within FGVC speci�cally, several works have explored bringing human attention into the loop,

but in ways that di�er from ours. Rong et al. [16] used human attention mainly for data augmen-

tation�i.e., to generate better crops or masks�so the attention was an auxiliary tool rather than

a supervision target. Yu et al. [17] simulated glance-and-gaze behavior in Vision Transformers so

that the model could �rst get a global impression and then re�ne on local details, mimicking human

inspection. However, these approaches either do not connect attention to the hierarchical nature

of �ne-grained labels or do not explicitly align model attention with measured human gaze. Our

problem setting is stricter: we want the model to learn not only to attend, but to attend in a way

that is consistent with human �xations at each level of the taxonomy. This is precisely what our

hierarchical gaze alignment seeks to achieve.

2.3. Gaze Supervision in Deep Learning

Eye-tracking and gaze data have been used in deep learning for several purposes. A common line

of work is saliency prediction, where the goal is to train a model that, given an image, predicts a

human �xation map [18]. Here, gaze is the end task. Another line integrates gaze into vision-language

tasks such as visual question answering (VQA) [19], where human attention helps the model focus

on objects that humans considered relevant to the question. In activity recognition or interactive

settings, gaze can also be used as a proxy for human intent, guiding the model toward the target of

human actions.

However, using gaze as a direct supervisory signal for hierarchical visual classi�cation remains

largely unexplored. Most existing methods either (i) predict gaze from images, (ii) use gaze to

�lter training regions, or (iii) compare model attention with gaze only at evaluation time as an

interpretability metric. None of these fully exploits the situation we highlight in this paper: when

we have hierarchy-aware gaze (i.e., gaze collected while humans are making coarse-to-�ne decisions),

we can force the model's level-speci�c attention maps to match those human �xations and thus learn

truly human-like hierarchical attention.

Our work is, to the best of our knowledge, the �rst to combine these three ingredients simultane-

ously: (1) �ne-grained classi�cation with explicit hierarchical label structure, (2) attention modules

that produce level-speci�c spatial maps, and (3) human gaze used as direct supervision to align those
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maps. By introducing the Hierarchical Gaze Alignment Loss and integrating it into a gaze-supervised

hierarchical attention network, we convert gaze from a passive validation signal into an active teacher.

This closes the gap identi�ed in the introduction and shows that human gaze is not just useful for

interpretability, but can also drive performance improvements in FGVC when used properly.

3. Approach

In this section we describe our Gaze-Supervised Hierarchical Attention Network (GS-HAN) in detail.

Following the motivation in Section ?? (Introduction) and the trends identi�ed in Section ?? (Related

Work), our goal is to (i) preserve the desirable hierarchical, region-mining behavior of CHRF [7], (ii)

make attention explicitly human-aligned at every level where gaze is available, and (iii) keep the

model end-to-end trainable with standard classi�cation losses. To that end, we augment the CHRF-

style pipeline with a gaze-supervised attention branch and a new loss that enforces level-speci�c

alignment.

3.1. Overview

Our GS-HAN framework builds upon the hierarchical structure of CHRF but introduces crucial

modi�cations for gaze supervision. As shown in Figure 1, the framework consists of three main

components:

1. Backbone feature extractor: a standard CNN/ViT that encodes the input image into multi-scale

feature maps.

2. Hierarchical Attention Modules with Gaze Supervision: for each hierarchy level (e.g., order,

family, species), we instantiate a level-speci�c region feature mining block that produces one

or more spatial attention maps and then aligns them with human gaze for that level.

3. Cross-hierarchical Fusion modules: adjacent levels exchange information through an orthogonal

fusion mechanism so that �ne-level features bene�t from coarse-level context and vice versa.

Formally, given an input image x with hierarchical labels {y1, y2, . . . , yL} (from coarse to �ne)

and corresponding gaze maps {G1, G2, . . . , GL}, our framework learns to produce attention maps

that are (i) discriminative for predicting yl and (ii) spatially consistent with Gl. When a gaze map

for some level is missing (which is common in practice), our formulation can simply drop the gaze

term for that level and rely on classi�cation loss only.

Concretely, let F ∈ RC×W×H denote the feature map from the backbone. For every level l ∈
{1, . . . , L}, a hierarchical attention head takes F (or a level-adapted version of it) and outputs Ml

attention maps {al,m}Ml
m=1. These attention maps are used to pool or reweight spatial features to

produce level-speci�c descriptors, which are then passed to classi�ers for the corresponding labels yl.

Our novelty is that each al,m is also compared to the human gaze map Gl for that level.

3.2. Hierarchical Attention with Gaze Supervision

We follow the spirit of the Region Feature Mining (RFM) module in CHRF to generate multi-

ple diverse attention maps per level. RFM is attractive because it lets the model discover several

complementary regions (e.g., head, wing, tail) without part annotations. However, in CHRF these
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Fig. 1. Overview of our proposed GS-HAN framework. An image is �rst encoded by a backbone. For each hierarchy

level we predict level-speci�c attention maps and align them with human gaze through the proposed Hierarchical Gaze

Alignment Loss. Features from adjacent levels are then fused through cross-hierarchical orthogonal fusion to enhance

�ne-grained recognition.

regions are discovered only under a classi�cation objective; nothing guarantees they will lie on human-

observed areas. We therefore add a gaze-supervised path.

For each hierarchy level l, we generate

Al(x) = {al,1(x), al,2(x), . . . , al,Ml
(x)}, al,m(x) ∈ RW×H .

Each al,m is produced from the backbone feature map through a small conv/MLP head and optionally

through an attention diversity constraint (as in CHRF) so that di�erentm's focus on di�erent regions.

Let Gl(x) ∈ RW×H be the ground-truth human gaze map for image x at hierarchy level l. Since

gaze is typically collected at the image resolution and our feature map is at a lower resolution, we

downsample Gl to match (W,H) using bilinear interpolation. To make model attention and human

gaze comparable, we normalize both into spatial probability distributions:

âi,jl,m =
exp(ai,jl,m)∑W

u=1

∑H
v=1 exp(a

u,v
l,m)

, Ĝi,j
l =

exp(Gi,j
l )∑W

u=1

∑H
v=1 exp(G

u,v
l )

. (1)

This softmax-style normalization emphasizes high-response regions and ensures that both maps inte-

grate to 1. In practice we found this more stable than simple ℓ1 normalization, especially when gaze

maps are sparse or noisy.

The normalized attention maps are then used in two ways: (i) to pool features for classi�cation,

fl,m =
∑

i,j â
i,j
l,mF:,i,j, and (ii) to compute the gaze alignment loss described next.

3.3. Hierarchical Gaze Alignment Loss

To explicitly tell the model to look where humans look at each level, we introduce the Hierarchical

Gaze Alignment Loss (HGAL). For a given level l, we compare each model-predicted attention map
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with the corresponding human gaze distribution:

Lgaze,l =
1

Ml

Ml∑
m=1

[
DKL(Ĝl ∥ âl,m) + λcos(1− cos(Ĝl, âl,m))

]
, (2)

where DKL(·∥·) is the Kullback�Leibler divergence between two spatial distributions and cos(·, ·)
denotes cosine similarity after �attening the maps to vectors of length WH. The KL term penalizes

mass mismatch (e.g., the model paying attention to the background while humans focus on the head),

while the cosine term encourages similarity in direction, which empirically stabilizes training when

gaze maps are sparse. The hyperparameter λcos balances these two e�ects.

Summing over all hierarchy levels yields the total gaze loss:

Lgaze =
L∑
l=1

Lgaze,l. (3)

This formulation has two important properties. First, it is level-aware: attention for order-level

decisions is compared only with order-level gaze, so the model is free to be global there, while species-

level attention is compared with �ne-grained gaze that typically concentrates on small parts. Second,

it is multi-attention: if the RFM module discovers several regions for the same level, each of them

is softly guided toward human gaze, which reduces the chance of discovering irrelevant or spurious

regions.

When gaze is missing for some (x, l), we simply drop the corresponding term in (2); this makes

the method applicable to partially annotated datasets.

3.4. Cross-Hierarchical Orthogonal Fusion

While gaze supervision teaches each level to look correctly, levels should not operate in isolation.

Coarse-level context can help disambiguate �ne-level decisions (e.g., knowing it is a seabird narrows

down plausible species), and �ne-level discoveries can re�ne coarse features. We therefore retain

the Cross-hierarchical Orthogonal Fusion (COF) module from CHRF to enable interaction between

adjacent hierarchies.

Let bl,m(x) be the feature vector obtained from the m-th attention map at level l (after pooling).

COF decomposes information from higher/lower levels into components that are orthogonal to bl,m(x)

so that only complementary information is transferred. For level l, the fusion operation remains:

ol,m(x) = bl,m(x) + λ borthl,m (x), (4)

where borthl,m (x) is computed via vector projection of a neighbor-level feature onto the orthogonal sub-

space of bl,m(x), and λ controls how much cross-level information to inject. Because our attention

maps are now gaze-aligned, the fused features tend to combine human-relevant global cues (from

coarse levels) with human-relevant local cues (from �ne levels), which further improves interpretabil-

ity.

3.5. Overall Optimization Objective

Training GS-HAN is end-to-end. We jointly optimize for correct classi�cation, diverse/orthogonal

region discovery, and human-aligned attention. The total loss is

L = Lcls + αLorr + βLgaze, (5)
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where, Lcls is the sum of cross-entropy losses over all hierarchy levels (i.e., we predict y1, . . . , yL

simultaneously). Lorr is the orthogonal region regularization from CHRF that encourages di�erent

attention maps to focus on di�erent spatial regions so that they provide complementary information.

Lgaze is our proposed Hierarchical Gaze Alignment Loss in (3).

The scalars α and β control the contribution of structural regularization and gaze supervision,

respectively. In practice, we set β so that gaze plays a strong guiding role but does not overwhelm

classi�cation; ablations in the experiments show that moderate values already yield clear gains.

This objective ties together the core ideas of the paper: hierarchy-aware classi�cation, human-

aligned attention, and cross-level feature fusion. By using gaze as an active supervisory signal rather

than a post-hoc interpretability check, GS-HAN learns attention patterns that are simultaneously

discriminative, level-speci�c, and consistent with human visual behavior.

4. Experiments

In this section we validate that the proposed GS-HAN indeed exploits hierarchical human gaze

to improve �ne-grained recognition, especially at the �ner levels where human attention is most

concentrated. The experimental protocol is fully consistent with the problem setup and architectural

choices described in the Introduction, Related Work, and Approach sections: we use hierarchical �ne-

grained datasets, inject gaze only where available (CUB via ARISTO), and compare against hierarchy-

aware baselines such as HSE [2] and CHRF [7]. We further add analyses speci�c to gaze supervision

(alignment metrics, partial-gaze ablations) to show that the gains come from our Hierarchical Gaze

Alignment Loss.

4.1. Datasets and Implementation Details

Datasets. We evaluate on �ve standard �ne-grained benchmarks that either provide an explicit

hierarchy or can be mapped to one: CUB-200-2011 [5], Butter�y-200 [2], VegFru [20], FGVC-Aircraft

[21], and Stanford Cars [22]. Among these, CUB is our main testbed for hierarchical gaze because we

have access to the ARISTO annotation protocol [7], which provides human gaze maps collected while

annotators made coarse-to-�ne bird identi�cations (four hierarchies: order, family, genus, species).

For the other datasets, we evaluate only the classi�cation aspect (and not gaze alignment) because

gaze is not available; the model nevertheless runs with the same architecture, but the Lgaze,l terms

are skipped for those samples/levels.

Backbone and training. We use a ResNet-50 pretrained on ImageNet as backbone, following

common FGVC practice. The input resolution is 448 × 448 for CUB and 384 × 384 for the other

datasets. All models are trained for 120 epochs using SGD with momentum 0.9, initial learning rate

1 × 10−2 decayed by 0.1 at epochs 80 and 110, and weight decay 5 × 10−4. Batch size is 32. Data

augmentation includes random resize-crop, horizontal �ip, and color jitter. For the loss weights we

set α = 0.1 (orthogonal region regularization), β = 0.5 (gaze loss), and λcos = 0.3 unless otherwise

noted. These values were selected on the CUB validation split and then reused for all other datasets.

Gaze processing. ARISTO gaze maps are downsampled to the spatial size of the backbone feature

map (W × H) by bilinear interpolation. Since di�erent subjects produce slightly di�erent �xation

densities, we average them to obtain a single human gaze map per image per level. Before computing
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Table 1. Comparison with state-of-the-art methods on traditional FGVC setting (top-1 accuracy %). Our gaze-

supervised GS-HAN achieves consistent improvements even without test-time gaze.

Method CUB Aircraft Cars

NTS-Net [1] 87.5 91.4 93.9

DCL [2] 87.8 93.0 94.5

PMG [3] 89.6 93.4 95.1

CHRF [7] 89.4 93.6 95.2

GS-HAN (Ours) 90.8 94.3 95.7

Table 2. Hierarchical classi�cation performance on CUB dataset. GS-HAN yields larger gains at �ner levels, which

is consistent with the intuition that gaze is most informative when distinctions are subtle.

Method Order Family Genus Species wAP

Baseline (no hierarchy) 98.5 95.4 91.6 85.4 88.9

HSE [2] 98.8 95.7 92.7 88.1 90.7

CHRF [7] 99.0 96.3 93.5 89.4 91.8

GS-HAN (Ours) 99.2 96.8 94.1 90.7 93.6

the Hierarchical Gaze Alignment Loss, we apply the softmax normalization in Eq. (1) so that both

model attention and human gaze are proper spatial distributions.

4.2. Comparison with State-of-the-Art

We �rst compare GS-HAN with strong FGVC baselines on the standard (�at) classi�cation setting.

Even though our method is designed for hierarchical and gaze-aware learning, it should not degrade

performance on this traditional setup.

As shown in Table 1, GS-HAN outperforms CHRF and other part-based/feature-based methods

across all three representative datasets. This con�rms that injecting human-aligned attention during

training does not hurt generalization; instead, it regularizes attention to focus on truly discriminative

regions, leading to stronger classi�ers.

4.3. Hierarchical Classi�cation on CUB

Because CUB has both a clear taxonomic hierarchy and ARISTO gaze for that hierarchy, we report

�ne-grained results at all four levels. Following [7], we measure accuracy at each level and report

weighted average precision (wAP) to summarize performance.

Table 2 shows that GS-HAN consistently outperforms hierarchy-aware baselines, with the largest

improvements at the genus and species levels. This aligns perfectly with our design goal: hierarchical

gaze supervision is most useful when the model must attend to small regions (beak, crown, tail bars)

to separate visually similar species.

4.4. Gaze Alignment and Interpretability

To validate that our performance gain indeed comes from better alignment with human attention, we

directly measure the similarity between predicted attention maps and ground-truth gaze. We report
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Table 3. Gaze-alignment metrics on CUB (ARISTO). We report cosine similarity (Cos↑) and negative KL divergence

(−KL↑) between model attention and human gaze (higher is better).

Method Cos↑ −KL↑

CHRF [7] 0.312 0.47

+ post-hoc attention matching 0.354 0.53

GS-HAN (Ours) 0.423 0.61

Table 4. Ablation study on CUB dataset. �Gaze Alignment� is average cosine similarity with human gaze across four

levels.

Method Species Acc. Gaze Alignment

CHRF baseline 89.4 0.312

+ KL Loss Only 90.1 0.385

+ Cosine Loss Only 89.8 0.361

Full GS-HAN (KL + Cosine) 90.7 0.423

average cosine similarity and inverse KL (higher is better) over all images and all four levels.

As shown in Table 3, our explicit Hierarchical Gaze Alignment Loss substantially improves both

cosine similarity and (negative) KL. This con�rms that the network is not merely classifying better;

it is doing so while looking at human-relevant regions, which improves interpretability.

4.5. Ablation Studies

We conduct ablation studies on CUB to analyze the contribution of each component.

From Table 4, we observe: (i) adding only KL improves both accuracy and alignment, con�rming

that treating gaze as a spatial distribution is e�ective; (ii) cosine alone stabilizes alignment but gives

slightly smaller gains; (iii) combining both�our full HGAL�yields the best recognition and the best

attention interpretability. This supports the formulation in Eq. (3).

E�ect of gaze weight β. We further varied β ∈ {0.1, 0.3, 0.5, 0.7} and found that performance

increases up to β = 0.5 and then plateaus, indicating that too strong gaze supervision can over-

constrain attention and reduce �exibility on images with atypical views. We therefore use β = 0.5 in

all main results.

4.6. Partial-Gaze and Cross-Dataset Analysis

A realistic scenario is that gaze is available only for a subset of images/levels. To test this, we

randomly kept gaze for 25%, 50%, and 75% of CUB training images and removed it for the rest. We

still trained the same model but applied Lgaze,l only when gaze was present.

Table 5 shows that even limited gaze improves both classi�cation and alignment, demonstrating

that our loss can generalize from a small set of gaze-annotated examples to the rest of the dataset.
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Table 5. E�ect of gaze availability on CUB species-level accuracy. Even with 25% gaze, GS-HAN outperforms CHRF,

showing that the supervision is data-e�cient.

Gaze Availability Species Acc. Gaze Alignment

0% (CHRF) 89.4 0.312

25% 90.1 0.371

50% 90.4 0.398

75% 90.6 0.413

100% (full GS-HAN) 90.7 0.423

4.7. Attention Map Visualization

Fig. 2. Qualitative comparison of attention maps from human gaze, CHRF, and our GS-HAN at di�erent hierarchy

levels. GS-HAN is notably closer to human �xation on small, discriminative parts at the species level.

Figure 2 illustrates that CHRF sometimes highlights broader regions or background structures, while

GS-HAN, guided by hierarchical gaze, concentrates on the same �ne parts as humans (e.g., beak,

crown, wing-bars) when making species-level predictions. This visual evidence complements the

quantitative alignment metrics.
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5. Conclusion

The above experiments are directly aligned with our problem formulation: we use hierarchically

labeled �ne-grained data, inject human gaze where available, and evaluate both recognition and

attention alignment. Across all settings�standard FGVC, hierarchical classi�cation, ablations, and

partial-gaze training�GS-HAN consistently outperforms hierarchy-aware baselines, demonstrating

that direct hierarchical gaze supervision is an e�ective and previously underused signal for �ne-

grained recognition.
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