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Abstract

Gaze target estimation aims to infer the position of
a person’s gaze within a scene. Within mainstream
design logic, multi-branch methods require extra
supervision and annotations, while streamlined de-
signs prioritize low-level visual saliency over true
gaze intent. The former leads to a high annotation
burden and hinders domain transfer, whereas the
latter causes misalignment between predicted atten-
tion and actual gaze targets. To address this issue,
we propose TextGaze, a unified cross-modal ar-
chitecture that leverages a Large Vision-Language
Model (LVLM) as scalable semantic guidance to
balance the two design paradigms. The model ex-
tracts visual features from a frozen encoder and
utilizes an LVLM to obtain gaze-aligned textual
cues. We design a transformer-based fusion mod-
ule with hierarchical text supervision to preserve
task semantics. Lightweight decoding heads enable
the joint prediction of gaze heatmaps and in-/out-
of-frame status. We evaluate our method on four
mainstream datasets, and the results show com-
petitive performance across key metrics with ro-
bust cross-dataset generalisation without extra fine-
tuning. Overall, we provide a streamlined alter-
native to traditional designs and highlight the po-
tential of LVLMs as accessible auxiliary guidance
for gaze estimation. All contents are available at:
https://github.com/idremo/TextGaze-1JCAI2026.

1 Introduction

Gaze target estimation [Recasens et al., 2017; Chong et al.,
2018; Miao et al., 2023; Ryan et al., 2025; Liu et al., 2024]
is a task in computer vision that aims to predict a person’s
gaze direction in a scene or determine if the gaze target lies
within the image. As human gaze is a fundamental non-
verbal cue reflecting attention allocation, intent, and cogni-
tive state [Eckstein et al., 2017], it is essential for human
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Figure 1: Pipelines for gaze target estimation. (a) Multi-branch
methods [Chen et al., 2021] suffer from slow convergence due to
increased structural complexity. (b) Prompt-tuning method [Ryan
et al., 2025] encounter semantic defocus as they struggle to iso-
late task-relevant saliency via positional prompts. By contrast, our
method (c) leverages accessible scene-level text to achieve precise
semantic focus on the gaze target.

behavior understanding [Li er al., 2023b; Li er al., 2025;
Li et al., 2026; Wang et al., 2024b], with broad applica-
tions in human-computer interaction [Katsini et al., 2020;
Wang et al., 2026; Chen et al., 2025], extended reality [Sitz-
mann et al., 2018], and education [Wang et al., 2025].

In multi-branch methods, the classical architecture is the
dual-stream appearance-based design [Chong et al., 2018;
Lian et al., 2018; Chong et al., 2020; Wang et al., 2024al.
In these designs, the head stream localizes the subject, and
the scene stream encodes contextual visual information. Be-
cause purely visual information is insufficient to enhance ef-
fects, this paradigm has evolved into multi-branch frame-
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works that incorporate auxiliary cues. These include head
features [Chen et al., 20211, scene context [Saran et al.,
2018], depth [Bao er al., 2022], and pose [Gupta et al., 2022].

Although these designs enrich visual representations, they
introduced the slow convergence problem [Ryan ef al., 2025]
as adding an extra branch requires additional task-specific
supervision beyond gaze annotations. As the number of
branches increases, it not only increases the annotation bur-
den and subjectivity but also complicates deployment and
hinders domain transfer. More fundamentally, these systems
function as post-processing geometric filters. They are ca-
pable of eliminating illogical regions but cannot reason about
which objects constitute valid gaze targets. Consequently, the
problem of semantic under-specification remains unresolved.

To simplify such complex architectures, recent work has
introduced prompt-tuning methods based on foundation mod-
els. Gazelle [Ryan et al., 2025] replaces person-specific scene
re-encoding and handcrafted fusion with a unified decoder
conditioned on a head position prompt, thereby addressing
the need to integrate head information with global scene cues
while avoiding multi-branch designs. This strategy substan-
tially reduces architectural complexity and improves conver-
gence behavior. However, the performance of such methods
is heavily influenced by the base scene encoder and remains
constrained by geometric conditions. Head position prompts
also fail to provide effective information regarding task se-
mantics. Therefore, the reasoning process is still largely in-
fluenced by low-level appearance heuristics (such as spatial
proximity and visual salience), leading to semantic defocus in
Figure 1, where predicted attention contradicts the subject’s
actual gaze intention.

Gaze following is inherently an intent-level reasoning
problem rather than a purely geometric regression task. Cog-
nitive studies [Mayrand et al., 2024] show that human gaze
integrates spatial cues with semantic judgments of meaning-
ful targets and mental-state reasoning about target visibility.
Yet existing models emphasize geometric signals and largely
neglect task-level semantics, highlighting the need for acces-
sible semantic priors that can guide gaze inference without
reintroducing multi-branch complexity.

With the rise of large language models and LVLMs [Bai
et al., 2025; Wang et al., 2024¢], the capabilities of LVLMs
are being recognized across various fields. LVLMs offer
robust zero-shot capabilities for extracting contextual visual
cues [Gupta ef al., 2024] and alleviate vision-dominated se-
mantic underspecification by framing gaze estimation as a
top-down, semantics-guided attention task. Compared to spe-
cialized, multi-branch architectures, LVLMs offer a more
scalable and streamlined approach to acquiring auxiliary vi-
sual information. Their text tokens encode abstract concepts,
such as objects and actions, serving as differentiable, high-
level priors [Bi et al., 2025]. These priors are guided by
carefully designed visual prompts that specify task objec-
tives. They constrain the solution space, improve adapta-
tion to complex scenes, and eliminate the need for redundant
branches and extra annotations. This mitigates the imbalance
in the multi-branch semantic compensation cost.

Building on these insights, we introduce TextGaze, a uni-
fied trainable decoder that integrates LVLMs, scene encod-

ing, and visual-text fusion. The model adopts a dual-stream
design, shifting gaze estimation from direct geometric regres-
sion (pixels to gaze coordinates) to an intent-recognition pro-
cess via a semantic layer (pixels to semantic intent to gaze
target). One stream uses an LVLM with a BERT encoder to
generate textual descriptions of subject behavior and plausi-
ble targets, yielding semantically enriched visual-text embed-
dings; the other extracts fine-grained scene cues via a frozen
scene encoder and utilizes positional head prompting to en-
hance character positioning and facial cues. These comple-
mentary streams are fused by a Visual-Text Fusion Trans-
former for context-aware, cross-modal gaze estimation. To
enhance model capability and robustness, we devise multiple
lightweight and effective optimization strategies. Based on
our design implementations, TextGaze strikes a balance be-
tween multi-branch methods and streamlined designs. And
TextGaze achieves the best performance on the majority of
evaluation metrics, validating the effectiveness of our fusion
strategy.
In summary, the main contributions of this paper are:

* We introduce textual scene cues into gaze target estima-
tion, providing auxiliary information to mitigate the is-
sue of semantic defocus in the gaze decoder.

* We strengthen the GazeFollow and VideoAttentionTar-
get benchmarks by integrating scene-target-person at-
tention fields with LVLM-oriented prompts; this ap-
proach generates robust contextual cues that effectively
improve the accuracy of text-aided gaze estimation.

e We design a unified dual-stream cross-modal fusion
framework that combines textual embeddings with fine-
grained visual representations, improving spatial reason-
ing, scene adaptability, and mimicking human top-down
attention.

2 Related Work
2.1 Gaze Target Estimation

Gaze target estimation [Recasens er al., 2015; Recasens et
al., 2017; Lin et al., 2025; Liu et al., 2024; Ryan et al.,
2025] aims to predict the location a person is looking at in
a scene image [Recasens er al., 2015] or video frame [Re-
casens et al., 2017]. The straightforward pipeline is the dual-
stream approach, where one stream focuses on scene under-
standing and the other learns head features from cropped re-
gions via off-the-shelf detectors [Lin et al., 2025]. This de-
sign addresses the core requirements of locating individuals
and learning visual scene features, but falls short of outstand-
ing performance due to its sole reliance on visual appearance.
Subsequently, multi-branch architectures are proposed to cap-
ture diverse auxiliary cues (e.g., facial or head features [Chen
et al., 20211, scene context [Saran et al., 2018], depth struc-
tures [Bao et al., 2022], pose information [Gupta et al., 2022],
and eye [Fang et al, 2021]), with multi-modal fusion be-
coming key for performance gains. However, complex multi-
branch designs suffer from diminishing returns and high data
acquisition costs, driving efforts to streamline architectures.
Recently, the prompt-tuning method Gaze-LLE [Ryan et al.,
2025] proposed to leverage visual foundation models for gaze
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prediction via positional head prompt. However, it still faces
challenges in explicit visual modeling and task-relevant se-
mantic focus. To address these issues, we propose TextGaze,
a framework that leverages accessible, interpretable auxiliary
semantic cues, enabling high-performance gaze target estima-
tion through effective cross-modal fusion.

2.2 Large Vision Language Models

Large Vision Language Models (LVLMs) [Radford et al.,
2021; Li et al., 2023a; Yang et al., 2023] have become a cen-
tral paradigm for multimodal visual understanding [Li et al.,
2023c; Li et al., 2023d]. Models such as CLIP [Radford et al.,
2021], Claude [Priyanshu et al., 2024], and GPT-4V [Yang
et al., 2023] exhibit strong multimodal reasoning capabili-
ties and achieve competitive or superior performance to clas-
sical vision models in zero-shot classification. Their archi-
tectures increasingly rely on pre-trained large language mod-
els to align visual and textual representations [Grattafiori et
al., 2024], supported by components such as vision encoders,
text encoders, decoders, and cross-attention modules. Recent
advances further strengthen cross-modal fusion by unifying
modalities into tokenized streams [Wang et al., 2024¢] or em-
ploying transfusive mechanisms [Zhou et al., 2024]. In our
work, LVLMs are used not as task solvers but as generators
of structured visual auxiliary information for gaze target es-
timation. The LVLM-derived descriptions are embedded to-
gether with images into a joint representation space. A fused
transformer with hierarchical fine-grained supervision is then
applied to integrate these signals. This design significantly
enhances cross-modal fusion and yields strong performance
on gaze target estimation benchmarks.

3 Methodology

3.1 Problem Formulation and Notation

Gaze target estimation [Recasens ef al., 2017; Ryan et al.,
2025] aims to predict a heatmap that indicates the per-pixel
probability of the gaze target. Formally, given an RGB im-
age Iy, € RHEinxWinx3 and the bounding box of the target
person’s head @y, , represented by length-4 coordinates, the
model predicts a 2D gaze heatmap Ij,cq¢ € [0, 1]H>*W . If
an in-/out-of-frame estimation task (e.g., VideoAttentionTar-
get and ChildPlay benchmarks) is included, the model should
predict a scalar probability p, €10, 1].

3.2 Model Architecture

An architecture overview of the proposed method is shown in
Figure 2. It consists of three core components: Textual Scene
Cues (§3.3), which extracts attention-aware textual cues from
a frozen LVLM. Feature token sequence processing (§3.4),
responsible for enhancing visual features, embedding posi-
tional information, and constructing token sequences for fu-
sion. Cross-modal fusion and prediction (§3.5), which inte-
grates the visual and textual sequences through fusion trans-
former blocks and produces a heatmap and in/out predictions.
Below, we detail each component.

3.3 LVLM-based Textual Scene Cues Module

Obtaining semantically rich textual cues that align with vi-
sual focus is a key component of our design. We incorporate

a frozen LVLM L into our design to accomplish this task.
Specifically, we adopt Qwen2.5-VL-7B-Instruct in our exper-
iments, while the framework is backbone-agnostic and com-
patible with any multimodal model supporting joint image-
text prompting. Leveraging the zero-shot contextual reason-
ing and visual grounding ability of modern LVLMs, we de-
sign task-specific prompts to guide £ in producing structured
descriptions of the subject’s appearance, behavior, and coarse
gaze orientation. Instead of directly localizing gaze targets,
which is unreliable in out-of-frame cases, this design gener-
ates context-aware auxiliary cues that remain effective across
diverse scenarios.

The natural language outputs of £ are encoded by a frozen
text encoder, BERT-base-uncased in our implementation, into
dense embeddings S; € RTt>xd: where T, denotes the se-
quence length and d; the embedding dimension. These em-
beddings bridge high-level linguistic context and low-level
visual features, enabling effective cross-modal fusion. Over-
all, the prompt design and LVLM-based cues module pro-
vide a flexible and robust solution for gaze target estimation
in complex settings.

3.4 Feature Token Sequence Processing Module

This module prepares text and visual features for bimodal fu-
sion. For text processing, we augment the text feature se-
quence F; € RE+*? with learnable positional embeddings
PE,.;; € RY, obtaining Z; = F; + PE,,. For visual fea-
ture processing, we use a frozen DINOv2 encoder to extract
a visual feature map F,, € R¥*W>d_To enhance sensitivity
to the target person’s head, we incorporate head-region se-
mantic cues using a learnable head token embedding. Given
the head bounding box, we generate a downsampled binary
mask M € {0,1}7>W for the head region. We then add
a learnable head embedding Ej,.,q to the visual features via
masked modulation: Z, = F, + M - E},q4, Where - de-
notes broadcasted element-wise multiplication. The resulting
feature map is flattened into a sequence S, and absolute 2D
sinusoidal positional embeddings PE,, (fixed for the visual
feature size) are added to form S, = S, + PE,,.

For fusion, we concatenate the text and visual se-
quences to construct the bimodal fusion sequence Sy =
Concat(Ste, Sye). The concatenation is operated along the
token dimension. We record index boundaries to extract the
visual segment for subsequent prediction. For the in-/out-of-
frame classification task, a learnable token 2, /out € R? is

prepended, yielding Z;;,; € ROTHWFL:)xd,

Zjoint = [zin/outaz17z27"' Yy RHW , 21,22, " * 7th}' (1)

Z, Z

3.5 Cross-Modal Fusion and Prediction Module

During the design of cross-modal fusion modules, we ob-
served inherent challenges in vision-text fusion based on
transformers. Such models lack explicit hierarchical con-
straints, leading to an excessive focus on global token inter-
actions, resulting in representation drift across layers [Clark
et al., 2019; Raganato and Tiedemann, 2018]. In vision-
language settings, this manifests as token-level misalignment
between modalities [Lu et al., 2019]. During deep fusion,
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Figure 2: Overview of the proposed TextGaze. The diagram illustrates the end-to-end pipeline, including visual feature extraction via frozen
DINOV2, text feature processing with pre-trained BERT, cross-modal fusion through a 3-layer fusion transformer, and final prediction heads

for gaze heatmap and in/out status.

gaze-related textual semantics are gradually diluted. In the
absence of intermediate supervision, this discrepancy arising
from visual gaze cues and the a priori textual intent accumu-
lates layer by layer, ultimately leading to misalignment.

To address these issues, we design a three-layer stacked
fusion transformer with post-normalization. It is tailored for
unified attention construction, global cross-modal interaction,
and hierarchical text semantic supervision, enabling precise
vision-text alignment while retaining task-critical text seman-
tics.

The query Q and key K are derived by adding positional
embeddings to the input sequence, while the value V' retains
the original features:

Q=K=X"+E,, V=X (2)

Multi-head self-attention (MHSA) follows the standard
scaled dot-product formulation. Only padding masks are ap-
plied to remove invalid tokens, allowing unrestricted interac-
tion between text and visual tokens.

Each fusion block contains two sublayers: MHSA and
a feed-forward network (FFN), both equipped with residual
connections and layer normalization. The MHSA sublayer
output is:

X" = LN(X' + Dropout(MHSA(Q, K, V))), (3)
followed by the FFN sublayer:
X = LN(X’l + Dropout(FFN(X/l))) . 4

To safeguard task-relevant textual semantics from degra-
dation during cross-modal fusion, we propose a hierarchical
text feature consistency supervision mechanism that enforces
semantic alignment across all transformer layers. For each

layer [ € {1,2,..., L}, the text segment of X' is extracted
and aligned with pre-computed text encoder features.
Let X/.,, € RE¢*d denote the text token subset, where
Ly is the number of text tokens. After permuting to L; X d,
it is projected to the text hidden dimension d;.,; via a layer-
specific linear projection (weight matrix W; € Re=tXd hias
term b; € Rtest):

S! = X!

tex

W, +by, o)

where SI{ € RE¢xdieat gre the reconstructed text features.
The layer-wise text supervision loss is the mean squared
error between S! and target text features S;:

MSE(Sﬁ,St) - ;fﬁ: (Sg[i] - St[z'])2, ©®)

1=

where N = L; - dieqt 1S the total number of elements after
vectorizing the text features. The hierarchical text loss is:

L
1
Liewt = 7 D Licar- @
=1

Following the fusion module, the visual token segment is
reshaped into F € RE*Wxd \where H and W denote spa-
tial dimensions. A two-layer convolutional decoder outputs
the gaze probability heatmap Ij.¢, supervised by pixel-wise
BCE loss with Gaussian targets (c=3). For in-/out-of-frame
classification, the task token z;y /.y is fed to a two-layer
MLP D;y, /out to predict a Bernoulli probability.

The overall objective is:

Lan = Lheat + M Linjout + A2Litext, 3)

where A\; and )\, balance the auxiliary losses.
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Method Tnput GazeFollow VideoAttentionTarget
AUCT Avgl2] MinlL2| | AUC?T L2 ] APy our T

One Human - 0.924 0.096 0.040 0.921 0.051 0.093
Recasens et al. [Recasens et al., 20171 I 0.878 0.190 0.113 - - -

Chong et al. [Chong et al., 2018] I 0.896 0.187 0.112 0.833 0.171 0.712
Lian et al. [Lian et al., 2018] I 0.906 0.145 0.081 - - -

Chong et al. [Chong et al., 2020] I 0.921 0.137 0.077 0.860 0.134 0.853
Chen et al. [Chen et al., 2021] I 0.908 0.136 0.074 - - -

Fang et al. [Fang et al., 2021] I+D+E 0.922 0.124 0.067 0.905 0.108 0.896
Bao et al. [Bao et al., 2022] I+D+P 0.928 0.122 - 0.885 0.120 0.869
Jin et al. [Jin et al., 2022] 1+D+P 0.920 0.118 0.063 0.900 0.104 0.895
Tonini et al. [Tonini et al., 2022] I+D 0.927 0.141 - 0.862 0.125 0.742
Hu et al. [Hu et al., 2022] I+D+0O 0.923 0.128 0.069 0.880 0.118 0.881
Gupta et al. [Gupta et al., 2022] 1+D+P 0.943 0.114 0.056 0914 0.110 0.879
Horanyi er al. [Horanyi et al., 2023] 1+D 0.896 0.196 0.127 0.832 0.199 0.800
Miao et al. [Miao et al., 2023] I+D 0.934 0.123 0.065 0.917 0.109 0.908
Liu et al. [Liu et al., 2024] I+D 0.936 0.121 0.061 0.918 0.108 0.882
Tafasca et al. [Tafasca et al., 2023] I+D 0.939 0.122 0.062 0914 0.109 0.834
Tafasca et al. [Tafasca et al., 2024] I 0.944 0.113 0.057 - 0.107 0.891
Ryan ef al. (DINOv2 ViT-B)* [Ryan et al., 2025] I 0.955 0.106 0.048 0.928 0.110 0.877
Ryan et al. (DINOv2 ViT-L)* [Ryan et al., 2025] I 0.957 0.101 0.043 0.937 0.103 0.903
Ours (DINOv2 ViT-B) I+T 0.953 0.105 0.047 0.932 0.113 0.879
Ours (DINOv2 ViT-L) I+T 0.956 0.099 0.043 0.941 0.102 0.911

Table 1: Gaze target estimation results on GazeFollow and VideoAttentionTarget. Inputs: I (image), D (depth), E (eyes), P (pose), O (objects),
and T (text). The best results are in bold and the second-best are underlined. *Results reproduced by us from the official code releases.

4 Experiments

4.1 Experimental Setup

Datasets. We evaluate our method on four benchmark
datasets: GazeFollow [Recasens et al., 2015], VideoAtten-
tionTarget [Chong ef al., 2020], ChildPlay [Tafasca et al.,
2023], and GOO-Real [Tomas et al., 2021]. GazeFollow con-
tains 117,727 training images with 124,095 annotated target
persons and 4,782 test images. VideoAttentionTarget con-
sists of 58,507 training frames with 132,563 target persons
and 13,127 test frames with 31,978 target persons. ChildPlay
and GOO-Real are used to assess generalization without fine-
tuning, focusing on children’s gaze behaviors and everyday
shopping scenarios, respectively. To construct visual descrip-
tive cues, we employ prompt engineering to guide Qwen2.5-
VL-7B [Bai er al., 2025] to generate appearance attributes
for each image. Specifically, these attributes include (1) ap-
pearance descriptions of the target person for multi-person
disambiguation; (2) action descriptions to better capture gaze
behavior; and (3) gaze direction estimates without naming the
target object, avoiding hallucination when the target is out of
frame. Detailed implementation is given in the appendix of
the supplementary material.

Evaluation Protocols. Following existing gaze target es-
timation settings [Chong et al., 2018; Tonini et al., 2022;
Miao et al., 2023; Ryan et al., 2025], we use heatmap AUC
and pixel-wise L2 distance as the primary metrics. For
heatmap AUC, each pixel in the predicted heatmap is treated
as a confidence score to compute the ROC curve. The pixel-
wise L2 distance is defined as the Euclidean distance between
the argmax location of the predicted heatmap and the ground-
truth gaze target. For the GazeFollow dataset, as it has mul-
tiple annotation points, we compute the distance to the mean
of annotations (Avg L.2) and the distance to the nearest anno-

tation (Min L2). For the VideoAttentionTarget and ChildPlay
datasets, we also evaluate the Average Precision (AP) for the
in-/out-of-frame prediction task to assess whether the gaze
target lies within the visual field.

Implementation Details. The input image is resized to
448 %448, while the predicted gaze heatmap has a resolution
of 64x64. The scene encoder uses frozen DINOv2 [Oquab
et al., 2023] optimized by AdamW [Loshchilov and Hut-
ter, 2017] optimizer with the initial learning rate of le-4 and
weight decay of le-2, including ViT-B and ViT-L versions.
The text encoder utilizes a frozen BERT-base-uncased model.
Default loss weights are A\; = 1 and Ay = 0.1.

4.2 Performance Comparison

Comparison to State-of-the-Art. Our method’s perfor-
mance on the GazeFollow and VideoAttentionTarget datasets
compared with existing leading approaches is summarized in
Table 1. It is easy to notice that our model differs from most
prior methods, which rely on additional modalities such as
depth or pose; instead, we take image and text as inputs. This
design originates from our thinking on balancing the acquisi-
tion of auxiliary cues and architectural complexity.

On GazeFollow, our method achieves competitive results
across all metrics. With the DINOv2 ViT-L backbone, we ob-
tain the lowest average L error and match the best minimum
Lo, while delivering a high AUC that is comparable to the
state-of-the-art. Even with the lighter ViT-B backbone, our
model maintains top-tier performance on key metrics. These
results validate our hypothesis that the text-guided semantic
priors provided by LVLMs effectively supply auxiliary cues,
thereby enhancing the performance of gaze target estimation
models. On VideoAttentionTarget, our DINOv2 ViT-L vari-
ant outperforms existing approaches across all three evalua-
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VideoAttentionTarget

GOO-Real

ChildPlay

Figure 3: Qualitative results on the GazeFollow, VideoAttention-Target (fine-tuned), and ChildPlay/GOO-Real (without fine-tuning) datasets.
The input image on the left and the predicted heatmaps on the right. Our method shows consistent accuracy on different scenes.

Table 2: Cross-dataset results on the GOO-Real dataset. The best
results are in bold and the second-best are underlined.

tion metrics (AUC, L, error, and APjy/0y), demonstrating the
value of integrating text cues for reliable gaze estimation. Our
method particularly excels in the in-/out-of-frame task, high-
lighting its ability to determine whether a target lies within the
field of view. This conclusion is further validated by cross-
dataset comparison results.

It should be noted that fair comparisons with the state-of-
the-art method by Ryan et al. [Ryan et al., 2025] are con-
ducted under matched experimental settings using DINOv2
ViT-B and DINOv2 ViT-L backbones, with their results re-
produced from official code. Qualitative examples under the
DINOV2 ViT-B configuration are provided in Section 4.4 to
further illustrate our approach’s effectiveness.

Cross-dataset Results. To evaluate the generalization capa-
bility of our approach, we conduct cross-dataset evaluation
on the GOO-Real and ChildPlay datasets without modifying
LVLM prompts or performing training, fine-tuning, or data
augmentation. @ The test scenarios in the GOO-Real dataset
involve gaze targets within the field of view. Table 2 com-
pares our results with existing methods, where our approach
achieves state-of-the-art performance on both AUC and L2
metrics, demonstrating strong generalization in real-world
scenarios. @ The ChildPlay dataset includes predictions of
gaze target presence within the visual field of view. Table 3
compares our results with existing methods: although our ap-
proach slightly lags behind the state of the art in AUC and L2,
it outperforms all baselines on the AP metric. Combined with
results from the VideoAttentionTarget, this further highlights
the contribution of LVLM-derived visual descriptive cues to
AP (in/out) classification. Figure 3 presents qualitative results
across four datasets: GazeFollow (trained with DINOv2 ViT-

Method AUCT L12] Method AUCT 121  APT
Chong et al. [Chong et al., 2020] 0.670  0.334 Chong et al. [Chong er al., 2020] 0912  0.121 -
Tonini et al. [Tonini et al., 2022] 0.840 0.238 Miao et al. [Miao et al., 2023] 0.933 0.113 -
Miao et al. [Miao et al., 2023] 0.869 0.202 Gupta et al. [Gupta et al., 2024] 0.923 0.142  0.694
Ryan et al. (DINOv2 ViT-B) [Ryan et al., 2025] 0.901 0.174 Tafasca et al. [Tafasca et al., 2024] 0.932 0.115  0.600
Ryan et al. (DINOv2 ViT-L) [Ryan er al., 2025] 0.898 0.175 Ryan et al. (ViT-B) [Ryan et al., 2025] 0.941 0.119  0.993
Ours (DINOv2 ViT-B) 0906 0.179 Ryan er al. (ViT-L) [Ryan et al., 2025] 0.951 0.103 0.994
Ours (DINOvV2 ViT-L) 0.918 0.159 Ours (DINOvV2 ViT-B) 0.945 0.112  0.992
Ours (DINOy2 ViT-L) 0.950 0.111 0.996

Table 3: Cross-dataset results on the ChildPlay dataset. The best
results are in bold and the second-best are underlined.

B), VideoAttentionTarget (fine-tuned), and ChildPlay/GOO-
Real (without fine-tuning). The left panel shows raw inputs,
while the right overlays predicted heatmaps.

4.3 Ablation Study

Ablation Results of Bimodal Fusion. We explore multi-
ple representative fusion approaches that align with our de-
sign principles to formulate our fusion strategy: additive fu-
sion, cross-attention fusion, and the transformer-based fu-
sion adopted in our model. Their schematic structures are
illustrated in Fig. 4. Additive fusion enforces element-wise
alignment between modalities and thus struggles to handle
heterogeneous visual-textual representations. By compari-
son, cross-attention mechanisms enable directional interac-
tions, yet remain constrained by asymmetric information flow
and lack holistic cross-modal reasoning capabilities. The
transformer-based fusion performs unified attention across
all visual and textual tokens, allows globally symmetric in-
teractions, and progressively optimizes gaze-related seman-
tic information. The relevant experimental results in Table 4
demonstrate the effectiveness of this fusion strategy within
our design. The ablation studies in this section are all con-
ducted using the GazeFollow dataset. All tested models use
the same DINOv2 ViT-B scene encoder and textual cues data.
Ablation Results of Key Components. Building upon the
established fusion strategy, we design key components to en-
hance models’ performance in gaze target estimation tasks.
We first focus on the critical semantic guidance capability
of textual cues within tasks, noting that gaze-related textual
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Figure 4: Schematic of fusion strategy under ablation experiments.
The grey and yellow blocks represent visual tokens and textual to-
kens, respectively.

Bimodal Fusion Strategy AUC 1 Avgl2 | Min L2 |
Additive Fusion 0.950 0.118 0.056
Cross-Attention Fusion 0.952 0.119 0.055
Transformer-based Fusion 0.953 0.105 0.047

Table 4: Ablation study on bimodal fusion strategies. The best re-
sults are in bold.

Txt Sup. VisRes. Vis2DPE | AUCT Avgl2| MinL2]
X X X 0.950 0.119 0.057
v X X 0.951 0.117 0.057
v v X 0.952 0.113 0.053
v X v 0.952 0.112 0.052
v v v 0.953 0.105 0.047

Table 5: Ablation study on key components under transformer-based
fusion strategy. Txt Sup., Vis 2D PE, Vis 2D PE denote text supervi-
sion, visual residual, and mixed positional embedding, respectively.
The best results are in bold.

cues may undergo semantic drift during multi-layer fusion
processes. Consequently, we design an inter-layer text su-
pervision mechanism as the foundational component and test
its efficacy. We also wish to achieve spatial fidelity preserva-
tion concisely. So, we introduce pre-prediction visual resid-
ual connections to preserve the fine-scale spatial details cru-
cial for gaze localization. Regarding positional embedding
strategies for feature sequences, we attempt to incorporate
explicit spatial inductive biases to model gaze-specific local-
ization patterns. We test two approaches: modality-specific
positional embedding and learnable full-sequence positional
embedding. The former utilizes 2D sinusoidal positional em-
bedding for visual features and learnable positional embed-
ding for textual features; the latter applies learnable posi-
tional embedding to all features. Each component we de-
signed effectively enhances the overall performance of the
architecture, with relevant results shown in Table 5. Step-
wise optimization experiments further validate the rationality
and effectiveness of our design approach. The results fur-
ther indicate that simultaneously activating these three com-
ponents yields optimal performance, confirming their com-
plementary roles in our framework design for the gaze target
estimation task. We ultimately adopted the simultaneous ac-
tivation scheme for our architectural implementation.

4.4 Qualitative Results

Figure 5 presents three representative scenarios from Gaze-
Follow that illustrate the qualitative advantages of TextGaze.
In the scene depicted in the first row of the image, multiple

1

Ground Truth

-

GazeLLE Ours

Figure 5: Qualitative comparison on the GazeFollow dataset. Com-
pared to GazeLLE, our method demonstrates its superiority in three
representative scenarios.

targets and ambiguous candidate regions are present. Purely
vision-guided methods are disrupted by visually salient ar-
eas due to the absence of explicit task-oriented semantics. By
incorporating textual cues from LVLM to assign subject iden-
tity and gaze intent, our model is able to avoid misjudgments.
In the second typical scenario, facial cues are rendered unreli-
able by occlusion or low resolution. Consequently, low-level
visual cues are insufficient to support the precise predictions
of purely vision-guided methods. However, our approach re-
mains reliable through LVLM-based behavioural descriptions
that compensate for missing details with high-level semantic
priors. Finally, the target was misclassified as being within
the bounding box, a frequent error arising from its reliance
on spatial proximity. Our approach prevents such errors by
integrating scene context with semantic constraints. These
cases validate the efficacy of our approach. Implementations
that rely excessively on purely bottom-up visual understand-
ing lack task-oriented semantics, resulting in semantic defo-
cusing. By integrating prior knowledge guided by LVLM, we
are able to shift gaze estimation from geometric regression
towards a semantically driven decision process. This enables
us to achieve accurate localization in complex scenes.

5 Conclusion

We address two issues in gaze target estimation: multi-
branch designs require extensive supervision and annota-
tions, causing cost imbalance and slow convergence; stream-
lined designs over-rely on low-level visual saliency rather
than true gaze intent, leading to semantic defocus. We pro-
pose TextGaze, a unified cross-modal framework guided by
an LVLM. Exploiting zero-shot capability, we produce text
prompts and fuse them with frozen visual features through a
dual-stream structure, enabling effective fusion while keeping
the pipeline simple. We augment four datasets with text cues
for future research. Experiments show strong performance
and generalization, verifying our design and demonstrating
LVLMSs’ ability to connect vision with high-level intentions.
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