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Abstract

People can view the same image differently: they focus on
different regions, objects, and details in varying orders and
describe them in distinct linguistic styles. This leads to sub-
stantial variability in image descriptions. However, exist-
ing models for personalized image description generation
focus on linguistic style alone, with no prior work lever-
aging individual viewing patterns. We address this gap
by explicitly modeling personalized viewing behavior as a
core factor in description generation. Our method, DEPER
(DEscription–PERception persona encoder), learns a sub-
ject embedding that captures both linguistic style and view-
ing behavior, guided by an auxiliary attention-prediction
task. A lightweight adapter aligns these embeddings with
a frozen vision–language model, enabling few-shot person-
alization without retraining. Across four datasets spanning
diverse viewing tasks and both short and detailed descrip-
tions, DEPER achieves a 24% average improvement, show-
ing that modeling personalized attention produces more
human-aligned and high-quality descriptions. We posit
that understanding how people see helps predict what they
say; modeling human diversity in perception can improve
both performance and human alignment in multi-modal
systems. Code is available at: https://github.com/cvlab-
stonybrook/Personalized-Image-Description

1. Introduction
People can view the same image differently: they focus on
different regions, objects, and details in different orders, and
describe them in their own distinct linguistic styles. These
individual differences naturally lead to variability in image
descriptions. The personalized image description task aims
to capture these differences by conditioning generation on
who is describing the image, rather than only on what is
depicted [10]. Such personalization has broad applications,
including accessibility for people with low vision [21, 53],
media summarization [50], education [25], and preference-
based product descriptions in advertisements [7]. Beyond
practical benefits, it enables more diverse, human-aligned

Subject A Subject B

This picture seems to be clicked inside the train. On both the
sides we can see the chairs and tables.. On the left we can see
some objects are placed on the top of the table.. At the top we
can see the roof and the lamps.. In the center we can see the
metal rods, text on the boards and some other objects.. In the
background we can see some objects and there is a person in
the background and we can see the windows.

This image consists of computer and laptop which are placed
on table. There is a mobile phone in the middle. Computer
consists of a keyboard, mouse, monitor. Laptop is in white
color, computer is in black color, the table is in white color.

This picture contains a table on which keyboard, mouse,
system, laptop and digital display mobile is placed on it.
Behind that, we see wall and on system, we see many
icons displayed on it.

Here in this picture we can see number of tables and chairs
present over a place and we can see a cloth present on the
tables and beside that on either side we can see glass
windows present and we can also see poles present and in
the far we can see a metal door present and we can also see
some posters present.

Figure 1. People have distinct viewing habits [9, 65] that shape
how they describe an image. Subject A moves between major ob-
jects, while Subject B inspects them in detail and in a different
order. Our method models these patterns to produce personalized
image descriptions. The images and annotations are from [46].

descriptions that enrich multimodal representations [24].
Existing personalization models focus mainly on differ-

ent linguistic style attributes such as vocabulary or tone
[10, 30, 41, 61, 64]. However, beyond personal linguistic
style, each person also exhibits a consistent and distinctive
pattern in how they view images [65]. Cognitive studies
have shown that visual attention patterns shape what people
describe [11, 16, 17], and numerous deep-learning models
have further demonstrated their critical role in image de-
scription generation task [1, 8, 12, 54, 72]. (see Fig. 1).
Yet, no prior work has incorporated attention patterns into
personalization.

To this end, we propose DEPER (DEscription-PERcep-
tion persona encoder), a framework that grounds personal-
ization in human attention. DEPER explicitly learns how
individuals perceive and explore visual scenes: where they
look, in what order, and for how long, and uses these at-
tention patterns to guide personalized image descriptions.

This CVPR paper is the Open Access version, provided by the Computer Vision Foundation.
Except for this watermark, it is identical to the accepted version;

the final published version of the proceedings is available on IEEE Xplore.
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There are two key challenges in leveraging personalized at-
tention into description generation: (1) Modeling person-
alized human attention is difficult because human atten-
tion is noisy, continuous, and behaviorally diverse. More-
over, since attention is strongly conditioned on image con-
tent, disentangling stable personalized attention traits from
content-specific cues is non-trivial [9, 65]. (2) Adapting im-
age description models to new subjects with few support
examples easily leads to overfitting because they are usu-
ally parameter-heavy. In real-world deployment, the model
must rapidly adapt to and capture user-specific preferences
from limited interaction data for new subjects.

The central component of DEPER is a content-invariant
subject embedding that captures a viewer’s characteris-
tic patterns of visual attention and linguistic expression.
Specifically, DEPER employs a dual-context encoder that
jointly models visual trajectories and the corresponding im-
age descriptions. A subject embedding extractor distills this
multi-modal information into the subject embedding, while
an auxiliary attention trajectory reconstruction objective en-
courages the embedding to retain key attention dynamics.
To generate personalized outputs, an adapter maps the sub-
ject embedding into the embedding space of a pretrained
vision-language model (VLM). This allows us to prompt the
VLM with “Write a description of this photo in the style of
<subj>.”, where <subj> is the subject-specific token.

During inference, DEPER can produce personalized im-
age descriptions without requiring attention data, since the
model has already internalized individual attention patterns
within the subject embedding. Additionally, a contrastive
loss disentangles subject embeddings from image content,
enabling efficient adaptation to new subjects from only a
few examples, without additional fine-tuning, while remain-
ing memory- and time-efficient for real-time applications.
We evaluate on four datasets [19, 23, 46] that measure at-
tention either via mouse movements or human gaze col-
lected by an eye-tracker, covering three distinct viewing
tasks and including either concise or detailed image de-
scriptions. Across these settings, DEPER consistently out-
performs baselines, improving BLEU-4 [40] by 12% and
CIDEr [56] by 20% on average. In summary, our contribu-
tions are:
• We develop DEPER, the first method to personalize im-

age description by leveraging human attention.
• Through extensive experiments, we show that DEPER re-

liably achieves superior performance versus baselines.
• We demonstrate that DEPER can adapt to new subjects

with few supporting samples (few-shot personalization).

2. Related Work
Personalized Image Captioning. Personalized image
captioning was introduced by CSMN [10], which predicts
captions from Instagram posts by building a user-context

memory via TF–IDF [49] over a user’s prior posts. This
treats the most frequently used words of an individual in
the past as the representation of their personality. Subse-
quent work [30, 41, 61, 64] largely retains this TF–IDF rep-
resentation with architectural improvements. MHTN [71]
and UMCap [36] add short- and long-term user representa-
tions or key-value maps to capture literal preference rather
than TF-IDF, but their representation of personality still re-
mains grounded in frequently used words within recurring
contexts. A related task [15, 20, 51, 58, 60, 62, 70] involves
style-controlled caption generation via explicit text condi-
tioning, such as “sweet” or “dramatic”.

However, prior approaches, with or without explicit style
control, generally ignore human visual attention, which is
a key driver of what gets mentioned, in what order ,and the
amount of details. Further, they mostly target short cap-
tions, while detailed, personalized descriptions remain un-
derexplored. Our work is the first to treat personalized hu-
man attention as a key signal for image description genera-
tion, and we demonstrate consistent gains for both short and
detailed description generation tasks.

Human Attention in Image Description. Human atten-
tion has been used to improve description models [8, 12, 54,
72], typically as an auxiliary signal predicted by pretrained
models[8, 12, 72], sourced from ground-truth gaze[54], or
approximated by noun-aligned boxes [1]. But these signals
reflect population-level viewing tendencies, not individual
traits. Attention-controlled methods [14, 32, 60, 63, 66]
generate descriptions conditioned on fixation cues, yield-
ing spatial–temporal interpretations aligned with the given
gaze. Yet they do not learn subject-specific preferences that
generalize across images and therefore require attention in-
put at inference, which is impractical for large-scale use.
Overall, prior work treats attention as an image-specific
signal, not as a transferable, subject-level preference. In
contrast, we learn personalization jointly from image, de-
scription, and attention signals, capturing individual view-
ing styles that persist across images (e.g., preference for
background vs. foreground, or people vs. actions).

Identity-Based Personalization in Vision-Language
Models. A common form of VLM personalization learns
“identity tokens”, embeddings that encode a subject iden-
tity. Subject-driven text-to-image models like DreamBooth
[47] map a person or object’s appearance into such tokens
to generate images containing this subject, and personalized
retrieval systems like [68] use such tokens to localize the
subject across new contexts. Recent personalized VLM
assistants [2–4, 18, 37, 38, 43, 44, 48] similarly ground
subject identity so the model can recognize and answer
questions about one or more specific depicted entities. For
instance, Yo’LLaVA [37] learns latent tokens representing
a pet like “bo”, enabling subject-specific dialogue. These
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methods equate personalization with identity recognition,
emphasizing appearance and explicit attributes. In contrast,
we personalize to a viewer’s latent viewing patterns as well
as their linguistic tendencies.

3. Method
We propose DEPER, a novel method for personalized im-
age description generation. DEPER learns to represent each
person as a subject embedding, a vector that summarizes
how they tend to look at and describe images. This em-
bedding is learned from triplets of (I,Ds, Ts) (the image,
the subject’s description, and their attention trajectory) to
capture stable, subject-specific patterns of how individuals
describe images. This is achieved through our DEPER net-
work (Sec. 3.1). An adapter then projects the subject em-
bedding into the frozen VLM space (Sec. 3.2), enabling de-
scription generation in that person’s style without requiring
gaze input at test time. To our knowledge, this is the first
framework to embed individual attention dynamics into a
transferable subject representation for vision–language gen-
eration. The overall architecture is illustrated in Fig. 2.

3.1. DEscription-PERception Persona Encoder
DEPER is designed to learn a subject embedding zs that
serves as a personalized representation capturing both how
a person perceives and describes visual scenes. We require
zs to be consistent across images for a single viewer, dis-
tinctive across viewers, and structured in a way that reflects
real behavioral tendencies. To achieve this, DEPER inte-
grates three complementary modules: A dual-context en-
coder (Sec. 3.1.1) fuses visual, linguistic, and attentional
streams to capture how perception and expression interact.
A subject embedding extractor (Sec. 3.1.2) distills this
fused representation into the compact, subject-specific zs
under discriminative supervision. A trajectory decoder
(Sec. 3.1.3) reconstructs each subject’s viewing sequence
conditioned on zs, reinforcing its capacity to capture per-
sonalized attention dynamics.

3.1.1. Dual-Context Encoder
The dual-context encoder computes a representation cap-
turing both perception and expression via two interact-
ing streams that repeatedly exchange information through
cross-attention.

Given an image I , description Ds, and trajectory Ts =
{(bi, τi)}Mi=1 (where each bi is a bounding box with du-
ration τi. we extract image patch features V, text token
features L0, and trajectory features T0 (See supplementary
for the details of obtaining trajectory features). To better
capture visual dynamics, especially the scan order of scene
exploration, and the duration of attention on each region, we
apply sinusoidal positional encoding [13] to encode the box
duration and position (the index of boxes), and add them to

trajectory features, yielding multi-scale temporal features.
The encoder alternates self- and cross-attention across the
two streams: text tokens attend to image and trajectory con-
text, and trajectory tokens attend to image and text context:

Tℓ+1 = FFNℓT

(
CrossℓT (SelfℓT (Tℓ), [V;Lℓ])

)
, (1)

Lℓ+1 = FFNℓL

(
CrossℓL(SelfℓL(Lℓ), [V;Tℓ])

)
. (2)

Here, Self(·), Cross(·) and FFN(·) denote self-attention
layer following the design in [55], [; ] is concatenation. We
repeat it for ℓ layers. This design yields a fused representa-
tion Zdual = [L′;T′] that inherently captures each subject’s
linguistic style and attentional behavior.

3.1.2. Subject Embedding Extractor
We design the subject embedding extractor to produce a
representation that captures a person’s consistent percep-
tual–linguistic behavior. It consists a learnable subject
query qs that attends to Zdual through a cross-attention layer.
The subject query is optimized to selectively aggregate fea-
tures that capture a specific subject’s distinctive viewing and
descriptive patterns across images, resulting in a stable sub-
ject embedding zs. To this end, we supervise the extractor
with a joint objective that integrates subject classification
and supervised contrastive learning [22]. This joint formu-
lation strengthens representational discriminability and pre-
vents collapse into a shared subspace.
Subject embedding Losses. A classification head predicts
the subject ID from zs to enforce inter-subject discrimina-
tion, optimized using a standard cross-entropy loss (Lcls).
An additional contrastive loss (Lcon, SupCon [22]) pulls
embeddings of the same subject closer and pushes those of
different subjects apart. See details in the supplementary.

3.1.3. Trajectory Decoder
A key component of our framework is the integration of
personal viewing patterns into the subject embedding. To
enforce this, we introduce trajectory decoder to recon-
struct the attention trajectory. This decoder takes as in-
put an instance-specific trajectory latent ztraj , and recon-
structs that instance’s attention trajectory Ts while being
conditioned on the visual features V, description features
L0, and subject embedding zs in a personality-aware man-
ner. Thus, zs learns stable, individual viewing patterns
that guide trajectory reconstruction, without collapsing into
instance-specific memorization.
Decoding block. We initialize a learnable trajectory query
qtraj that extracts instance-specific attention dynamics from
Zdual through cross-attention, yielding the trajectory latent
ztraj. We then initialize a sequence of M box queries
Q0 = {qi}Mi=1 and broadcast ztraj to each query as a
global prior. Each layer first applies self-attention within
the box queries, followed by cross-attention to ztraj , pro-
viding step-wise latent control throughout decoding:
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This image is taken outdoors. In the background we 
can see the buildings with walls. There is a window. 
On the left side of the image there are few people. We 
can see the metal objects. We can see the ropes. In 
the middle of the image, we can see the ribbon. We 
can see the poles. There is the fence. We can see the 
metal rods and there might be a black colored cloth 
on the fence. We can see the wall.

Dual-Context Encoder
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Trajectory Decoder

Subject Embed Extractor

Subject 
embedding
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Dual-Context Encoder
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Dual-context 
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DEPER

Prompt: Write a description of this 
photo in the style of <subj_0> Generated Caption:

This image is taken on a 
beach. In the background 
we can see the water with 
reflections. We can see a 
ball, stones and a few 
things on the sand. In the 
middle of the image, we 
can see a dog with a collar 
belt.
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Figure 2. Overview of DEPER and Description Generation: DEPER extracts a subject embedding zs from a triplet (I,Ds, Ts), capturing
the personalized viewing patterns and linguistic style. zs conditions a VLM to produce subject-aligned image descriptions. A Dual-Context
Encoder aligns perceptual and linguistic features into Zdual. A Subject Embedding Extractor then distills Zdual to zs, yielding personalized
attention–linguistic traits. zs is distinctive across subjects yet consistent across images, enforced by classification and contrastive losses.
A trajectory decoder further encourages Zdual to capture viewing dynamics, and helps zs capture a subject’s exploration behavior.

Qℓ = Crossℓ

(
Selfℓ

(
Qℓ

)
, ztraj

)
. (3)

We then condition the reconstruction on the visual and lin-
guistic context via cross-attention to the image features V
and description features L0. We use FiLM [42] with the
subject embedding zs so that it modulates each decoder
block in a personality-aware manner. Finally, we apply a
position-wise feed-forward network and repeat it for ℓ lay-
ers to get final box embeddings Q′:

Qℓ+1 = FFNℓ

(
FiLM

(
Crossℓ

(
Qℓ, [V;L0]

)
, zs

))
. (4)

Last, we apply a linear head to the Q′ to obtain the box
coordinates, yielding the predicted box sequence and their
corresponding validity B̂ ∈ [0, 1]T×4 and V̂ ∈ [0, 1]T .

Training Objective. We use a smooth L1 loss (SL1) on the
box predictions B̂, and a binary cross-entropy loss (BCE)
on V̂, for an overall loss Ltraj = Lbox + Lvalid:

Lbox =
( M∑
i=1

vi SL1(b̂i,bi)
)/( M∑

i=1

vi + ε
)
, (5)

Lvalid =
1

M

M∑
t=1

BCE(v̂i, vi).

3.2. Image Description Generation

VLM conditioning. Given a subject embedding, our next
goal is to make the VLM generate descriptions in that per-
son’s style. We achieve this by injecting the embedding di-
rectly into the model’s prompt space. First, we add subject
tokens <subj x> into VLM’s vocabulary (x denotes dif-
ferent subjects). Then a small adapter (single linear layer,
as in LLaVA [29]) maps the DEPER embedding into the
VLM’s token dimension, and then this adapted vector re-
places the embedding of a dedicated subject token in the
prompt. The rest of the VLM remains frozen; it simply
treats this subject vector as part of the input sequence and
adapts its generation accordingly. To be precise, in the
prompt “Write a description of this photo in the style of
<subj x>.”, we replace the token <subj x> with the
adapted subject vector at the embedding layer. This gives
the model a direct, continuous representation of the sub-
ject’s style while keeping the prompt and VLM architec-
ture unchanged. To avoid information leakage since DE-
PER takes descriptions as input, we condition the VLM on
a different image–description pair (I ′, D′

s) from the same
subject as the (I,Ds, Ts) used by DEPER.

Captioning Loss. We use Supervised Fine-Tuning [39]:
the VLM generates D̂′

s of length ND′ conditioned on
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prompt P (zs):

Ldes = −
ND′∑
t=1

log pϕ
(
dt

∣∣ I, P (zs), d1···t−1

)
(6)

3.3. Training
We train DEPER in two stages. In Stage 1, we train
with Lstage1 = λLcon + Ltraj + Lcls. Ldes and Lcls super-
vise DEPER to optimize subject embeddings to be image-
independent and personality-aware; Ltraj forces the dual-
context encoder to learn visual dynamics.

In Stage 2, we freeze the dual-context encoder as it has
been trained to a robust representation. We train the sub-
ject embedding extractor and the VLM adapter to utilize
the pretrained knowledge in Stage 1, and align subject em-
beddings to VLM space. The training loss is LStage2 =
Ldes+λLcon+Lcls. The classification and contrastive losses
in Stage 2 ensure that subject embeddings remain distinct
and stable in the subject space.

4. Experiments
4.1. Dataset Setting
We evaluate on four datasets. (1) Localized Narratives [46]:
participants describe images while moving the mouse over
mentioned regions, yielding paired text–trace annotations
on public image sets such as COCO [28] and Flickr30k [45].
We denote them as COCO-LN and Flickr30k-LN, with 108
and 37 subjects respectively. (2) He et al. [19]: 5 sub-
jects view 1000 images and simultaneously speak a one-
sentence caption. (3) Kollenda et al. [23]: participants ob-
serve 100 natural scenes for 3 s, then briefly describe them
post-viewing, with gaze recorded during observation. For
each dataset, we split training subjects into seen and unseen
splits. Each unseen subject has 5 samples as the few-shot
support set. We repeat this sampling by 5 times and re-
port the average scores for reliability. Detailed statistics are
shown in Tab. 1. Results on both seen and unseen are re-
ported on the official test set when available; otherwise, a
validation subset is sampled from the training data and the
original validation set is used for testing.

4.2. Experiment Setting

Baselines: MITR[32]: A population-level (without person-
alization) image description model to generate image de-
scriptions on Localized Narratives with train-time atten-
tion trajectory supervision. Qwen Zero-shot: Qwen2-VL-
2B[59] off-the-shelf. It generates descriptions for each im-
age, without personalization. CSMN [10]: to our knowl-
edge, the only personalized image captioning model with
publicly released code. Qwen+PT: Qwen with prompt
tuning [26]. We add user-specific words (<subj 1>,
<subj 2>, ...) to Qwen2-VL-2B[59]’s vocabulary and up-
date only the corresponding weights in the input embedding

Table 1. Dataset statistics. The datasets are different sizes, but all
have low human consistency, showing high variability among sub-
jects. [#train/test]: number of annotated images; [#seen/unseen]:
number of subjects in train and few-shot sets; [length] avg. de-
scription length; [HC] human consistency (m-BLEU-4).

Dataset #train/test #seen/unseen length HC

COCO-LN[46] 134272 / 8573 89 / 19 41 0.037

Flk30k-LN[46] 30546 / 1023 27 / 10 57 0.061

Kollenda et al.[23] 1950 / 450 22 / 8 16 0.054

He et al.[19] 3998 / 1000 5 / 0 8 0.054

layer that maps these tokens to embeddings, keeping all
other parameters frozen. MITR-FT: MITR[32] fine-tuned
separately for each subject using all of that subject’s data.
Qwen few-shot: We prompt Qwen using the query image
and the support set’s descriptions and attention trajecto-
ries, guiding it to generate a description consistent with the
stylistic patterns demonstrated in the examples. See supple-
mentary for the prompt we use.

Training and configuration details. The hidden dimen-
sion of DEPER is set to 384. The dual-context encoder,
subject embedding extractor, and trajectory decoder use 2,
1, and 4 layers, respectively. We set λ = 0.1 for the con-
trastive loss for both stages. DEPER is trained for 40 epochs
in Stage 1 and 15 epochs in Stage 2 with a learning rate of
0.0005. Training is conducted on two RTX A6000 GPUs
with a batch size of 16 and gradient accumulation step of 4.
We use Qwen2-VL-2B-Instruct [59] as our image descrip-
tion backbone, and use DINOv3 (ConvNeXt-Tiny) [52] as
our image encoder. See supplementary for more details.

Inference. On the seen split, we estimate a subject repre-
sentation by sampling up to K = 100 (see supplementary
for details) image–description–trajectory triplets from the
subject’s training set. For the unseen split, we use the sup-
port set (Sec. 4.1) to compute a DEPER embedding for each
triplet and average them to obtain a single subject embed-
ding. This design removes the need for trajectories at test
time, simplifying deployment in practice.

4.3. Evaluation Metrics

We adopt two different kinds of metrics to conduct a com-
prehensive evaluation.

Widely adopted captioning metrics. We use BLEU-1 &
4[40], METEOR [5], ROUGEL [27], and CIDEr [56]. We
also use Polos [57], a metric using a VLM trained on large-
scale human preference data for caption evaluation.

Personalization-centric evaluation. Following [6, 33, 34,
67, 69], we propose the Object Sequence Score (OSS): an
object-level metric that compares which objects are men-
tioned and their order, capturing personalized narrative
alignment. We extract ordered nouns from the prediction
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Table 2. Quantitative results on four datasets of seen subjects split. The first two baselines are population-level image description models,
and the others are personalization models. [B1]:BLEU-1, [B4]:BLEU-4, [M]:METEOR, [R]:ROUGEL, [C]:CIDEr, [P]:Polos. Best per
dataset in bold.

Method COCO-LN [46] Flickr30k-LN [46]
B1 B4 M R C P OSS CLS B1 B4 M R C P OSS CLS

MITR [32] 0.415 0.142 0.182 0.336 0.139 0.512 0.218 – 0.296 0.076 0.160 0.281 0.077 0.319 0.200 –
Qwen Zero-shot [59] 0.161 0.023 0.165 0.181 0.007 0.584 0.115 – 0.169 0.024 0.166 0.187 0.004 0.612 0.133 –

MITR-FT [32] 0.437 0.176 0.209 0.341 0.142 0.589 0.246 0.415 0.302 0.101 0.169 0.298 0.094 0.320 0.224 0.427
CSMN [10] 0.295 0.086 0.156 0.299 0.086 0.177 0.133 0.443 0.071 0.010 0.042 0.083 0.003 0.142 0.070 0.459
Qwen+PT 0.304 0.145 0.205 0.432 0.587 0.612 0.340 0.623 0.271 0.135 0.207 0.426 0.498 0.654 0.320 0.563

Qwen+DEPER (Ours) 0.510 0.264 0.240 0.482 0.726 0.638 0.392 0.686 0.542 0.312 0.272 0.518 0.789 0.671 0.408 0.796

Method Kollenda et al. [23] He et al. [19]
B1 B4 M R C P OSS CLS B1 B4 M R C P OSS CLS

Qwen Zero-shot [59] 0.267 0.047 0.135 0.291 0.363 0.559 0.317 – 0.430 0.132 0.209 0.422 1.144 0.578 0.377 –

CSMN [10] 0.019 0.001 0.012 0.034 0.002 0.100 0.012 0.021 0.025 0.008 0.032 0.003 0.004 0.091 0.015 0.157
Qwen+PT 0.344 0.067 0.176 0.325 0.504 0.527 0.328 0.056 0.475 0.174 0.211 0.446 1.515 0.589 0.448 0.262

Qwen+DEPER (Ours) 0.442 0.135 0.201 0.382 0.871 0.594 0.351 0.083 0.506 0.207 0.234 0.486 1.822 0.603 0.470 0.307

and reference, then align them via Needleman–Wunsch [35]
with weighted matches of exact, stem and synonym. We
also report top-1 classification accuracy (CLS) to assess
whether a subject’s generated description is distinguishable
from others for the same image. For each image, we rank all
subjects’ generated descriptions under a given metric (us-
ing images with ≥3 subjects; Flickr30k-LN uses ≥2 due to
limited annotations). A hit occurs when the same-subject
description ranks first. We report the mean hit rate over
BLEU-4, METEOR, ROUGE-L, and CIDEr.

4.4. Main Results

Human Consistency. To quantify how differently humans
describe the same image, we compute Human Consistency
(HC) using m-BLEU-4 [31], which measures the average
similarity among descriptions of the same image, with units
comparison to BLEU-4. As shown in Tab. 1, human de-
scriptions vary substantially. Identical captions yield HC =
1, while lower scores indicate greater diversity.

Performance on seen subjects. As shown in Tab. 2,
our method achieves the best performance on all met-
rics, showing improvements (averaged over datasets) of
62% on BLEU-4, 28% on CIDEr. The improvement from
Qwen+PT to Qwen+DEPER shows that, beyond prompt
tuning, DEPER learns subject embeddings that more faith-
fully capture each author’s viewing patterns and linguistic
style, producing higher-quality personalized descriptions.

Our method also yields strong gains on personalization-
focused metrics. The 13.0% OSS gain reflects better model-
ing of the three key components of human attention: which
objects are mentioned, in what order, and to what amount of
detail. The 15.4% CLS gain shows that our generated de-
scriptions effectively capture subjects’ distinctive features.

Table 3. Personalized description generation performance on
unseen subjects. [C][46]:COCO-LN, [F][46]:Flickr30k-LN[46],
[K][23]:Kollenda et al. [23]. Best per dataset in bold.

Dataset Method B4 M R C P OSS CLS

C[46]

MITR-FT[41] 0.139 0.179 0.334 0.135 0.491 0.201 0.326
CSMN[10] 0.042 0.105 0.133 0.026 0.149 0.198 0.312

Qwen few-shot[59] 0.071 0.106 0.203 0.077 0.397 0.142 0.406
Qwen+PT 0.058 0.141 0.265 0.317 0.434 0.138 0.317

Ours 0.164 0.184 0.389 0.453 0.597 0.330 0.445

F[46]

MITR-FT[41] 0.074 0.126 0.261 0.104 0.209 0.187 0.415
CSMN[10] 0.007 0.021 0.053 0.001 0.102 0.029 0.427

Qwen few-shot[59] 0.122 0.148 0.241 0.068 0.386 0.150 0.416
Qwen+PT 0.074 0.167 0.337 0.338 0.587 0.278 0.479

Ours 0.202 0.232 0.410 0.382 0.610 0.329 0.625

K[23]

CSMN[10] 0.003 0.007 0.015 0.000 0.092 0.004 0.085
Qwen few-shot[59] 0.063 0.157 0.288 0.538 0.535 0.272 0.151

Qwen+PT 0.019 0.148 0.237 0.209 0.507 0.220 0.111
Ours 0.143 0.207 0.398 1.053 0.583 0.380 0.157

The 30-way classification on Kollenda et al. is hard, yet our
method achieves a ∼150% improvement over chance. CLS
is not computed for population-level models, which gener-
ate identical descriptions per image.
Qualitative Results on seen subjects. In Fig. 3, we show
one example per dataset, each with two subjects and their
brief or detailed descriptions. These cases illustrate compo-
nents of subject-specific variation that our method captures:
(1) object-centric vs. scene-centric openings (Example 1);
(2) description granularity, where one subject offers fine-
grained details while the other is terse (Examples 2 and
4); and (3) object-of-interest selection, e.g., background-
oriented vs. sign-focused attention (Example 3).
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(GT1) In this image there are people. There is a ball in the air. There 
are trees, pillar, metal structure. We can see the shadows of the 
people on the grass surface.

(Ours) In this image there are two people playing a game. There is a 
ball. There are trees. There is grass on the surface. 
(Q+PT) In this image, we can see two persons playing a game. At the 
bottom, there is grass on the ground. In the background, there are 
trees and we can see a pole. At the top right, there is a goal post.

(GT1) A seagull stands on a post. You 
can see breaking waves behind her.

(Ours) A seagull sits on a pole in the 
foreground and looks at the camera. In 
the background, the waves roll in.
(Q+PT) A seagull sits on a pole in front 
of a sign that says "surfing area".

(GT2) In this image, we can see people playing on the ground and they 
are wearing sports dress, shoes, socks and one of them is wearing a 
headband. We can see a ball in the air. There are trees, railings and there 
is a pole. There are shadows on the ground.

(Ours) In this image, we can see people playing a game and one of them 
is wearing a headband. In the background, there are trees and poles. At 
the bottom, there is a ground.
(Q+PT) In this picture we can see two women playing soccer, we can see 
ball, in the background of the picture there are some trees.

(GT2) A seagull sits on a beach on a 
bollard, next to it is a sign on which "Surf 
Area" and a pictogram with a surf.

(Ours) A seagull sits on a pole in the surf, 
there is a sign next to it that says "Surfing 
Area".
(Q+PT) A seagull sits on a pole in front of 
the ocean.

(GT1) a black steam 
train with blue and 
yellow boards on it.

(Ours) a black train with 
a yellow and blue stripe.
(Q+PT) a train engine at 
a station.

(GT2) a steam train 
in a station.
(Ours) a train engine 
at a station.

(Q+PT) a steam train 
at a station.

(GT1) In this picture there are some elephants who are standing on 
the floor in front of the water behind there are some trees.

(Ours) This is the picture of some elephants which are standing in the 
water and around there are some trees. 
(Q+PT) This is the picture of some elephants standing in the water 
and some of them are standing on the land.

(GT2) This is a picture taken in the outdoors. It is sunny. There are 
group of elephants drinking water in the river. Behind the elephants there 
are trees.

(Ours) This is a picture taken of the outdoors. It is sunny. We can see 
there are elephants standing on the path and in front of the elephants 
there is water. Behind the elephants there are trees.
(Q+PT) This is a picture taken of the outdoors. We can see elephants are 
standing on the ground and water.

Subject 1 Subject 2

Figure 3. Qualitative Results show one example per dataset, each with two subject-specific descriptions (subjects 1 and 2). From top to
bottom and left to right: COCO-LN [46], Flickr30k-LN [46], Kollenda et al. [23], and He et al. [19]. Subject-distinct content is highlighted
in red. Qwen+PT is denoted as Q+PT.

Performance on unseen subjects. In Tab. 3, our method
shows strong few-shot performance across all datasets. On
Kollenda et al., the unseen split exhibits comparable re-
sults to the seen split. Few-shot personalization is harder
on COCO-LN and Flickr30k-LN because their support im-
ages differ from the seen-subject training data; yet, our per-
formance remains stable across all five metrics. The higher
CLS scores indicate that DEPER can infer distinct subject
embeddings for previously unseen individuals, demonstrat-
ing the effective transfer of subject-specific cues. Notably,
our method extracts subject embeddings without per-subject
fine-tuning, enabling real-time adaptation and avoiding sep-
arate models for each subject. We omit unseen evaluation
on He et al. due to its small subject count (N=5). We repeat
the experiment 5 times with different sampled support sets;
all baselines use the same sets.

Qualitative results on DEPER’s outputs. Fig. 4 vi-
sualizes DEPER’s learned subject embeddings and recon-
structed attention trajectories for both seen and unseen sub-
jects. The embedding space forms clear, subject-specific
clusters, while the ground-truth and reconstructed trajecto-
ries illustrate that DEPER captures visual dynamics well.
The coherent clustering of unseen subjects and the close
match between reconstructed and true trajectories highlight
strong generalization to new individuals. We present further
results in supplementary.

Subject embedding 
space

GT Attention 
Trajectory

Recon Attention 
Trajectory

Figure 4. Qualitative results of DEPER’s outputs. We show DE-
PER’s outputs on seen and unseen splits (first and second rows)
of Flickr30k-LN. The first column visualizes DEPER’s subject
embeddings, where colors denote subjects and each point repre-
sents an image–description–trajectory triplet. The second column
shows ground-truth attention trajectories with their corresponding
nouns and orders; the third column shows reconstructed trajecto-
ries from the test set after Stage-2 training.

4.5. Ablations

Ablation on attention trajectory. To evaluate the role of
human attention in shaping subject embeddings, we ablate
three components in Tab. 4: adding attention-trajectory fea-

40048



Table 4. Ablation on DEPER’s components. Text Input and Traj
Input denote the input modalities provided to DEPER, Traj Dyn
denotes the duration and index of each bounding box. Traj Re-
con refers to the presence of the trajectory–reconstruction decoder
module. ✓indicates the inclusion of the corresponding module.
The results show the importance of attention trajectories in image
description generation at different stages. Results are reported on
the Flickr30k-LN.

Text
Input

Traj
Input

Traj
Dyn

Traj
Recon

B4 M R C OSS CLS

✓ – – – 0.222 0.247 0.500 0.770 0.379 0.649
✓ ✓ – ✓ 0.276 0.266 0.514 0.748 0.378 0.731
✓ ✓ ✓ – 0.230 0.256 0.499 0.774 0.381 0.724
✓ ✓ ✓ ✓ 0.312 0.272 0.518 0.789 0.408 0.796

tures, adding visual dynamics (fixation duration and order),
and adding the trajectory reconstruction objective. Remov-
ing attention trajectories entirely causes a clear drop in per-
formance, showing that human attention is critical to mod-
eling subject-specific perception.

Results show that multiple attention components are
required for full performance. Removing trajectory dy-
namics (duration and order) reduces performance to mid-
way between the no-attention variant and the full model,
highlighting their importance. Removing the trajectory-
reconstruction objective degrades performance further, un-
derscoring the need to preserve attentional information in
Zdual and zs beyond linguistic style. See the supplemen-
tary for alternatives when human-annotated attention is un-
available.

Table 5. Ablation on the effect of different modules. We re-
port performance under key removals on Flickr30k-LN: w/o Traj
Latent (directly use subject embedding to reconstruct trajectory),
w/o Dual-Context (dual-context encoder removed), w/o Contrast
(contrastive loss disabled in both stages), w/o FiLM (no subject-
embedding FiLM modulation in trajectory decoder).

Modules B4 M R C OSS CLS

w/o Dual-Context 0.229 0.252 0.495 0.729 0.380 0.731
w/o Traj Latent 0.272 0.261 0.505 0.745 0.391 0.750
w/o Contrast 0.228 0.259 0.498 0.743 0.386 0.722
w/o FiLM 0.270 0.262 0.506 0.723 0.394 0.768
Ours 0.312 0.272 0.518 0.789 0.408 0.796

Ablation on modules. We further ablate modules in Tab. 5.
Removing any component causes a significant drop, show-
ing their complementarity: the Dual-Context Encoder cap-
tures cross-modal correspondences; the trajectory latent
ztraj reduces the need for the subject embedding to encode
instance-specific reconstruction details; the contrastive loss
improves subject discrimination; and FiLM injects subject-
aware signals into trajectory reconstruction.

Table 6. Performance with varying training sizes. # Samples
denotes the number of training examples per subject. The re-
sults show DEPER’s data efficiency. Results are reported on the
Flickr30k-LN dataset.

# samples B4 M R C OSS CLS

100 0.171 0.200 0.402 0.400 0.381 0.730
200 0.268 0.255 0.497 0.664 0.383 0.750
500 0.292 0.271 0.513 0.754 0.389 0.758
801(Full) 0.312 0.272 0.518 0.789 0.408 0.796

4.6. Analysis

Data efficiency analysis. To assess data efficiency, we
vary the number of training samples per subject and eval-
uate on the seen split. As shown in Tab. 6, performance
drops only slightly with 62% of the data. Even with 100
samples per subject (2,700 total), DEPER remains compa-
rable to baselines trained on the full dataset. These results
demonstrate that DEPER learns robust subject embeddings
from limited supervision, reducing data requirements for
VLM fine-tuning and enabling applications in data-scarce
domains such as healthcare and assistive vision.

5. Conclusion and Discussion

We study how personalized human attention shapes person-
alized image descriptions, noting that people describe the
image differently not only in what they say and the words
they use, but also in the order and detail in which they ex-
plore a scene. However, modeling this implicit and consis-
tent viewing behavior is challenging, especially when a sys-
tem must adapt to new subjects with only a few examples.
To address this, we develop a unified pipeline that learns a
subject-specific representation capturing both a person’s vi-
sual exploration behavior and linguistic style, and uses this
representation to guide a frozen VLM to generate person-
alized descriptions. DEPER consistently outperforms prior
methods on seen subjects and achieves strong few-shot gen-
eralization to unseen individuals. In ablations, we demon-
strate that attention signals are critical to this performance.
Overall, our approach sets a new state-of-the-art for person-
alized image description generation task and highlights the
value of richer, behavior-aware subject representations for
future research. Future work may extend DEPER to learn
personality representations beyond image description. At-
tention–language alignment may also benefit tasks such as
visual question answering and robotics, where understand-
ing implicit human behavior is important.
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