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ABSTRACT

Recent Large Vision Language Models (LVLMs) demonstrate remarkable capa-
bilities in image understanding and natural language generation. However, cur-
rent approaches focus predominantly on global image understanding, struggling
to simulate human visual attention trajectories and explain associations between
generated descriptions and specific image regions. To address this challenge, we
propose TraceVLM, a unified vision-language model that integrates trajectory-
aware spatial understanding within an end-to-end framework. TraceVLM em-
ploys a Trajectory-aware Visual Perception (TVP) module for deep bidirectional
fusion of visual features and trajectory information. We utilize a geometric sim-
plification algorithm to extract semantic keypoints from raw trajectories and pro-
pose a three-stage training pipeline where trajectory information guides descrip-
tion generation and region localization. We further extend TraceVLM to at-
tention trajectory-guided segmentation and video scene understanding tasks, en-
abling cross-frame trajectory tracking and temporal attention analysis. Based on
large vision-language model reasoning capabilities, we construct the Reasoning-
based Interactive Localized Narratives (RILN) dataset to enhance logical reason-
ing and interpretability. Extensive experiments on trajectory-guided captioning,
text-guided trajectory prediction, image understanding, and segmentation demon-
strate that TraceVLM achieves state-of-the-art performance, establishing a foun-
dation for intuitive human-computer spatial interaction and interpretable visual
understanding.

1 INTRODUCTION

Emerging Large Vision-Language Models (LVLMs) Liu et al.| (2023b)); Zhu et al.[(2023)); Dai et al.
(2024); Hui et al.|(2024) make significant progress in image understanding and natural language gen-
eration, and they achieve strong performance on multimodal tasks such as Visual Question Answer-
ing (VQA) |Antol et al.[(2015); Jia et al.| (2024) and Image Captioning |Lin et al.| (2014). However,
existing LVLMs still show limitations in spatial attention modeling. As illustrated in the top-left
example of Fig.|l] they often focus their attention on the primary regions of an image while neglect-
ing surrounding contextual information, and may even be distracted by irrelevant areas. In contrast,
humans naturally guide their visual attention through finger movements or gestures, which helps
them understand complex visual content more effectively. Research on human visual attention tra-
jectories also plays an important role in domains such as virtual reality and autonomous driving |Xia/
et al.|(2018); [Makrigiorgos et al.|(2019); |[Chung et al.| (2022).

To address this challenge, researchers have explored incorporating region information into LVLMs
for controllable text generation|You et al.[(2023);|Zhang et al.|(2024a); Yuan et al.|(2024); Ma et al.
(2024); Zhang et al.| (2024b); [Zhao et al.| (2024). These methods utilize regional elements such
as bounding boxes, masks, points, or coordinates combined with corresponding textual prompts to
guide LVLMs in generating localized captions. However, these approaches primarily rely on static
discrete localization elements, struggling to model the continuity and temporal characteristics of
human visual attention. This limitation reveals several key challenges: (1) existing methods fail
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Figure 1. Multi-modal capabilities of TraceVLM across image, video, and segmentation tasks. The model
processes traditional captioning, trajectory-guided interpretation and grounding, video sequence analysis, and
precise segmentation, demonstrating its versatility in handling diverse visual understanding scenarios with
trajectory-based spatial reasoning.

to capture the complex interaction between continuous spatial attention and linguistic expressions;
(2) human attention trajectories involve temporal dynamics that require model understanding; (3)
existing datasets lack rich trajectory-text alignment training data. This raises a fundamental research
question: how can LVLMs be enhanced to understand and respond to continuous spatial attention
patterns?

In this paper, we present Trace VLM, an end-to-end large vision-language model designed to directly
predict and interpret human attention trajectories, treating them as fine-grained and temporally struc-
tured records of human attention. Trace VLM models trajectories as dense and expressive signals of
human intent and applies Geometric Simplification to extract semantically meaningful keypoints
from raw trajectories, effectively reducing redundancy and noise while preserving geometric struc-
tures. Furthermore, we design a Trajectory-aware Visual Perception (TVP) module, which captures
the sequential patterns of irregular trajectories and deeply integrates them with visual features, en-
abling precise localization while maintaining global context. Beyond static image tasks such as
referential trajectory interpretation and referential trajectory grounding shown in Fig. [T} TraceVLM
extends to video understanding by processing multiple frames as input to attention trajectories and
to accurate region segmentation by leveraging trajectory guidance.

To ensure the robustness of TraceVLM in understanding trajectory-related multi-dimensional se-
mantic tasks, high-quality training data is essential. Existing datasets, such as Localized Narratives
(LN) [Pont-Tuset et al.| (2020), provide valuable image—text—trajectory alignment but are limited to
simple descriptive narratives and lack complex reasoning and instruction-following capabilities. To
address this limitation, we introduce the Reasoning-based Interactive Localized Narratives (RILN)
dataset, specifically designed to enhance the model logical reasoning and spatial understanding abil-
ities. We develop an advanced data construction pipeline that leverages state-of-the-art VLMs, in-
cluding GPT-40 [Achiam et al.| (2023)), Qwen2.5VL-72B (2025), and Gemini-2.5 Pro
manici et al| (2025)), to automatically generate 320k high-quality instructional samples, covering
diverse tasks such as referential trajectory interpretation, referential trajectory grounding, and inter-
active trajectory reasoning QA. Based on this dataset, we conduct a comprehensive evaluation of
TraceVLM. Experimental results show that Trace VLM effectively exploits trajectory information,
achieving state-of-the-art performance on trajectory-conditioned captioning and text-guided trajec-
tory prediction, while also delivering competitive results on Regional Captioning and Referring
Localization and Segmentation tasks.

The main contributions of this work are:

1. We propose TraceVLM, the first end-to-end LVLM that models human attention trajecto-
ries for bidirectional trajectory—language understanding.
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2. We design a TVP module and a Geometric Simplification strategy to fuse irregular tra-
jectories with visual features for precise spatial reasoning.

3. We build the RILN dataset (320k samples) and demonstrate state-of-the-art performance
on trajectory-guided captioning, prediction, and joint generation tasks.

2 RELATED WORK

Vision-Language Models and Regional Understanding. Traditional image captioning methods
use generative models |(Chen & Lawrence Zitnick] (2015)); [Cornia et al.| (2020) with visual attention
mechanisms, but these learned attentions often deviate from human perception. Controlled image
captioning |Xu et al.| (2015) addresses this by incorporating bounding boxes or mouse trajectories.
Recent large vision-language models like Flamingo |Alayrac et al.| (2022), BLIP2 [Li et al. and
LLaVA Liu et al.| (2023b) excel at image-level tasks but lack precise spatial localization capabilities
for region-level tasks.

Trajectory-Guided Visual Understanding. Visual grounding tasks focus on localizing regions
based on text queries, with datasets like RefCOCO |Yu et al.| (2016) and Flickr30K |Plummer
et al.| (2017). Most methods [Liu et al.| (2017) treat this as a sparse box selection task. Local-
ized Narratives [Pont-Tuset et al.| (2020) provides dense word-region alignment through simultane-
ous recording of annotators’ voices and mouse traces. Recent extensions include Localized Narra-
tives Video (LNV) [Voigtlaender et al.| (2023) for video domains and Panoptic Narrative Grounding
(PNG)|Gonzalez et al.|(2021) for segmentation understanding.

Human Attention Trajectory Modeling. This emerging task aligns image descriptions with human
attention trajectories collected during annotation. MITR |Meng et al.| (2021) trains linear layers on
frozen features but lacks transferability. PixelLLM Xu et al.| establishes pixel-level language-vision
correspondence, while | Xing et al.[(2025) reveals attention mechanism limitations. RegionVLM |Lee
et al.[(2024])) pioneers zero-shot regional understanding by converting trajectory points to text tokens,
demonstrating strong performance on referring segmentation tasks. Our TraceVLM proposes the
first end-to-end framework for trajectory-conditioned captioning, text-guided trajectory prediction,
and joint generation tasks, advancing fine-grained visual-text alignment through unified continuous
spatial attention modeling.

3 METHODOLOGY

As illustrated in Figure 2] TraceVLM is a unified large vision-language model designed to pro-
cess human attention trajectories bidirectionally for enhanced spatial reasoning and interpretability.
Given input image I € R¥>*W>3 our primary objective is to establish robust correspondences be-
tween visual content, textual descriptions, and human attention patterns through trajectory-aware
modeling.

3.1 PRELIMINARY

Traditional image captioning methods generate text sequences S = [w1, wa, . . ., w,] for given im-
ages, primarily relying on global image understanding without considering spatial attention mecha-
nisms. While existing large vision-language models perform well on image-level tasks, they remain
limited in modeling human visual attention and explaining how generated descriptions correspond
to specific image regions.

Human Attention Trajectory Modeling. Inspired by human cognitive processes, where eye move-
ments and gestures naturally guide visual attention, we formalize human attention trajectories as
continuous temporal point sequences T = {p1,p2, ..., pn}, With each point p; = (x;,y;,t;) en-
coding spatial coordinates and temporal information. Unlike static, discrete localization elements,
trajectories preserve the continuity and temporal dynamics of human visual exploration, providing
richer signals that more faithfully reflect cognitive understanding.

Trajectory-Text Alignment Mechanism. To align trajectories with language, we exploit the pre-
cise word-level temporal annotations (wy, £, ¢$"!) provided by the Localized Narratives dataset.
For each word wy, we extract its corresponding sub-trajectory 7%, thereby establishing dense spa-
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Figure 2. TraceVLM architecture overview. The model processes trajectory, image, and text inputs through
a unified framework. The TVP module performs bidirectional fusion between visual and trajectory features via
cross-attention, enabling trajectory-conditioned captioning, text-guided trajectory prediction tasks.
tial-semantic correspondences that support fine-grained multimodal understanding and bidirectional
trajectory—text processing.

Extensions to Video and Segmentation. We further extend TraceVLM to video scene understand-
ing by introducing multi-frame visual inputs I, Io, . . ., I, where temporal trajectory modeling sup-
ports coherent long-sequence video description. In segmentation tasks, we adopt a trajectory-guided
strategy by introducing a special [SEG] token and integrating it with a segmentation decoder for
prediction. This design allows trajectories to specify interactive target regions, thereby enhancing
spatial understanding and supporting fine-grained segmentation of objects of interest.

3.2 MODEL ARCHITECTURE

TraceVLM is built upon a unified end-to-end framework that integrates visual encoding, a large
language model, trajectory processing, the Trajectory-aware Visual Perception (TVP) module, and a
segmentation module to enable efficient modeling and training of human visual attention trajectories.

3.2.1 VISUAL ENCODER

We employ QwenViT as the visual encoder, which effectively processes visual features at arbi-
trary resolutions. Given input images I and a sequence of video frames I3, I, ..., I; the encoder
transforms them into comprehensive visual representations fyisua € RN*Dwhere N denotes the
number of visual tokens and D represents the feature dimension. This encoding process captures
rich spatial context and temporal information necessary for trajectory-visual alignment

3.2.2 LARGE LANGUAGE MODEL

TraceVLM leverages Qwen2.5-VL-7B, a large language model that unifies the processing of visual
features fyisual » textual tokens fix and trajectory representations frr,j formatted as text. This design
supports trajectory-conditioned captioning, text-guided trajectory prediction and trajectory-guided
segmentation.

3.2.3 TRAJECTORY PREPROCESSING AND TOKENIZATION

Raw human attention trajectories contain substantial noise and redundancy that obscure true atten-
tion patterns. We address this through a two-stage preprocessing approach combining geometric
simplification and semantic tokenization.

Semantic-Guided Geometric Simplification.
Unlike naive uniform sampling which fails
to retain critical details, our approach em-
ploys a semantic-guided variant of the Douglas-
Peucker (DP) algorithm that modulates sam-
pling intensity based on the semantic weight
of underlying linguistic content. =~ We first

segment  the COIl.tll’lllOllS. .tr.a]ectory T‘ Figure 3. Trajectory simplification: Geometric Simpli-
{P1,p2,-..,pn} into dlS]Olnt. word-aligned fication algorithm reduces 410 original points to 37 key-
segments {51, 5s,..., Sy} guided by tempo- points while preserving spatial structure.

ral boundaries of each word W; :
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We employ Qwen2.5-VL-72B model to segment trajectories into semantically meaningful phrases
and assign importance weights based on the model’s linguistic understanding. Each phrase receives
adaptive weighting that reflects its semantic significance in the overall context. For each phrase-
aligned segment S;, we apply the Douglas-Peucker algorithm with dynamically calculated local
tolerance €; = 6;%: where €pyse 1S set to 5 pixels and w; represents normalized semantic weight of
the phrase (ranging from 0.2 to 1.0, derived from importance scores of 1-5 assigned by Qwen2.5-
VL). This ensures semantically important segments preserve more geometric detail critical phrases
(importance 5, w;=1.0) maintain maximum detail with ¢;=5px, while minimal phrases (importance
1, w;=0.2) allow aggressive simplification with ¢;=25px.

For each trajectory segment T}, = {(x;,y;)};_,, the algorithm computes perpendicular distances
from intermediate points to the line connecting endpoints:

‘(ye - ys) T; — (-Te - xs) Yi + XeYs — yexs|

d; =
\/(ye - y3)2 + (376 - 558)2

2

Points with d; > ¢; are preserved as keypoints. As is show in Fig. [3 this process effectively re-
duces trajectory density from 410 original points to 37 essential keypoints, achieving 91% com-
pression while maintaining spatial structure and eliminating redundant noise. The final trajectory

T = Uf\il DP (S;, €;) maintains both geometric fidelity and semantic relevance.

Trajectory Tokenization. Simplified coordinates are normalized to [0,1] range and quan-
tized into 1000 discrete bins per dimension, then mapped to discrete tokens compatible with
language model vocabularies. We represent coordinate pairs as formatted sequences: ( traj
Y (x1,91), (X2,92) 5. - ., (Tn, Yn) (/traj ), where each coordinate value is represented as an integer
token from O to 999, enabling seamless integration with text-based generation.

3.2.4 TRAJECTORY-AWARE VISUAL PERCEPTION (TVP) MODULE

The TVP module performs deep bidirectional fusion of visual and trajectory information through it-
erative refinement. Unlike traditional methods that rely on static annotations, TVP captures temporal
dynamics of human visual attention through alternating enhancement and refinement stages.

The module first tokenizes trajectory sequences 1’ and projects them into embedding space, produc-
ing trajectory features frr,; . The core fusion process operates through two alternating stages within
each block :

Trajectory-Aware Visual Enhancement. Visual features fi’;ng are enriched with trajectory guid-
ance through cross-attention, where visual features serve as queries and trajectory embeddings as
keys and values. The output is scaled by learnable parameter 7/ € R¥ (initialized to zero) for
training stability:

Alzr:é = fiimg + 71 - Cross Attn (Q = fiimg7 K= f’%‘raj V= f'%ra]) 3)

Visually-Informed Trajectory Refinement. Enhanced visual features Afmg refine trajectory repre-
sentations through a second cross-attention step, followed by feed-forward processing:

A'%‘;:jl = f'%‘raj + CI‘OSSAttH (Q = f'%‘raj 7K = f‘H—la V = f’H_l) + FFN (f%ra_] ) (4)

img img

This bidirectional refinement creates robust multimodal embeddings that effectively integrate spatial
attention patterns with visual understanding.
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Figure 4. RILN dataset construction pipeline showing the generation of diverse trajectory-based tasks from
image-trajectory pairs. The pipeline creates four main task types: referential trajectory interpretation, ground-
ing, interactive reasoning Q&A, and multi-turn dialogue synthesis, with hierarchical reasoning trees spanning
from global scene understanding to fine-grained object-level spatial reasoning.

3.2.5 SEGMENTATION MODULE

To extend TraceVLM with fine-grained spatial understanding, we introduce a segmentation code-
book and a lightweight segmentation decoder, following the efficient design of PixelLM. The seg-
mentation codebook uses 6 learnable embeddings that that encodes semantic and geometric infor-
mation, which are integrated with visual features fyisa1 and trajectory representations frr,; to provide
trajectory-guided spatial priors. When the language model generates a [ SEG] token, we extract its
corresponding embedding as trajectory-conditioned segmentation tokens F,. The decoder gener-
ates pixel-level masks as:

M = D(fvisualv ESeg)’ (5)

where M denotes the predicted mask and D is a lightweight pixel decoder. The model is trained
end-to-end using an overall objective that combines three loss components: an autoregressive cross-
entropy loss Lyt for text generation (including segmentation codebook tokens), a DICE loss Lt
for mask overlap, and a target refinement loss L,.s for boundary accuracy. The overall loss is
formulated as:

L= £trt + >\ref Eref + >\dice £dice (6)

where \r and Agice calibrate the contribution of each mask-related loss component. This design
enables accurate segmentation without relying on heavy decoders such as SAM and Mask2Former,
and naturally generalizes to video segmentation by applying the decoder on multi-frame features

{fL o }E | with trajectory guidance across frames.

3.3 RILN DATASET CONSTRUCTION

To enhance TraceVLM trajectory-aware reasoning capabilities, we develop the Reasoning-based
Interactive Localized Narratives (RILN) dataset through a comprehensive data construction pipeline
in Fig[dl While existing datasets like Localized Narratives provide basic trajectory-text alignment,
they lack complex reasoning and instruction-following capabilities essential for advanced spatial
understanding.
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Dataset Design and Construction Pipeline. We build RILN based on the COCO |Lin et al.|(2014),
ADE20K [Zhou et al.| (2017), Flickr30k [Plummer et al.| (2017), and Openlmage |Kuznetsova et al.
(2020) portions of the LN dataset, as well as video data from OVIS |Q1 et al.| (2022), UVO |Wang
et al.[(2021)), and Oops [Epstein et al.| (2019) in LNV, using only training splits to ensure evaluation
independence. We employ multi-model collaborative generation to avoid single-model bias and
enhance reasoning diversity, generating a total of 320k instructional samples through three stages:

Stage 1: Visual Element and Trajectory Grounding. We establish precise correspondences be-
tween visual elements and trajectory segments through geometric simplification for keypoint extrac-
tion, followed by word-point alignment and phrase-trajectory segmentation using Qwen2.5VL-72B.

Stage 2: Hierarchical Reasoning Task Generation. We define three core reasoning categories:
referential trajectory interpretation, referential trajectory grounding, and interactive trajectory rea-
soning QA. GPT-40 generates question prompts leveraging its strength in logical coherence, while
Gemini-2.5 Pro constructs structured reasoning trees and produces corresponding answers with di-
verse expression styles. The reasoning tasks are organized across four cognitive levels (Global,
Object, Paragraph, Local) as a reference framework rather than rigid templates. We randomly vary
expression styles, reasoning structures, and detail levels to enhance diversity and adapt to differ-
ent scene complexities, ensuring a progressive transition from holistic scene understanding to fine-
grained spatial analysis.

Stage 3: Multi-Turn Dialogue Synthesis. We synthesize 3-5 coherent dialogue sequences per
image with 4-8 turns each, integrating hierarchical reasoning tasks into natural conversational flows.
Final turns require synthesis of conversational context with trajectory information for comprehensive
spatial understanding.

Quality Assurance. We employ multi-level verification, including automatic consistency checking
and human expert annotation on 2000 samples, ensuring n-gram overlap (n=5) between RILN and
evaluation annotations stays below 5% to prevent textual leakage. Models trained on RILN achieve
23% improvement in spatial reasoning accuracy compared to baseline LN training, validating our
construction methodology effectiveness.

3.4 TRAINING STRATEGY

We adopt a three-stage curriculum learning approach that progressively builds Trace VLM capabili-
ties from basic trajectory-visual alignment to complex reasoning and dialogue understanding.

Stage 1: Trajectory-Aware Pretraining. We establish robust alignment between trajectory fea-
tures, visual features, and language embeddings using large-scale trajectory-text-image data. Only
TVP modules and trajectory embedding layers are trained, focusing on foundational cross-modal
representations for trajectory-guided captioning, caption-guided trajectory prediction, and joint gen-
eration tasks.

Stage 1.5: End-to-End Joint Training. We unfreeze all module parameters and perform full joint
training on the visual encoder, large language model, TVP module, and segmentation decoder to
optimize the collaborative mechanisms between components and enhance the overall multimodal
fusion capability of the system.

Stage 2: Instruction Fine-tuning. We employ supervised fine-tuning on RILN dataset to enable
complex reasoning and conversational capabilities. Joint optimization of TVP modules, trajectory
embeddings, and language decoder adapts the model to instruction-following scenarios while pre-
serving robust multimodal representations from pretraining stages.

4 EXPERIMENT

4.1 TRAINING DETAILS.

We build TraceVLM on the Qwen2.5-VL-7B model through a three-stage training approach. In
Stage 1, we freeze the visual encoder and language model while fine-tuning only the TVP module
for 1 epoch, setting the batch size to 256 and learning rate to 4e-5. In Stage 1.5, we train all
parameters for 3 epochs to strengthen foundational capabilities, with batch size 128 and learning
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Table 1. Quantitative results for trajectory-aware vision-language tasks on the COCO test set of Localized
Narratives dataset. Controlled Caption Generation refers to generating descriptions given trajectory input,
while Controlled Trajectory Generation refers to predicting trajectories given text input. Note: smaller values
of LBM are better. Best results are in bold and second-best results are underlined.

Method Contrlled Caption Generation Controlled Trace Generation
BLUE-17 BLUE-4t METEORT ROUGE.LT CIDErt SPICET | LBM(k=0) LBM(k=1)]
LN |Pont-Tuset et al.|(2020) 0.522 0.246 - 0.483 1.065 0.365 - -
MITR Meng et al.|(2021}) 0.607 0.292 0.263 0.487 1.485 0.317 0.163 0.154
PIxelLLM|Xu et al. - - - - - - 0.153
LLaVA 1.5-13B|Liu et al.|(2023b) 0.590 0.280 0.250 0.480 1.450 0.310 - -
Ferret-13BYou et al. |(2023) 0.600 0.283 0.255 0.482 1.470 0.315 0.160 0.170
Qwen2.5 VL-7B|Hui et al.|(2024) 0.630 0.295 0.260 0.486 1.500 0.320 0.147 0.168
TraceVLM-7B 0.665 0.328 0.276 0.492 1.530 0.328 0.117 0.121

Table 2. Performance comparison on trajectory-aware regional captioning across multiple benchmarks.
TraceVLM demonstrates competitive performance on Visual Genome (VG), RefCOCOg, and Ref-L4 datasets,
as well as benchmarks including Ferret-Bench and MDVP-Bench for spatial understanding evaluation.

Model VG RefCOCOg Ref-L4 Ferret Bench | MDVP Bench
METEOR CIDEr | METEOR CIDEr | ROUGE-L METEOR CIDEr | Refer. Desc. Avg.
PixelLLM 19.9 148.9 14.3 82.3 - - - - -
GLaMM-7B [Rasheed et al.|(2024) 17.0 127.0 15.7 104.0 23.8 10.1 51.1 - -
Osprey-7B [Yuan et al.[(2024) - - 16.6 108.3 - - - 722 443
Ferret-7B |You et al.|(2023) - - - - 22.3 10.7 39.7 68.7 47.6
VP-LLaVA-8B|Lin et al.[(2024) - - 22.4 153.6 - - - 752 70.6
VP-SPHINX-7B|Lin et al.[(2024) 20.1 139.5 21.0 138.7 225 10.5 322 73.1 71.5
VP-SPHINX-13B|Lin et al.|(2024) 20.6 141.8 239 162.5 22.6 10.7 324 714 74.3
Omni-RGPT-7B [Heo et al.|[(2025) 17.0 139.3 17.0 109.7 - - - - -
RegionGPT-7B|Guo et al.[(2024) 17.0 145.6 16.9 109.9 253 12.2 42.0
DAM-8B |Lian et al.|[(2025) - - - - 371 194 70.0 - -
PAM-3B [Lin et al.|[(2025) 20.8 142.3 269 143.1 31.3 17.2 59.7 715 722
TraceVLM-7B 21.5 163.2 28.8 168.2 36.5 20.3 69.7 76.7 73.1

rate 4e-5. In Stage 2, we freeze the visual encoder and TVP while fine-tuning only the language
model using instruction data for 1 epoch, reducing the learning rate to 2e-5 and maintaining batch
size at 128. We trained the model on 16 A800 GPUs for approximately 3 days total across all stages.

4.2 COMPARISON CONTROLLED CAPTION AND TRACE GENERATION

In the table [I] we evaluate two trajectory-aware tasks: Controlled Caption Generation (generating
descriptions from images and trajectories) and Controlled Trajectory Generation (predicting trajec-
tories from text descriptions).

Controlled Caption Generation. Given an image and trajectory, the model generates correspond-
ing captions evaluated using BLEU, METEOR, ROUGE-L, CIDEr, and SPICE metrics. We com-
pare against LVLMs using task-specific prompts and PixelLLM as baseline. TraceVLM consistently
outperforms all methods, demonstrating superior trajectory-conditioned description quality.

Controlled Trajectory Generation. The model predicts continuous point sequences given input
captions, evaluated using LBM scores (k=0, k=1) for spatial alignment accuracy. We compare
against MITR (bounding box sequences) and adapted LVLMs with prompted trajectory genera-
tion. TraceVLM outperforms baseline methods in LBM scores, validating its trajectory prediction
effectiveness.

4.3 COMPARISON REGIONAL CAPTION

As is shown in table [2] we evaluate TraceVLM on regional captioning benchmarks (RefCOCOg,
Visual Genome, Ref-L4) and spatial understanding benchmarks (Ferret-Bench, MDVP-Bench) us-
ing ROUGE-L, METEOR, and CIDEr metrics. TraceVLM-7B achieves state-of-the-art perfor-
mance with METEOR scores of 21.5 on VG and 28.8 on RefCOCOg, and strong results on Ref-L4
(ROUGE-L: 36.5, METEOR: 20.3). The model also delivers competitive performance on Ferret-
Bench (76.7) and MDVP-Bench (73.1), TraceVLM achieves near-SOTA performance with compa-
rable model size. Specifically, VP-SPHINX-7B, the closest 7B competitor, achieves 73.1 and 71.5
respectively, while higher scores from VP-SPHINX-13B (77.4, 74.3) and PAM-3B (77.5, 72.2)
come from models with either nearly 2x parameters or extensive specialized visual processing.
Notably, TraceVLM achieves these results using only a lightweight 2-layer segmentation decoder,
demonstrating effective trajectory-aware visual perception without heavy architectural overhead.
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RefCOCO RefCOCO+ RefCOCOg
val  testA testB | val testA testB | val test
bounding box P @ 0.5

Visionl LM [Wang etal |2023] 867 - -1 - N E—
Shikra-7B Chen'etal (2023] 870 906 802 | 816 874 711|823 822

Models

Ferret-7B 875 914 825 | 808 874 731 | 839 848
PixelLLM-7B 898 922 864 |832 870 789 | 846 860
Qwen2.5-VL-7B 900 925 854 | 842 89.1 769 | 872 872
TraceVLM-7B 904 931 878 | 846 882 80.5 | 869 883

mask clo
ReglonVIV4B™ [LeeetalJ2024] 387 394 376 315 340 302 [339 -

LISA-7B |Lar et al.(2024] 749 79.1 723 | 65.1 708 581 | 679 70.6
PixelLLM-7B 744 | 692 721 645 | 707 724
PixelLM-7B 682 | 663 717 583 | 693 705
PSALM-3B 5 816 | 729 755 701 | 738 744
HyperSeg-1.5B  [Nirkin et al. [[2021) 834 | 790 835 752|794 789
TraceVLM-7B 824 |80.1 842 768 | 77.6 801

Table 3. Performance comparison on referring local-
ization and segmentation across RefCOCO datasets.
TraceVLM achieves state-of-the-art performance on
both bounding box localization (P@0.5) and segmen-
tation (cIoU) tasks. * indicates zero-shot results with-
out task-specific fine-tuning.

Figure 5. Performance analysis visualization compar-
ing trajectory-aware methods across different evalua-
tion metrics and datasets.

Table 4. TVP module ablation eX- Tuple 5. Task train order ablation 1able 6. RILN training data abla-

periment results. experiment. tion experiment.
Method BLEU-4T METEORT (k:(l)_‘)BNhL( o Method BLEU4T METEORT TBM] Method BLEU-47 METEORT <k=OI)_‘BM%k= b
Baseline 0250 0.195 B B SasTe 5550 5795 (=0 =D) - —psetine 0250 0.195 - -
NisonEncoder 0280 0210 | 0120 o110 fRmdomOnder | 0310 0335|0163 0138 lein 0% oz | oa;r oun
+TVP (Ours) 0.328 0.276 0.117  0.121 txed Order - & - - p ¥230%  +232% 182% -182%

4.4 COMPARISON REFERRING LOCALIZATION AND SEGMENTATION

As shown in the table. [3] we evaluate TraceVLM on RefCOCO, RefCOCO+, and RefCOCOg using
bounding box P@0.5 and segmentation cloU metrics. Trace VLM achieves state-of-the-art perfor-
mance across most splits, with bounding box localization scores of 90.4 P@0.5 on RefCOCO val,
84.6 on RefCOCO+ val, and 86.9 on RefCOCOg val. For segmentation, Trace VLM demonstrates
competitive performance with 83.4 cloU on RefCOCO val, 80.1 on RefCOCO+ val, and 77.6 on
RefCOCOg val, achieving strong results using only a lightweight 2-layer segmentation decoder.
Notably, models with higher segmentation scores, such as HyperSeg, rely on multi-scale visual en-
coders and the significantly heavier Mask2Former decoder, demonstrating the efficiency advantage
of our trajectory-guided approach. These results demonstrate that trajectory guidance effectively
enhances both localization and segmentation capabilities with minimal architectural overhead. The
performance visualization in Fig. [5 further illustrates TraceVLM consistent advantages across dif-
ferent metrics and datasets.

4.5 QUALITATIVE ANALYSIS AND VISUALIZATION

Figure [6] shows trajectory-guided attention heatmaps across diverse scenarios. The three-column
visualizations demonstrate that compared to baseline Qwen2.5-VL-7B (column 2), TraceVLM (col-
umn 3) accurately focuses on salient objects mentioned in descriptions, producing broader, seman-
tically aligned attention patterns that better capture human visual attention mechanisms.

Figure 6. Qualitative trajectory visualization results showing original images (left), attention heatmaps (center),
and combined visualizations (right). TraceVLM generates focused heatmaps that align with salient objects
mentioned in corresponding descriptions.
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4.6 ABLATION STUDY

TVP Module Ablation. We compare trajectory representation strategies against the TraceVLM
pretraining baseline: text encoding (+Text), visual encoder (+Vision Encoder), and our TVP module.
Table [4] shows our TVP module achieves the best performance by effectively fusing trajectory and
visual features through cross-attention.

Task Randomization Strategy Ablation. We compare our fixed task order training with random-
ized task combination approach. The randomized strategy dynamically alternates among trajectory-
guided caption generation, caption-guided trajectory prediction, and joint generation tasks. Table
shows fixed order training outperforms randomized training with higher BLEU-4 (0.328 vs. 0.310),
METEOR (0.276 vs. 0.225), and better LBM scores, demonstrating the effectiveness of structured
curriculum learning.

RILN Dataset Ablation. As shown in Table[6] models trained on RILN significantly outperform
both baseline and LN-trained models across all metrics. RILN training achieves 23.0% improvement
in BLEU-4 and 23.2% improvement in METEOR scores compared to LN training, while reducing
trajectory prediction errors by 18.2% for both LBM(k=0) and LBM(k=1), validating the effective-
ness of our dataset construction methodology.

5 CONCLUSION

We introduced TraceVLM, a trajectory-aware large vision-language model that processes human
attention trajectories bidirectionally to enhance spatial reasoning and interpretability. Through our
Trajectory-aware Visual Perception (TVP) module and the Reasoning-based Interactive Localized
Narratives (RILN) dataset with 320k instructional samples, TraceVLM addresses fundamental lim-
itations in existing vision-language models by capturing the continuity and temporal dynamics of
human visual attention patterns. Comprehensive evaluation demonstrates state-of-the-art perfor-
mance across trajectory-guided captioning, text-guided trajectory prediction, referring localization,
and segmentation tasks, with 23% improvement in spatial reasoning accuracy and effective gen-
eration of human-like attention patterns. TraceVLM establishes a foundation for intuitive human-
computer spatial interaction and interpretable visual understanding, with future work exploring inte-
gration with additional modalities and real-time optimization for interactive applications that better
align with human cognitive processes.

Reproducibility Statement. The Trace VLM execution source code has been included in the supple-
mentary materials. All execution configurations, relevant parameters, and trajectory sampling imple-
mentations are provided within the associated scripts and data projects, facilitating reproducibility
of the results.
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A APPENDIX

A.1 THE USE OF LARGE LANGUAGE MODELS(LLMS)

We acknowledge the use of large language models (LLMs) as writing assistants only for grammatical
and style. LLMs are not employed in the core research methodology, experimental design, data
analysis, or generation of research findings presented in this paper. All textual content has been
rigorously reviewed and verified by the authors to ensure accuracy and authenticity of the research
contributions.

A.1.1 OVERVIEW OF TRACEVLM

TraceVLM is a comprehensive vision-language model that processes single images or multi-frame
videos as input, as illustrated in Figure [/| Based on various input modalities including queries,
captions, clicks, and trajectories, TraceVLM performs multiple fundamental tasks such as trajectory-
guided caption generation, trajectory prediction, and trajectory-guided segmentation. Additionally,
the model supports advanced capabilities including referential trajectory interpretation, referential
trajectory grounding, interactive trajectory reasoning through question-answering, and multi-turn
dialogue interactions.

A.2 PROGRESSIVE DATASET STRUCTURING

Each stage in TraceVLM adopts dedicated datasets aligned with its training objectives, rather than
relying on a uniform corpus across all phases. The dataset distribution and task assignments are
summarized in Table[/|and visualized in Figure

Stage 1: Trajectory-Aware Pretraining. This stage focuses on establishing robust alignment be-
tween trajectory features, visual features, and language embeddings. We utilize 252K trajectory-
text-image samples from COCO Localized Narratives. This dataset provides foundational cross-
modal representations for trajectory-guided captioning, caption-guided trajectory prediction, and
joint generation tasks. Only TVP modules and trajectory embedding layers are trained during this
phase.

Stage 1.5: End-to-End Joint Training. To enhance multimodal fusion capabilities, we unfreeze
all module parameters and perform comprehensive joint training on 1.33M samples across multiple
tasks. We leverage 885K samples from Localized Narratives spanning COCO, ADE20K, Flickr30K,
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Ins: user‘s gaze followed this trajectory across the image:
<Trajectory>(350,150), (360,300), (410,210), (510,350),
(50,380), (600,380), (10,50), (600,200) </Trajectory=>

In the center of the image there
is a man standing and holding a
ball in his hand. On the right
there is another man bending. In
the background there is a fence,
trees and building.

Ins: If you were to describe, "In this image there is one plate and
on that plate there is one tissue paper and one Sandwich and one
lemon slice is there," please generate a possible gaze trajectory.

{ TaskI: City street with neatly lined-up shops, cars parked along the roadside, restaurant signs and logos, |

| customers sitting in front of storefronts, and an airplane flying in the sky. |

| Task2: <Traj>[80, 200]</Traj><Traj>{100, 180]</Traj><Traj>[130, 170}</Traj><Traj>[170, \ <Traj>[80, 200]</Traj> <Traj>[100,

| 160]</Traj><Traj>[210, 130]</Traj><Traj>[300, 60]</Traj> 1 180]</Traj> <Traj>[130,170]</Traj>

I Task3: <Traj>[80, 200]</Traj><Word> Overall view of the city street</Word><Traj>[100, 180]</Traj><Word> 1 <Traj>[170, 160]</Traj> <Traj>[210,

| Redbrick buildings and signs </Word><Traj>[130, 170]</Traj><Word> Restaurant sign "Maya" 1 130]</Traj> <Traj>[300, 60]</Traj>

| </Word><Traj>[170, 160]</Traj><Word> Gray car </Word><Traj>[210, 130]</Traj><Word> Green awning and |

\ _ _seated people </Word><Traj>[300, 60]</Traj><Word> Airplane in the distant sky </Word> _

Given Trajectory A <Trajectory>(350,150), Round1 Round2 Round3

(360,300), (410,210)</Trajectory> and Trajectory | please describe this image in detail ~ This image depicts a lively children's | The 'soccer ball' you mentioned | Then what are the ‘adults®

B <Trajectory>(50,380), (600.380), (10,50), and tell me how you observed it. ~ soccer game. On the grassy which part of your observation | <Irajectory>(350,150),

(600,200)</Trajectory>, which one is more likely foreground, a group of children in trajectory does it correspond to? | (360,300), (410.210), (510,350,

to represent a person describing the baseball in red jerseys are chasing a soccer ball. ’ (50,380), (600,380), (10,50),

this image? One Black child near the ball, <Traj>[80, 200]</Traj> (600,200) </Trajectory> on the
e The answer is wearing a dark blue top, stands out | <Traj>[100, 180]</Traj> sidelines doing?"

Trajectory A p;orlmnently. Belnnd them, a group of <Tra_!>[] 30,1 7UJ</TTaJ_> The man on the far left is
adults—possibly parents—are <Traj>[170, 160]</Traj> holding a drink while he
watching from the sidelines, with <Traj>[210, 130]</Traj> watches
some seated on camping chairs. <Traj>[300, 60]</Traj> .

Figure 7. Overview of the TraceVLM framework. The model takes images or multi-frame videos as input
and supports multiple interaction modalities (query, caption, click, trajectory) to perform various tasks in-
cluding trajectory-guided caption generation, trajectory prediction, trajectory-guided segmentation, referential
trajectory interpretation, referential trajectory grounding, and interactive trajectory reasoning through QA and
multi-turn dialogue.

Table 7. Dataset distribution across training stages in TraceVLM

Stage Number | Task Source
Duage I+ Trjectony-AWAIe | 555Kk | Localized Narratives CoCo
retraining
. . COCO, ADE20K
885K Localized Narratives Flickr30k, Openlmage
50K Localized Narrative Video SZ;SS uvo
i;?r%te rlll::i:nind—to—End T18K Panoptic Narrative Grounding | COCO
g 40K Video Narrative Grounding OVIS, UVO
10K Video Question Answering Oops
RefCOCO Series
232K | REC/RES gRefCOCO|Liu et al| (20234}

320K Reasoning-based Interactive RILN

Stage 2: Instruction ReasonSeg|Lai et al.|(2024]
F'n§ " r.nin 480K Reasoning Segmentation Lisa++ Inst. Seg. oT|Yang et al.|(2023
ine-turning ReVOS|[Yan et al.|(2024

500K Interactive COCO-Interactive|[Zhang et al.[(2024b)

and Openlmage for spatial-textual alignment. Video understanding is supported by 50K samples
from Localized Narrative Video across OVIS, UVO, and Oops datasets, enabling video narrative
grounding (40K from OVIS and UVO) and video question answering (10K from Oops). Addition-
ally, 118K samples from COCO provide Panoptic Narrative Grounding for segmentation tasks, while
232K samples from RefCOCO Series and gRefCOCO support referring expression comprehension
and segmentation (REC/RES). This stage jointly optimizes the visual encoder, large language model,
TVP module, and segmentation decoder.

Stage 2: Instruction Fine-tuning. The final stage fine-tunes the model for complex reasoning and
conversational capabilities using 1.3M samples. We employ 320K samples from our constructed
RILN (Reasoning-based Interactive Localized Narratives) dataset to enable instruction-following
scenarios while preserving robust multimodal representations. For advanced reasoning segmenta-
tion, we incorporate 480K samples from ReasonSeg, Lisa++ Inst. Seg. & CoT, and ReVOS datasets.
Additionally, 500K samples from COCO-Interactive provide interactive region-level editing capabil-
ities. This stage performs joint optimization of TVP modules, trajectory embeddings, and language
decoder to adapt the model to instruction-following scenarios.
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Figure 8. Dataset distribution across the three training stages of TraceVLM. Stage 1 (0.25M samples) focuses
solely on trajectory-aware pretraining with COCO Localized Narratives. Stage 1.5 (1.33M samples) incor-
porates diverse multimodal tasks including localized narratives (66%), video understanding (4%), panoptic
grounding (9%), video narrative grounding (3%), video QA (1%), and REC/RES (17%). Stage 2 (1.3M sam-
ples) emphasizes instruction fine-tuning with reasoning-based interactive tasks (25%), reasoning segmentation
(37%), and interactive editing (38%).

Table 8. Performance comparison on video understanding benchmarks. TraceVLM demonstrates competitive
performance across HC-STVG and VideoRefer-Bench-D datasets.

Model HC-STVG|Tang et al.[(2021)  VideoRefer-Bench-D|Yuan et al.[(2025)
METEOR CIDEr SC AD TD HD Avg.
Elysium-7B|Wang et al.|(2024) - - 235 030 0.02 3.59 1.57
Merlin-7B |Yu et al.|(2024) 11.3 10.5 - - - - -
Artemis-7B|Qiu et al.|(2024) 18.0 53.2 342 134 1.39 290 2.26
VideoRefer-7B |Yuan et al.|(2025) 18.7 68.6 444 327 3.10 3.04 3.46
DAM-8B 21.0 91.0 469 361 334 309  3.68
PAM-3B 233 70.3 392 284 288 294 3.14
TraceVLM-7B 24.1 92.6 473 3.89 3.11 3.28 3.83

A.3 VIDEO UNDERSTANDING EVALUATION

”We evaluate TraceVLM on video understanding tasks using HC-STVG for spatio-temporal video
grounding and VideoRefer-Bench-D for comprehensive video referring capabilities. As shown in
Table [8] TraceVLM achieves state-of-the-art performance across most metrics, demonstrating ex-
ceptional video understanding capabilities. On HC-STVG, Trace VLM attains the highest METEOR
score of 24.1 and CIDEr score of 92.6, surpassing previous methods in video caption generation
quality. For VideoRefer-Bench-D evaluation, TraceVLM delivers the best average performance of
3.83, with top results in Spatial Comprehension (4.73), Action Detection (3.89), and Human Detec-
tion (3.28) tasks. These results validate TraceVLM’s superior ability to process temporal trajectory
information across video sequences, extending its capabilities from static image understanding to
dynamic video content analysis with remarkable effectiveness.
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