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.

Task Preference Optimization: Improving Multimodal Large Language Models
with Vision Task Alignment

Ziang Yan*>!, Zhilin Li**?, Yinan He*!
Chenting Wang*!, Kunchang Li*!, Xinhao Li%!, Xiangyu Zeng®!
Zilei Wang?®, Yali Wang®!,Yu Qiao!, Limin Wang®!, Yi Wang'!"

!Shanghai AI Laboratory 2Zhejiang University

®Shenzhen Institutes of Advanced Technology, Chinese Academy of Sciences SNanjing University

3University of Science and Technology of China

4Shanghai Jiao Tong University

"Shanghai Innovation Institute

https://github.com/OpenGVLab/TPO

Abstract

Current multimodal large language models (MLLMs)
struggle with fine-grained or precise understanding of visu-
als although they give comprehensive perception and rea-
soning in a spectrum of vision applications. Recent stud-
ies either develop tool-using or unify specific visual tasks
into the autoregressive framework, often at the expense
of overall multimodal performance. To address this is-
sue and enhance MLLMs with visual tasks in a scalable
fashion, we propose Task Preference Optimization (TPO),
a novel method that utilizes differentiable task preferences
derived from typical fine-grained visual tasks. TPO in-
troduces learnable task tokens that establish connections
between multiple task-specific heads and the MLLM. By
leveraging rich visual labels during training, TPO signif-
icantly enhances the MLLM’s multimodal capabilities and
task-specific performance. Through multi-task co-training
within TPO, we observe synergistic benefits that elevate
individual task performance beyond what is achievable
through single-task training methodologies. Our instanti-
ation of this approach with VideoChat and LLaVA demon-
strates an overall 14.6% improvement in multimodal perfor-
mance compared to baseline models. Additionally, MLLM-
TPO demonstrates robust zero-shot capabilities across vari-
ous tasks, performing comparably to state-of-the-art super-
vised models.

1. Introduction

Multimodal large language models (MLLMs) show im-
pressive visual perception and reasoning capabilities, with
applications in personal assistants [68], embodied sys-
tems [17], and scientific discovery [6]. Considering the
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Figure 1. TPO uses differentiable task preferences from dense vi-
sual supervisions via task-specific heads to enhance MLLMs in
fine-grained understanding.

growing expectations of users in more accurate and detailed
perception, taking the shell game as an example, further
improving the generality of MLLM requires fine-grained
knowledge representation beyond words, e.g. MLLM im-
plicitly embeds how to track keys indicated by users.
Existing studies address the enhancement of percep-
tual granularity in MLLMs by focusing on specific visual
tasks (e.g. temporal grounding, segmentation, tracking) via
MLLMs. They usually fine-tune MLLMs on more task
data in text format or enable MLLMs to activate the cor-
responding task heads. Shikra [7] applies MLLM to local-
ization tasks, transforms object coordinates into dialogue
formats, and learns them autoregressively. Meanwhile,
TimeChat [63] and VideoChat-T [96] treat event times-
tamps as text for autoregressive prediction, thereby endow-
ing MLLMs with temporal grounding. They do improve
specific task performance significantly, while at the cost of
multimodal performance more or less. This is counterin-
tuitive as seminal research proves different visual tasks are
correlated and training them together often yields mutual
gains [29, 47, 66]. We conjecture that the presentation of
different tasks influences this training and that the conflict
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arises from the learning discrepancies between discrete tex-
tual tokens and visually dense predictions. Our experiments
in Section 4 validate that a decoupled representation design
can effectively address this issue.

To enhance the multimodal capabilities of MLLMs, we
explore optimization methods to meet multiple visual task
requirements in an end-to-end manner. We propose task
preference optimization (TPO), incorporating visual task
knowledge into the MLLMs by jointly maximizing the like-
lihoods of visual task estimations and multimodal dialogue.
Inspired by direct preference optimization [60] (DPO) and
related methods, we treat visual task annotations as human
preferences in particular demands, as shown in Figure 2.
DPO aids LLM (or MLLM) in aligning with human prefer-
ences through a binary classification that directs the model
to generate responses that people prefer. Similarly, TPO
enhances MLLMSs’ visual sensing capabilities through dif-
ferentiable task optimizations that guide MLLMs to yield
dense predictions closely resembling human perception. To
achieve this, TPO concretizes MLLM-specific visual per-
ceptions into corresponding task tokens, disentangled from
MLLM representation. Then TPO fine-tunes these task to-
kens and updates the MLLM accordingly.

Specifically, TPO appends visual task heads to the par-
tial output of the MLLM, using several learnable task to-
kens as inputs for these corresponding heads. During train-
ing, TPO enables the MLLM to first distinguish and ac-
tivate the appropriate task tokens based on user instruc-
tions. Subsequently, TPO jointly trains the task tokens and
their corresponding heads to enhance the MLLM’s under-
standing of visual tasks. Finally, TPO trains the entire
model—including task tokens and heads—on both multi-
modal and visual-specific task data, promoting the percep-
tion and reasoning capabilities of the MLLM. Additionally,
we note that multi-task co-training yields greater improve-
ments than single-task training.

TPO demonstrates scalability across various MLLM ap-
proaches, encompassing a wide range of visual task cate-
gories and data quantities. We validate the effectiveness of
TPO within widely used MLLMs, such as LLaVA [48] and
VideoChat [43], as detailed in Section 4.3. By fine-tuning
these open-source MLLMs with TPO, we enhance their vi-
sual understanding capabilities and improve dialogue per-
formance. Additionally, we explore several key spatiotem-
poral and spatial perception tasks, including spatial ground-
ing, tracking, and temporal grounding. Our findings indi-
cate that these tasks can mutually enhance each other’s per-
formance, particularly contributing to the improvement of
multimodal dialogue capabilities.

Our contributions can be summarized as:

¢ We propose a new training method for multimodal large
language models, referred to as Task Preference Opti-
mization (TPO). This method leverages supervised in-
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Figure 2. Comparison of Learning Method. A solid line indi-
cates data flow, and a dotted line represents feedback. # and
denote modules that are frozen and unfrozen.

formation from visual task-specific data to optimize the
MLLM through the corresponding heads, resulting in sig-
nificantly enhanced multimodal perception and reason-
ing performance. Specifically, TPO achieves an average
improvement of 14.6% across multiple image and video
multimodal benchmarks [19, 38, 45, 54, 104].

» TPO effectively equips MLLM with the capability to ad-
dress several key visual perception tasks through the in-
troduced task heads. MLLM-TPO achieves compara-
ble performance in spatial grounding, moment retrieval,
highlight detection, referring segmentation, and tracking
comparable to expert models across various benchmarks.

* TPO demonstrates scalability across various employed
MLLMs, task heads, and scales of task data. We validate
the effectiveness of TPO in multiple mainstream MLLMs,
such as VideoChat2 [45] and LLaVA [39, 48]. Notably,
multi-task joint training based on TPO enhances both
multimodal performance and individual visual task, with
improvements becoming increasingly significant as addi-
tional appropriate heads are introduced. Furthermore, the
performance of the MLLM and task heads improves when
scaling task data.

2. Related Work

Vision Foundation Model. Vision foundation mod-
els [44, 66, 69, 71, 72, 74, 78, 84, 87, 103] are designed to
be adaptable for various downstream tasks through exten-
sive pre-training on large-scale and diverse datasets. Video-
Prism [103] achieves the leading results in various video
tasks by combining video-text contrastive learning and spa-
tiotemporal token reconstruction using a dataset of public
and proprietary videos. InternVideo2 [78] utilizes masked
reconstruction, cross-modal contrastive learning, and next-
token prediction to enhance the model’s perceptiveness, se-
mantic understanding, and reasoning capabilities.

Based on vision foundation models, some studies [41,
51, 77, 106, 107] intend to incorporate downstream task
heads into this framework and expect end-to-end task train-
ing. Unified-IO [51] introduces a versatile model capable
of handling a wide range of tasks across vision and lan-
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Figure 3. Overall Pipeline of TPO. The architecture of Task Preference Optimization (TPO) consists of four main components: (1) a
vision encoder, (2) a connector, (3) a large language model, and (4) a series of visual task heads. Differently colored flame symbols
indicate which components are unfrozen at various stages of the training process.

guage domains, requiring minimal or no task-specific mod-
ifications or additional parameters. Uni-Perceivers [41, 106,
107] formulate different tasks to find the maximum likeli-
hood target for each input through the representation simi-
larity regardless of their modality. Nevertheless, these gen-
eralist models are limited to predefined tasks and cannot
support flexible open-ended task customization based on
language instructions.

Multimodal Large Language Model. The effective un-
derstanding and reasoning of LMMs has attracted the atten-
tion of numerous researchers. Limited to its input modality,
researchers expand the visual capabilities of LLM, lead-
ing to MLLMs. Seminal works, such as BLIP-2 [42],
LLaVA [48], and mPLUG-Ow]1 [89], introduce image cap-
tioning and visual question answering based on LLM using
visual instruction-tuning data. Some video-based MLLMs
have been proposed, such as VideoChat [43], VideoChat-
GPT [52], and Video-LLaMA [99], enabling LLM to
gain video understanding capabilities by encoding multiple
video frames and using video instruction data.

Vanilla MLLMs have achieved impressive results in
visual-related dialogues, but barely address some fine-
grained tasks, such as segmentation and temporal ground-
ing. To address this challenge, MLLMs usually take one
of the following pipelines: pixel-to-sequence (P2S) and
pixel-to-embedding (P2E). For P2S methods [7, 63, 70,
79, 90], MLLM directly outputs the textual predictions.
TimeChat [63] introduces a time-aware frame encoder and
a sliding video Q-former to enhance temporal perception.
For P2E methods [3, 35, 75, 82, 97], MLLM compresses
and inputs visuals into the downstream decoder for estima-

tions. LISA [35], NExT-Chat [97], and VideoLISA [3] in-
troduce SAM [33] as a segmentation tool, using a special
token as a prompt to connect MLLM and SAM. Vision-
LLM v2 [82] designs routing tokens and super-link queries
to bridge MLLM with multiple decoders.

Alignment in MLLM. Aligning MLLM with human
preferences or values is crucial for MLLM’s develop-
ment. Recent works [67, 94, 105] introduce alignment ap-
proaches to MLLM, including proximal policy optimization
(PPO) [64] and direct preference optimization (DPO) [60],
as shown in Figure 2. They usually exploit proprietary mod-
els like GPT4-V to build visual preference datasets and then
tune MLLMs using PPO or DPO. Llava-RLHF [67] incor-
porates PPO into a MLLM framework Llava, argumented
by image captions or question-answers (QA), while Zhou
et al. [105] and Zhang et al. [101] give DPO implementa-
tions for MLLMs where visual preference data are created
by GPT-4V and other open-sourced MLLMs. RLHF-V [94]
collects a dense human preference in segmentation and en-
hances MLLMs with DPO.

3. Method

Task Preference Optimization (TPO) aims to enable
MLLMs to master classical visual perceptions (such as
tracking, temporal grounding, etc.) for better task gener-
alization, regarding that many multimodal reasoning tasks
require precise visual cues for accurate and reliable re-
sponses. As shown in Figure 3, MLLM-TPO has a typical
multimodal model M (consisting of a vision encoder F, a
vision-language connector C, and a large language model
(3) and a task preference model P with a series of visual
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task heads {H;};—1..n (n denotes the task head number).
These heads connect with MLLM using the embeddings
{ei}iz1..n (&; = G(v;) € RYC) transformed from the
learnable task-specific tokens {v;}i—1. ., (v; € R*C) via
MLLM.

TPO employs a local-to-global training scheme, first
adapting task heads to the MLLM and then training them
jointly. Specifically, the MLLM M starts to recognize
{vi}i=1..n by updating G according to user instructions,
then we tune {v;};=1.., and {H;};—1. . for adapting vi-
sual heads to M. Finally, we train both M and {H;}i—1. »
together. During inference, MLLM-TPO can respond to
users’ queries in text, and produce structured visual outputs
(like masks, timestamps, trajectories, etc.) when users ask
(e.g. yielding time results for “find when the birthday party
starts”). We detail how to form MLLM-TPO structurally
and train it in the following.

3.1. Task Preference Models

The task preference model (TPM) P contains a series of
task tokens {v; };—1..., and heads { H;};—1 . ,,. Before TPM
works, the attached MLLM generates special tokens indi-
cating task types from the input queries. Then TPM dy-
namically calls the task token v; based on the special token,
transforms it to the task embedding e; via the LLM G (the
last hidden embedding), and feeds e; to the corresponding
visual task head { H, } for specific task predictions. Consid-
ering existing MLLMs demonstrate remarkable capabilities
in common object and scene recognition, yet struggle to ac-
curately locate things or actions, the employed task heads
mainly focus on spatiotemporal localization and tracking.
Specifically, we give three fundamental task types for com-
pensating mainstream MLLMs’ gaps from expert models in
visual perceptions: 1) region head, 2) temporal head, and 3)
mask head. Their architectures are given below.

* Region Head. A two-layer multilayer perceptron (MLP)
with ReLU activations is employed for the region head.
It takes embeddings from LLM and regresses them to the
bounding box coordinates for spatial grounding.

* Temporal Head. This head is composed of a video en-
coder, text encoder, and temporal grounding model for
moment retrieval and highlight detection. The video and
text queries are input into the video and text encoders to
obtain their features respectively. Then we append the
temporal task embedding after the text features. With
the new text and video features, the MLLM estimates
the start/end time and highlight score of the correspond-
ing moment from the query via the temporal grounding
model.

* Mask Head. Pixel-level tasks pose significant challenges
for MLLMs due to the lack of the corresponding learn-
ing data and optimization in MLLMs. To this end, we
introduce a specialized mask head, utilizing the image en-

coder, mask decoder, and memory bank components from
SAM2 [61], replacing the prompt encoder with a single
MLP layer called the mask adapter. Specifically, for the
given visuals and user queries, the features extracted from
the aforementioned image encoder and the text represen-
tation corresponding to the mask task embeddings from
LLM are employed, fed into the mask decoder to produce
the desired mask.

Most known discriminative vision tasks can be addressed
by one or a combination of these three task heads. TPM
builds the architectural foundations for leveraging existing
vision data with annotations to enhance MLLMs.

3.2. Task Preference Optimization

TPO improves MLLMs with extra supervisions from visual
task heads by back-propagating gradients from heads to up-
date MLLMs using visual task data. It enables the language
model G in MLLM to discriminate specific task types when
users demand (task assignment). Then, TPO trains TPM
P via compact task representations e; (task optimization)
from v;. Lastly, we train M and P together, tuning M
for the refined spatiotemporal perception according to task
preferences from P. Its optimization objective is given as:

»C - £mllm+£assign(G(Tq)v S) + Z L:task(Aiv HZ(G(VZ)))a
—_— ——

=1 Task Optimization

1
where T and s denote a user query (some contain spe-
cific task needs like tracking) in the form of text token se-
quence and the ground truth task indicating token, respec-
tively. A, is the task annotation of the input visual X, so
it could be a number tuple for describing regional localiza-
tion and area or mask for delineating object shape and po-
sition. Here (X, Ty, T4, A;) stands for an input data tuple
to MLLM-TPO. Usually, we have (X, Ty, T,) for typical
MLLM training while (X, T, A;) for task token and head
training. Lygign 1S the cross-entropy loss. Meanwhile L,
varies according to the task, and is usually regression- or
classification-related loss.

Task Assignment

To train MLLM-TPO, we propose a 3-stage local-to-
global training scheme, given in Figure 3. Stage 1 learns to
identify the task type based on user queries. In stage 2, we
train task heads along with their corresponding task tokens,
respectively. Lastly, we co-train task heads with MLLM by
both task data and multimodal conversation data. Our 3-
stage training strategy mitigates the risk of degrading the
MLLM’s general abilities. We describe them as:

Stage 1: Task Assignment. We design a variety of di-
alogue templates for different visual tasks to perform task
recognition instruction tuning for LLM. The LLM is trained
using LoRA [25] in this stage.
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Stage 2: Vision Task Training. We integrate task to-
kens and task-specific heads into the model. By training on
task-specific data, the model equips the capacity with fine-
grained perception and aligns between the task head and the
MLLM. The region head, temporal head, mask adapter, and
corresponding task tokens are trained respectively. Simi-
larly, the LLM is updated with LoRA.

Stage 3: Multi-task Training. We tune the entire model
on the mixed corpus combining multimodal conversations
and specific task data. The synergistic training allows gra-
dients from the heads to MLLM, supervised by human an-
notations in vision tasks. The vision encoder, connector,
task tokens, region head, temporal head, mask adapter, and
LLM (with LoRA) are joint-trained in this stage.

4. Experiment

We give the implementation and training & testing specifics
of our TPO, and then show its results and ablations.

Implementation Details. We employ VideoChat?2 [45], a
video-based MLLM, as the primary framework in experi-
ments. For its configuration, we employ UMT-L [44] as the
vision encoder, Q-former in BERT},, [32] as the connector,
and Mistral-7B [28] as the language model (LLM).

Regarding the three task heads, the Region Head is
initialized randomly. The Temporal Head utilizes CG-
DETR [55], with parameters also initialized randomly. The
video features input to the temporal head are extracted from
the pre-trained InternVideo2 [78], while query features are
extracted using the LLM [12]. The Mask Head employs
SAM2 [61] and is initialized with its pre-trained weights.
Since SAM?2 is originally designed solely for tracking, we
incorporate a two-layer MLP to encode positioning prompts
for spatiotemporal grounding. Additionally, to enable the
MLLM to handle the spatial locations provided by the user,
we utilize another two-layer MLP to encode the spatial in-
put into the MLLM.

Our model is trained on a variety of visual task datasets
and conversation datasets, as shown in Table 1. More train-
ing details are provided in the Appendix.

Benchmarks. We evaluate TPO on both general im-
age/video understanding benchmarks (mainly in multiple
choice form) and specific visual tasks (e.g. grounding,
tracking, and so on). Specifically, we run our model along
with other approaches on MVBench, VideoMME, NExT-
GQA, MLVU, MMIU, and SEED-Bench2. MVBench [45]
is designed to evaluate multi-modal fine-grained video un-
derstanding tasks for clips (lasting around 8 to 16 seconds),
consisting of 20 video tasks relying heavily on temporal
perception that can hardly be addressed by single-frame
analysis. Video-MME [19] is for evaluating MLLMs in
both perception and reasoning across varying lengths of

Datasets
MeViS [15], SAMV2 [61]
ActivityNet [5], TACoS [62], QVHighlight [36],

Task | Samples |

Segmentation‘ 114.6K ‘

Temporal

Grounding ‘ 116.5K ‘ DiDeMo [24], QuerYD [57], HiREST [95], NLQ [22]
Spatial 540.0K Allseeing-V2 [76], Visual Genome [34],
Grounding : RefCOCO [91], RefCOCO+ [91], RefCOCOg [53]
YouCook2 [14], ActivityNet [5],
Conversation 3M VideoChat2-IT [45], ShareGPT-4o [11],

LLaVA-Hound-DPO [100], ShareGPT4V [8]

Table 1. Overview of Datasets Used in TPO for Various Tasks.

videos, annotated by humans. NExT-GQA [83] builds on
NExT-QA by introducing timestamps that are crucial for
understanding questions and determining answers. This re-
quires MLLM to perform multi-step reasoning and empha-
size a deeper understanding of both visual and textual con-
tent. MLVU [104] is constructed from a wide variety of
long videos, with lengths ranging from 3 minutes to 2 hours,
and includes nine distinct evaluation tasks. MMIU [54] is a
comprehensive evaluation suite designed to assess MLLMs
across a wide range of multi-image tasks. It encompasses
7 types of multi-image relationships, 52 tasks, 77K im-
ages, and 11K meticulously curated multiple-choice ques-
tions. SEED2-Bench2 [38] is a MLLM benchmark, featur-
ing 24K multiple-choice questions with human annotations.
It spans 27 evaluation dimensions, assessing both text and
image generation.

Concerning visual tasks, we test spatial grounding, mo-
ment retrieval, highlight detection, tracking, and referring
segmentation, including 7 related benchmarks [15, 18, 21,
27,36, 65,91] , and the results from several corresponding
state-of-the-art expert models.

4.1. General Understanding Evaluation

Multimodal Video Understanding. TPO improves its
baseline (VideoChat2) on several video understanding
benchmarks with a notable margin. As shown in Table 2,
VideoChat-TPO, using a 7B LLM and only 16 input frames,
achieves a 66.8 average score on MVBench [45], increas-
ing by 6.4% over VideoChat2 and exceeding the perfor-
mance of ST-LLM [49] which uses 64 frames. Considering
MVBench focuses on characterizing subtle temporal varia-
tions involving fine-grained action types, action order, mov-
ing direction, and so on, TPO’s seamless integration of de-
tailed video understanding (like spatiotemporal grounding
and tracking) into its optimized MLLM makes it effectively
handle these fine-grained tasks.

On VideoMME [19], VideoChat-TPO outperforms the
compared models, achieving a 9.3% improvement over
VideoChat2 and demonstrating significant gains across
short and medium-length videos, regardless of subtitle
availability. On MLVU [104], VideoChat-TPO achieves a
M-AVG score of 54.7, surpassing VideoChat2 by 10.2%.
This confirms the effectiveness of TPO’s enhanced percep-
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| Lim | | MVBench [45] |

VideoMME [19] | MLVU [104]

Model | Params | Frames | | Overall Short |  Medium Long |

| | | AVG |  wihos. w/'s. wlos. wis. wlos. wis. wlos. wis.| M-AVG
TimeChat [63] 7B 96 385 343 36.9 39.1 431 318 339 321 336 30.9
Video-LLAVA [46] 7B 8 43.0 41.1 41.9 469 473 387 404 378 379 413
ShareGPT4Video [9] 7B 16 512 39.9 436 483 536 363 393 350 379 46.4
LLaVA-Next-Video [102] | 7B 16 44.0 38.0 40.8 446 474 317 394 319 356 39.3
ST-LLM [49] 7B 64 54.9 37.9 423 457 484 368 414 313 369 -
PLLaVA-34B [85] 34B 16 58.1 40.0 35.0 472 362 382 359 347 329 53.6
Chat-UniVi [30] 7B 64 40.8 40.6 45.9 457 512 413 473 391 434 -
VideoChat2(baseline) [45] | 7B 16 60.4 39.5 43.8 483 528 370 394 332 392 44.5
VideoChat-TPO | 7B | 16 | 668(+6.4) |488(+9.3) 53.8(+10.0) 588 649 467 500 410 464 | 54.7 (+10.2)

Table 2. Performance on Multimodal Video Understanding. We compare our model to others using LLMs of the same generation or
16-frame input. w/o s. indicates without subtitle, while w s. indicates with subtitle. M-AVG refers to the mean average of MLVU.

tions of long-form video evaluations. These results across
three benchmarks demonstrate the notable advancements in
multimodal video understanding achieved through TPO.

Grounded Video QA. Table 3 shows that VideoChat-
TPO outperforms other models, achieving superior accu-
racy (Acc) and intersection over union (IoU) scores in
NExT-GQA [83]. Its intersection over prediction (IoP)
scores are comparable to those of LLoVi [98], which em-
ploys large, closed-source commercial models like GPT-
4 [1]. The high Acc@IoP score not only reflects the en-
hanced capability of TPO-optimized VideoChat in effec-
tively understanding and interpreting video content, but also
demonstrates its robustness in handling complex reasoning
scenarios. Furthermore, the higher Acc@GQA score in-
dicates that the model successfully integrates fine-grained
temporal grounding with complex reasoning tasks, enabling
it to accurately provide temporal clues necessary for infer-
ring answers. From this perspective, TPO training frame-
work significantly allows MLLMs to overcome their limita-
tions in identifying and localizing temporal elements within
video data. This enhancement positions MLLM-TPO with
a competitive edge in temporal-related reasoning.

Multimodal Multi-image Understanding. To explore
TPO’s effect on multi-image understanding, we test it
on the MMIU and SEED-Bench2, as shown in Table 4.
On MMIU, VideoChat-TPO achieved an overall score of
40.2, a 5.2% improvement over VideoChat2. Besides
temporal changes, MMIU evaluates models’ spatial sens-
ing and semantic relations in scenes. On SEED-Bench2,
across 27 performance indicators, VideoChat-TPO achieves
41.7% improvement on average performance compared to
VideoChat2. VideoChat-TPO’s superior performance on
multi-image understanding compared to LLaVA-Interleave
and InternLM-XComposer demonstrates that TPO’s vision
enhancements improve the MLLM’s spatial perception and
image understanding.

4.2. Vision Task Evaluation

Moment Retrieval. Moment Retrieval is to locate the tar-
get segments in a video based on queries. Table 5 and
6 compare the zero-shot and fine-tuned moment retrieval
performance of VideoChat-TPO against other expert mod-
els and MLLMs. In zero-shot settings, VideoChat-TPO
achieves a R@1 (IoU=0.5) score of 40.2 on the Charades-
STA [21]. It surpasses the previous state-of-the-art (SOTA)
MLLM specialized for temporal tasks, ChatVTG [59],
and the expert model, UniVTG [47]. This demonstrates
VideoChat-TPO’s ability to accurately locate video mo-
ments corresponding to given text queries, thereby enhanc-
ing the practical applicability of MLLM:s.

Highlight Detection. Highlight detection generates
salient scores for emphasizing frames based on the input
language query. We compare the fine-tuning highlight
detection performance of VideoChat-TPO with that
of other expert models and MLLMs, as shown in Ta-
ble 6. VideoChat-TPO notably outperforms the previous
state-of-the-art MLLM (such as TimeChat [63]) on both
Charades-STA and QVHighlight. For expert models like
QD-DETR and UniVTG, VideoChat-TPO beats them on
Charades-STA non-trivially and achieves a comparable
performance on QVHighlight. This also demonstrates the
progress in extending MLLMs to broad temporal tasks.

Spatial Grounding. To verify the fine-grained localiza-
tion ability of the model, we run the spatial grounding
task which inputs textual descriptions into the model and
gets the corresponding bounding box on RefCOCO [91].
As shown in Table 7, we compare VideoChat-TPO with
pixel-to-sequence models, i.e., VisionLLM-H [75], pixel-
to-embedding methods, i.e., NExT-Chat [97], and expert
models, i.e., G-DINO [50]. VideoChat-TPO performs bet-
ter than the pixel-to-embedding methods by using only a
simple task head and achieves comparable performance to
pixel-to-sequence models fine-tuned on a large amount of
spatial grounding data, as well as to specialized models.
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Model | Acc@IoP  Acc@GQA | mloP  IoP@0.3 I0P@0.5 mloU IoU@03 IoU@0.5  Model | MMIU [54] | SEED2; [38] | SEED2), [38]
VIOLETV2 [20] 54.9 12.8 23.6 25.1 233 3.1 43 1.3 LLaVA-v1.5 [48] 19.2 58.3 39.2
SeViLA [93] 72.5 16.6 29.5 34.7 229 21.7 29.2 13.8 ShareGPT4V [8] 18.5 - -
LangRepo [31] 59.6 17.1 31.3 - 28.7 18.5 - 122 OpenFlamingo [2] 223 36.6 435
FrozenBiLM NG+ [88] 73.8 17.5 242 28.5 23.7 9.6 13.5 6.1 LLaVA-Interleave [40] 324 - -
VideoStreaming [58] 57.4 17.8 322 - 31.0 19.3 - 133 VideoChat2 [45] 35.0 26.5 27.6
LLoVi [98] 65.9 243 373 36.9 20.0 - 15.3 VideoChatGPT [52] - 38.3 49.8
HawkEye [79] - - - - 25.7 37.0 19.5 InternLM-XComposer [16] 21.9 65.4 49.8
VideoChat-TPO | 717 255 | 356 475 328 27.7 41.2 234 VideoChat-TPO | 40.2(+52) | 67.3(+40.8) | 70.0 (+42.4)

Table 3. Performance on Grounded QA.

Table 4. Performance on Image Understanding.

Model \ Charades-STA [21] Model | Charades-STA [21] | QVHighlight [36]  pethods | RefcOCO[91]
| R@0.3 R@05 R@0.7 | mloU | R@03 R@0.5 R@0.7 | mloU | mAP  HIT@I | val testA testB
UniVTG [47] \ 44.1 252 10.0 \ 27.1 M-DETR [36] 65.8 52.1 30.6 45.5 35.7 55.6 MAttNet % [92] 764 804 693
VideoChat2 [45] | 380 143 38 | 246 QD-DETR [56] - 573 326 389 624 ?ﬁ‘?}’h[jiﬂ* o) 23‘2 ﬁiz Z;g",‘
VTimeLLM [26] | 510 275 114 | 312 UniVTG [47] 72.6 60.2 386 | 522 | 40.5 66.3 el C il
TimeChat [63] - 322 13.4 - " VisionLLM-H [75] - 86.7 -
HawkEye [79] 506 314 145 | 337  LimeChat[63] ‘ - 467 237 ‘ ‘ 217 379 Shikra-7B [7] $7.0 906 802
ChatVTG [59] 527 330 159 | 349 HawkEye[79] 72.5 583 28.8 - - NExT-Chat-7B [97] | 85.5 90.0 779
VideoChat-TPO | 583 402 184 | 38.1  VideoChatTPO | 77.0 650 ~ 40.7 | 55.0 | 386 654 VideoChat-TPO | 859 90.8 813

Table 5. Zero-Shot Performance on
Moment Retrieval.Gray means no LLM.

Tracking. In the tracking task, the model receives the ob-
ject coordinates from the first frame and outputs the coor-
dinates for the remaining frames in the video. We evalu-
ate the VideoChat-TPO on the mainstream tracking bench-
marks LAOST [18] and GOT-10k [27], as shown in Table
8. In zero-shot testing, VideoChat-TPO ranks best among
all MLLMs, even surpassing some fine-tuned expert mod-
els notably with around 10% increase on success rate, such
as SiamFC [4] and ATOM [13]. With the TPO training
method, the model is optimized from mask sequences that
hard to represent by words, allowing the MLLM to achieve
strong motion characterization for multimodal generaliza-
tion in highly dynamic and occluded scenes.

Referring Segmentation. The referring segmentation
task requires the model to output the mask sequence corre-
sponding to the specified prompt. This capability is newly
activated in VideoChat-TPO, as it is not supported or de-
signed in the original VideoChat2 or SAM2. We compare
the referring segmentation performance of VideoChat-TPO
with other expert models and MLLMs in Table 9. The zero
shot capability of VideoChat-TPO is comparable to the fine-
tuning capabilities of other expert models, i.e. ReferFormer
[81], showing its notable open-world video segmentation
performance. Through TPO training, MLLM effectively
optimizes its understanding in both tracking and segment-
ing objects indicated by users. It further enables the model
to excel in pixel-level tasks, offering perceptual advantages
to it in practical applications like robotic control.

4.3. Ablation Studies

In this section, we analyze the effectiveness of the key com-
ponents of TPO and evaluate its scalability.

Table 6. Fine-tuning Performance on Moment Re-
trieval and Highlight Detection. Gray means no LLM.

Table 7. Spatial Grounding
Task. % with a refined decoder.

Extending to Other MLLMs. To evaluate the effective-
ness of the TPO method on different MLLMs, we apply
TPO to LLaVA (LLaVA-OneVision [39]) in addition to
VideoChat. In LLaVA, fine-grained video understanding is
a weak spot. Despite the conversation data used in LLaVA-
OneVision being very similar to, or even more extensive
than, what we employ, there remains significant room for
improvement in its performance on short-term fine-grained
understanding tasks. As shown in Table 10, with TPO,
LLaVA not only gains capabilities that it originally lacked
but also achieves an 8.1% improvement on MVBench,
demonstrating the universality of the TPO method.

Task Preference Model vs. Textualized Task Data. We
compare the TPO method with the approach of textualiz-
ing task data and training it in an autoregressive manner,
which is a straightforward and efficient method for MLLMs
to learn specific tasks. We use the same data as the TPO
method and convert the data related to the task head into
conversation format. Due to the limitations of textual rep-
resentation, much data must be input in a more discrete
manner. For instance, in tracking supervision data, we fol-
low Merlin [90] by converting masks into a sequence of
spatial coordinates to serve as both the model’s input and
output. As shown in Table 11, MLLM-TPO achieves a
2.1% performance improvement on MVBench [45] com-
pared to MLLMs trained with textualized task data. This
demonstrates that the task head in the TPO method en-
ables more effective utilization of the original supervision
signals compared to the next-token prediction approach,
which inevitably incurs information loss when converting
fine-grained tasks into textual annotations. The next-token
prediction method cannot truly capture the nuanced infor-
mation present in videos, while TPO allows the MLLM to
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Model | LaSOT [18] | GOT-10k [27] Method ‘ Ref-YouTube-VOS [65] MeViS [15] Model ‘ MVBench
| Success Pnorm P | Overlap SRO.5 SR0.75 J&F I FolIJ&F T ;
SiamFC [4] 36 420 39| 348 353 98 ReferFormer [81] | 629 613 646 | 310 208 322  LLaVA-OV[39] 56.7
ATOM [13] 515 B . 55.6 63.4 402 OnlineRefer [80] | 629 61.0  64.7 - LLaVA-OV-TPO | 64.8 (+8.1)
e I S T T
tamtt+ 156 : - : : - : VideoLISA [3] 637 617 637 | 444 413 476 .
LLaVA-L.5 [48] 194 165 128] 235 202 97 VideoChaTPO | 639 523 754 | 470 426 513 Table 10. Applying TPO on
Merlin [90] 398 402 381 | 514 559 428 - - -

VideoChat:-TPO | 694 ~ 80.1 769 | 706 798  66.0

Model | Charades-STA [21] | MVBench
| R@0.3 R@0.5 R@0.7 | mloU | AVG
VideoChat-TPO 58.3 40.2 18.4 38.1 66.8
w/o reasoning data 56.4 38.3 17.1 35.6 66.1
replace by simple head 31.5 17.8 6.1 154 65.8
textualized task data 337 18.6 6.2 16.0 64.7

Table 11. Ablation of Reasoning Data and Head Performance.

Exp. |T R M C |R@05 Acc@05 J&F

1| v 30.2 - -
2 v - 713 -
3 v - - 55.1
4 v oV - 802 583
5 /v v v 367 816 614
6 | v v v V| 402 80 639

Table 12. Impact of TPO Components and Data. T, R, M, and
C denote temporal head, region head, mask head, and conversa-
tion data respectively. R1@0.5 means R1@0.5 in Charades-STA,
Acc@0.5 represents the mean of Acc@0.5 in all COCO datasets,
J&F means J&F in Ref-YouTube-VOS.

learn perceptual information beyond conversational data.

Impact of Task Head Performance on TPO. A stronger
task head is expected to enhance the multimodal capabilities
of TPO more effectively than a weaker one. To further ex-
plore the impact of the task head on model performance, we
replaced the temporal head from CG-DETR [55] with a sim-
ple two-layer MLP. As shown in Table 11, the simple tem-
poral head exhibits a significant performance decline com-
pared to CG-DETR on the corresponding tasks. However,
it still achieves a 1.1% improvement compared to the model
without TPO. In contrast to the simpler head, the well-
designed head can provide more accurate expert knowl-
edge through its architecture and pre-trained task preference
weights, enabling better utilization of the data.

Impact of Data Scaling. Concerning foundation or large
models, we expect to enhance their model performance by
incorporating additional data at scale. In our approach,
we expand the existing conversation data by integrating
two reasoning datasets [5, 14] with temporal information.
By incorporating these datasets, we observe a notable en-
hancement in the capabilities of the temporal head in Ta-
ble 11. Furthermore, as shown in Table 12, adding con-
versation data further improves performance across various

LLaVA-OV. TPO significantly

Table 9. Performance on Referring Segmentation. enhances the ability to under-
Table 8. Performance on Tracking Benchmarks. TPO is evaluated in a zero-shot on Ref-YouTube.

stand fine-grained video details.

tasks. Overall, increasing the amount of conversation and
fine-grained task data leads to noticeable improvements in
model performance, demonstrating the effectiveness of data
scaling in training multimodal models with TPO.

Synergistic Gains from Co-training. Table 12 presents
the impact of incorporating different visual tasks into TPO
on performance. This indicates that the collaborative learn-
ing of visual tasks facilitates the transfer of knowledge,
ultimately leading to better performance across the board.
Overall, these results confirm that co-training not only ben-
efits individual tasks but also creates a synergistic effect that
enhances overall capabilities in visual understanding.

5. Conclusions

This paper introduces Task Preference Optimization (TPO).
It enhances the overall multimodal performance of MLLMs
by enhancing their precise visual understanding. TPO
achieves this by integrating differentiable task preferences
derived from fine-grained visual tasks. It introduces learn-
able task tokens that serve as bridges between multiple
task-specific heads and the MLLM. Through the joint opti-
mization of these task tokens, heads, and the MLLM, TPO
leads to a substantial improvement in multimodal dialogue
capabilities and performance across various visual tasks.
Our results demonstrate the effectiveness of TPO in scal-
ing MLLMs with task-specific data and seamlessly integrat-
ing them with existing expert vision models. We believe
this study clarifies the prerequisites for fusing MLLMs with
models and data from the pre-large model era, effectively
bridging the gap between expert and generalist models, as
well as between generation and understanding.

Limitations. Currently, TPO focuses exclusively on dis-
criminative visual tasks, overlooking generative ones.
Meanwhile, the framework is supervised by human anno-
tations, which neglects potentially valuable unsupervised
or self-supervised learning approaches such as contrastive
learning [10, 23]. This limitation inherently restricts the
scalability of TPO in terms of both task diversity and re-
quirements. While we demonstrate TPO’s potential for
enhancing MLLMs through increased task-specific data, a
comprehensive investigation into the broader impact of this
scaling remains a crucial area for future research.
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