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Abstract. Referring multi-object tracking (RMOT) aims to track every
instance in a video that matches a given language expression. Despite
the recent integration of multimodal large language models (MLLMs) to
enhance generalization, existing methods predominantly relegate them
to the role of caption generators, necessitating external modules for final
decision-making. This paradigm not only introduces extra latency but
also severely underutilizes the inherent vision–language alignment capa-
bilities of MLLMs. To address these limitations, we propose YesTrack, a
novel two-stage RMOT method that reformulates referring as a discrim-
inative task, directly leveraging MLLMs for Yes/No verification with-
out explicit text generation. To further enhance the reliability and ef-
ficiency of this MLLM-based verification, we introduce two lightweight
temporal consistency constraints: Temporal Confidence Prior (TCP) and
Temporal Reference Propagation (TRP). We further validate the gen-
erality of this discriminative paradigm by proposing YesTrack-MOT,
a straightforward yet highly effective instantiation for generic multi-
object tracking (MOT). Experiments on Refer-KITTI and Refer-KITTI-
V2 show that YesTrack significantly outperforms existing state-of-the-
art methods while maintaining high efficiency, even when implemented
with the smallest variant of Qwen3-VL. Code is released at https:
//github.com/ggbondrighthere24/YesTrack.
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1 Introduction

Referring multi-object tracking (RMOT) is a multimodal video understanding
task that aims to continuously localize and associate target objects across frames,
conditioned on a natural language referring expression. Unlike generic multi-
object tracking (MOT) [4, 10, 37, 43, 45], which tracks all instances indiscrimi-
nately, RMOT requires aligning specific trajectories with referring expressions,
making it both practically relevant for applications like autonomous driving and
a challenging benchmark for multimodal grounding in dynamic scenes.
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(a) Generative vs. discriminative paradigms in referring. (b) Performance comparison.

Fig. 1: (a) Generative methods first produce captions in an autoregressive manner
and then apply an additional text–text similarity module for alignment, introducing
latency from both sequential decoding and extra textual matching. Our discriminative
paradigm directly extracts the intermediate logits from MLLMs and applies a softmax
operation only over the logits corresponding to Yes and No, enabling a more efficient
and direct use of multimodal alignment. (b) Our approach achieves state-of-the-art
results with HOTA 54.00, DetA 43.91, and AssA 66.57 on Refer-KITTI.

Existing RMOT approaches mainly rely on transformer-based architectures
to model cross-modal interactions and temporal dependencies. Most end-to-end
methods [18, 46] achieve strong performance with task-specific designs, such as
decomposing expressions, fine-grained linguistic parsing, or multimodal atten-
tion. However, these methods are typically trained on datasets with limited
vocabulary and expression diversity, which may introduce dataset-dependent bi-
ases and limit generalization to more complex or real-world scenarios. To improve
generalization, recent work [6] formulate RMOT as a two-stage pipeline consist-
ing of a tracking backbone followed by a language-conditioned referring module.
In this paradigm, multimodal large language models (MLLMs) [2, 3, 21, 31, 36]
are primarily introduced in the referring stage to enhance cross-modal reasoning
capability, often employed as caption generators, which is illustrated in Fig. 1a.
While this enhances robustness to diverse expressions, autoregressive decoding
introduces latency, and extra modules are required to convert textual outputs
into concrete referring decisions, increasing architectural complexity and hinder-
ing tracking efficiency.

To address these limitations, we propose YesTrack, a simple yet effective
RMOT framework that introduces a fundamentally different way of leveraging
MLLMs. As illustrated in Fig. 1a, rather than employing MLLMs for caption
generation, YesTrack adopts a discriminative paradigm to exploit MLLMs for
referring. Specifically, we reformulate referring as a binary image–text match-
ing problem and leverage the MLLMs’ output to directly determine whether a
candidate trajectory matches the given referring expression. This design com-
pletely avoids autoregressive decoding, requires only a single forward pass per
candidate, and eliminates the need for additional complex for referring, thereby
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enabling efficient and scalable inference. Moreover, we introduce two temporal
consistency constraints to further enhance robustness and efficiency for two-
stage RMOT methods. Temporal Confidence Prior (TCP) exploits identity-level
temporal consistency to stabilize referring decisions under occlusion. Tempo-
ral Reference Propagation (TRP) accelerates inference by performing MLLMs
verification on sparsely sampled frames and propagating decisions to subsequent
frames, while still handling newly appearing identities in a timely manner. More-
over, this discriminative paradigm can be naturally extended to multi-object
tracking by leveraging MLLMs as a pairwise identity verifier to replace tradi-
tional embedding-based ReID in data association, offering a straightforward yet
effective way to incorporate MLLMs into key MOT components.

Our main contributions are summarized as follows:
(1) We propose YesTrack, a simple yet effective framework that unlocks the

latent discriminative power of MLLMs for RMOT, transforming them from
caption generators into discriminative referring heads. We further show that
this discriminative paradigm generalizes beyond referring tasks—instantiated as
YesTrack-MOT for generic multi-object tracking—achieving strong performance
and confirming that direct MLLMs-driven decision-making can serve as a versa-
tile foundation for tracking.

(2) We introduce two lightweight yet general temporal consistency constraints
for two-stage RMOT, namely Temporal Confidence Prior and Temporal Refer-
ence Propagation, to mitigate frame-wise prediction instability and reduce re-
dundant cross-modal verification, thereby improving both robustness and com-
putational efficiency.

(3) As summarized in Fig. 1b, extensive experiments on Refer-KITTI and
Refer-KITTI-V2 demonstrate that YesTrack achieves state-of-the-art results with
strong generalization and high efficiency, even when instantiated with Qwen3-
VL-2B-Instruct, the smallest model in the Qwen3-VL family.

2 Related Work

2.1 Referring Multi-object Tracking

Referring multi-object tracking was first formalized by TransRMOT [38], which
introduced the task definition and the Refer-KITTI benchmark, framing RMOT
as a joint problem of referring expression comprehension [8,16,26,42] and multi-
object tracking [4,10,37,43,45]. Existing methods fall into two paradigms: end-
to-end and two-stage. End-to-end methods integrate tracking and referring into
a unified framework. TempRMOT [44] introduces temporal enhancement for im-
proved sequence modeling and releases the Refer-KITTI-V2 benchmark; DKG-
Track [18] decomposes expressions into static and motion cues for fine-grained
alignment; HFF-Tracker [46] uses hierarchical feature fusion with adaptive train-
ing. Despite strong results, many end-to-end approaches rely on task-specific
modules and training over a restricted vocabulary space, potentially limiting
generalization to unseen scenarios. Two-stage methods decouple tracking and
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referring, performing generic MOT first and then selecting target trajectories via
language. Representative examples include iKUN [9], which adds a Knowledge
Unification Module to align visual and language features and Neural Kalman
Filter to improve temporal association, and ReferGPT [6], which incorporates
MLLMs to generate captions aligned with referring expressions. While effective,
these sequential pipelines increase computational overhead and inference latency.

2.2 MLLMs in Vision Language Understanding

Recent works have incorporated multimodal large language models (MLLMs)
into vision–language understanding such as person re-identification (ReID) [13,
15,24,34,41]. A prevalent paradigm treats MLLMs as generative description mod-
ules: visual content is first converted into textual descriptions and then aligned
with textual queries for matching. This strategy is adopted in text-to-image
ReID frameworks such as CLIP-SCGI [11], and in the referring stage of two-
stage RMOT methods like ReferGPT [6], where caption generation and query
matching are performed sequentially. Another line of work exploits MLLMs for
semantic token generation or attribute extraction, e.g., LVLM-ReID [35], which
produces compact pedestrian representations to guide identity learning. VQA-
style formulations have also been explored, treating ReID as an interactive rea-
soning process, as in LLaVA-ReID [22].

Although these approaches demonstrate the benefits of semantic enrichment
and cross-modal alignment, applying generative paradigms directly to RMOT
encounters a critical bottleneck: the autoregressive generation of numerous text
tokens incurs significant latency, severely hindering the real-time inference re-
quired for tracking. To bypass this token generation overhead, recent practices
that recast large models into discriminative roles offer valuable inspiration. By
reducing complex multimodal reasoning to efficient binary Yes/No decisions, dis-
criminative formulations provide a much faster alternative. Such discriminative
formulations have been increasingly adopted as lightweight decision mechanisms,
where large models are prompted to produce explicit Yes/No judgments for eval-
uation, task verification, and iterative control [29,30,32]. These practices suggest
that, beyond generation, large models possess strong discriminative potential;
however, existing approaches essentially treat the model as a binary classifier
by directly eliciting discrete Yes/No outputs, without leveraging the underlying
token-level logits, which limits their effectiveness for RMOT.

3 Method

In this section, we describe the proposed YesTrack framework. YesTrack is a two-
stage RMOT paradigm that combines an off-the-shelf tracker with an MLLM-
based discriminative referring module. On top of this basic pipeline, we introduce
two intuitive yet general temporal consistency constraints to improve robustness
and efficiency. Beyond the referring stage in RMOT, we present a tracker, termed
YesTrack-MOT, which applies the same discriminative MLLMs paradigm to data
association in MOT.
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3.1 Framework Overview

As illustrated in Fig. 2, given a video and a referring expression, YesTrack first
employs Temporal Reference Propagation (TRP) to reduce redundant verifica-
tion by leveraging the temporal stability of referring decisions. Specifically, TRP
categorizes frames into key and non-key frames: a frame is defined as a key frame
if MLLM-based referring is triggered at that frame (see Sec. 3.3). At key frames,
full verification is performed, while for non-key frames, the previously computed
referring score is directly propagated for each active identity. This mechanism
avoids unnecessary MLLM invocations across consecutive frames. To facilitate
this process, YesTrack applies an off-the-shelf tracker to each frame t to obtain
the candidate targets indexed by i. For each target i, the tracker provides its
track crop, identity ID, and normalized bounding box coordinates. For candi-
dates requiring verification at key frames, we employ a discriminative two-stage
MLLM-based verifier. In Stage 1 (frame mode), the MLLM performs single-frame
pairwise verification between the crop of target i and the referring expression,
producing a confidence score pi 2 [0; 1] for each candidate. Temporal Confidence
Prior (TCP) regularization is then applied to incorporate historical confidence
signals and stabilize predictions (Sec. 3.3). Based on the TCP-adjusted confi-
dence pi, candidates are routed efficiently: those with pi � ph or pi � pl (where
ph and pl denote predefined upper and lower confidence thresholds) are directly
kept or discarded, respectively. Ambiguous candidates satisfying pl < pi < ph
proceed to Stage 2. In Stage 2 (video mode), the verifier performs temporal re-
finement. A memory bank retrieves the past K frames associated with target i,
including their corresponding crops and referring scores, where K denotes the
temporal window size. The MLLMs jointly evaluates this temporal context and
outputs the final discriminative decision, which is determined by a threshold 
.

3.2 MLLM-based Verifier

To determine whether a target instance matches the given referring expression,
we adopt MLLMs as a binary verifier. The verifier receives a cropped target
image or cropped video clip together with the referring expression and outputs
a binary decision indicating whether the candidate matches the description.

Input formatting. For each candidate identity proposed by the tracker, we
construct a unified multimodal input consisting of the cropped image region, its
normalized spatial coordinates, and the referring expression. The spatial coordi-
nates are embedded into the textual prompt to provide explicit location cues.

To constrain the output space, we explicitly instruct the model to answer
Yes or No. In contrast to generative approaches where the model is free to
produce variable-length text, this binary formulation restricts the decision space
to two semantic options. Such a closed-set setup encourages sharper decision
boundaries in the output logits and reduces ambiguity introduced by open-ended
decoding. It also aligns naturally with the instruction-following capabilities of
modern MLLMs, enabling stable and efficient inference.
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Fig. 2: Overview of YesTrack. An o�-the-shelf tracker extracts candidate crops, and
Temporal Reference Propagation (TRP) propagates recent decisions. Remaining can-
didates are handled by a two-stage MLLM-based veri�er: Stage 1 performs single-frame
scoring with Temporal Con�dence Prior (TCP) regularization for early routing, while
Stage 2 re�nes uncertain cases at the video level using a memory bank. The right panel
shows the veri�er architecture, where frame and video modes di�er only in input image
number and prompt formulation. Final binary matching probabilities are obtained by
applying softmax to the projected decision token logits.

Separate prompt templates are used for frame mode and video mode while
maintaining the same binary decision format. The exact templates are provided
in the supplementary material.

Binary probability extraction. As illustrated in Fig. 2, after jointly encod-
ing the visual and textual inputs, MLLMs produce token-level logits over the
vocabulary after decoding and projection. Instead of relying on autoregressive
decoded text, we directly extract the logits corresponding to the two decision
tokens. Given an input pair (I i ; E) for tracked identity i, where I i is the image
crop and E is the corresponding expression, we denote the logits of the decision
tokens as `yes

i and `no
i , and compute the matching probability of Yes pi using a

softmax function:

pi =
exp(`yes

i )
exp(`yes

i ) + exp(` no
i )

: (1)

Compared with generative decoding, this logit-based formulation provides sev-
eral distinct advantages. By bypassing free-form outputs, it inherently avoids
the instability associated with unexpected explanations or wording variations.
Furthermore, the extracted logits translate directly into a continuous con�dence
score. This preserves the uncertainty information essential for con�dence-based
routing and temporal re�nement. Consequently, this design eliminates the com-
putational overhead of iterative token sampling, streamlining the process to re-
quire only a single forward pass per candidate.
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Training. Following the binary probability formulation above, each input pair
(I i ; E) is annotated with a binary ground-truth label y i 2 f0; 1g, where yi = 1
indicates a positive match and yi = 0 otherwise. Utilizing the discriminative
matching probability p i computed from the two decision logits, the training
objective is formulated as the standard Binary Cross-Entropy (BCE) loss:

L i = � [y i log pi + (1 � y i ) log(1 � p i )] ; (2)

where the softmax normalization is restricted to the two decision tokens.

3.3 Temporal Consistency Constraints

To improve both robustness and e�ciency in this two-stage RMOT pipeline, we
introduce two simple inference-time temporal consistency constraints: Temporal
Reference Propagation (TRP) and Temporal Con�dence Prior (TCP). These
strategies enhance temporal robustness without modifying the core model archi-
tecture and can be readily extended to other two-stage RMOT frameworks.

Temporal Reference Propagation (TRP). TRP is motivated by the obser-
vation that referring decisions are typically more temporally stable than tracking
states. While trajectories require frame-wise updates, the semantic relevance of
an identity to a given query rarely changes within a short temporal window. Ex-
ploiting this property enables us to reduce redundant MLLM invocations without
sacri�cing referring accuracy.

Speci�cally, a frame is de�ned as a key frame if MLLM-based referring is
triggered at that frame. At each key frame, both tracking and referring are
performed, and the resulting referring score is propagated to subsequent frames
until the next key frame. For non-key frames, only tracking is executed, while
the referring score is directly inherited from the most recent key frame as long as
the identity remains active. In practice, referring is triggered at a �xed interval
�, when a new identity appears, or when the referring expression changes.

Temporal Con�dence Prior (TCP). TCP exploits identity-level temporal
consistency across frames. For each tracked identity i at frame t, let p(t)i 2 [0; 1]
be the matching probability predicted by the MLLMs. If an identity has been
con�dently matched in recent frames, it is likely to remain relevant in the current
frame. Based on this observation, TCP introduces a temporal prior to bias the
current prediction. The adjusted probability is formulated as follows:

~p(t)
i = min

�
1; p(t)

i + � � I
�

min
k2[t�K; t�1]

p(k)
i � �

��
; (3)

where I(�) denotes the indicator function, K is the temporal window size, � is
a con�dence threshold, and � > 0 controls the strength of the temporal prior.
The outer min(�) clips the adjusted score to 1, ensuring that ~p(t)i remains a valid
probability. The inner min(�) operator enforces strict temporal consistency: the
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Fig. 3: Overview of YesTrack-MOT. Given detections from a standard detector,
YesTrack-MOT �rst applies distance-based gating to reduce candidate pairs. An
MLLM-based veri�er then performs pairwise image�image veri�cation between cur-
rent detections and previous track crops, producing a con�dence score that forms a
cost matrix. Tracks are updated via Hungarian matching, while unmatched tracks are
temporarily kept for potential re-association, forming a minimal yet e�ective MOT
pipeline.

prior is applied only when the identity remains con�dently matched across all
previous K frames.

3.4 YesTrack-MOT

While YesTrack is a two-stage RMOT framework that consists of a tracking
backbone and a subsequent MLLM-based referring module, its tracking compo-
nent can be implemented by any o�-the-shelf MOT tracker.

In this work, we further instantiate the tracking backbone with a simple
MLLM-based tracker, termed YesTrack-MOT, by extending the same discrimi-
native paradigm to data association. As illustrated in Fig. 3, YesTrack-MOT
replaces conventional embedding-based ReID with an MLLM-based pairwise
identity veri�er, resulting in a deliberately simple MOT instantiation.

Importantly, the underlying idea is consistent with our referring module:
we treat the MLLMs as a veri�er that outputs a continuous con�dence score.
The only di�erence lies in the input modality: referring performs image�text
veri�cation, whereas YesTrack-MOT performs image�image veri�cation between
a tracked crop and a detection crop. For clarity, the exact prompt templates used
for identity veri�cation are provided in the supplementary material.

Simple distance gating. At frame t, let T t�1 = f� j gN
j=1 be the set of tracks

from the previous frame and Dt = fd k gM
k=1 be the detections in the current

frame. To reduce the number of candidate pairs, we apply a lightweight distance-
based gating rule and only keep plausible pairs whose center displacement is
within a threshold:

g(� j ; dk ) = I
�
kc(� j ) � c(d k )k2 � �

�
; (4)
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