SlotVTG: Object-Centric Adapter for Generalizable Video Temporal Grounding
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Figure 1. Motivation. Zero-shot MLLMs lack fine-grained temporal understanding, producing incorrect timestamps in both settings.
Fine-tuning on a VTG dataset resolves this for In-Domain (ID) videos (left), but on Out-of-Domain (OOD) videos the model predicts
timestamps based on dataset-specific shortcuts rather than the actual visual content (right). Our method leverages object-centric visual
representations (bottom) that decompose each frame into semantic entities, encouraging genuine visual grounding in both seen and unseen

settings.

Abstract

Multimodal Large Language Models (MLLMs) have
shown strong performance on Video Temporal Grounding
(VIG). However, their coarse recognition capabilities are
insufficient for fine-grained temporal understanding, mak-
ing task-specific fine-tuning indispensable. This fine-tuning
causes models to memorize dataset-specific shortcuts rather
than faithfully grounding in the actual visual content, lead-
ing to poor Out-of-Domain (OOD) generalization. Object-
centric learning offers a promising remedy by decompos-
ing scenes into entity-level representations, but existing ap-
proaches require re-running the entire multi-stage training
pipeline from scratch. We propose SlotVTG, a framework
that steers MLLMs toward object-centric, input-grounded
visual reasoning at minimal cost. SlotVIG introduces a

*Equally contributed first authors. TCorresponding author.

lightweight slot adapter that decomposes visual tokens into
abstract slots via slot attention and reconstructs the original
sequence, where objectness priors from a self-supervised
vision model encourage semantically coherent slot forma-
tion. Cross-domain evaluation on standard VIG bench-
marks demonstrates that our approach significantly im-
proves OOD robustness while maintaining competitive In-
Domain (ID) performance with minimal overhead.

1. Introduction

Video Temporal Grounding (VTG), the task of localiz-
ing temporal moments in untrimmed videos given natu-
ral language queries, has been predominantly addressed
by DETR-based specialist models [24, 30, 36, 44]. Re-
cently, Multimodal Large Language Models (MLLMs) have
emerged as a compelling alternative [13, 17, 34,42, 45, 55],



owing to their powerful visual representations learned from
massive image and video corpora.

However, naively applying MLLMSs to VTG yields sub-
optimal results. Temporal grounding demands fine-grained
temporal understanding that goes beyond the coarse recog-
nition capabilities of general-purpose MLLMs, making
task-specific fine-tuning indispensable [17, 42, 45, 55]. Yet
VTG annotations require precise start-end timestamps for
each query, making large-scale data collection prohibitively
expensive and preventing models from being exposed to di-
verse data distributions. This leads to severe overfitting to
dataset-specific shortcuts, as these limited-scale datasets in-
evitably contain various forms of bias, such as temporal lo-
cation bias [6, 14, 39], query text bias [6, 19, 26], and ap-
pearance bias [3, 40]. Consequently, these models exhibit
severe performance degradation when encountering Out-of-
Domain (OOD) test samples (Figs. | and 2(a)).

In this work, we focus on investigating how the vi-
sual domain gap leads to VTG performance degradation
in OOD settings through comprehensive empirical analy-
ses. As shown in Fig. 2(b), the fine-tuned MLLM exhibits
a performance gap of around 13% on OOD samples, de-
pending on whether they are visually similar or dissimilar to
the source dataset. To further diagnose whether the model
genuinely grounds in visual contents, we inject noise into
ground-truth segments and compare against perturbing ran-
dom non-ground-truth segments (Fig. 2(c)). On ID, ground-
truth perturbation causes a significantly larger drop than
random perturbation, confirming the model does attend to
the target moment. On OOD, however, the two cause nearly
identical drops, indicating the model is not actively ground-
ing the visual inputs but has rather lost its scene recognition
capability for unseen domains.

To encourage the model to genuinely ground on visual
contents regardless of domain shifts, it is crucial to ex-
tract domain-invariant visual cues. A promising direction is
object-centric learning [32], which decomposes scenes into
discrete entity-level representations and has been shown
to improve domain generalization in video understanding
tasks in MLLMs [7, 49]. However, these approaches inte-
grate object-centric representations between the visual en-
coder and the language model, requiring the entire vision-
language alignment and instruction tuning pipeline to be re-
trained from scratch.

We propose SlotVTG, a framework that brings object-
centric representation learning into the MLLM framework
at minimal cost. SlotVTG introduces a lightweight Slot
Adapter that decomposes visual tokens into a compact set
of abstract slots via slot attention, then reconstructs the orig-
inal token sequence from these slots. This bottleneck guides
visual information through entity-level representations, en-
couraging the model to suppress spurious correlations and
instead attend to the actual visual content relevant to the

query. To further encourage semantically coherent tokens

to be grouped into the same slot, we introduce a Slot Align-

ment (SA) loss that aligns the slot attention maps with self-

supervised objectness priors from pre-trained DINOv2 [38]

features.

We validate our approach through cross-domain evalua-
tion on standard VTG benchmarks, training on one source
(e.g., Charades-STA [11] and QVHighlights [24]) and eval-
uating on different targets. Our experiments demonstrate
that Slot Adapter improves OOD robustness while main-
taining competitive ID performance, with minimal memory
overhead and additional parameters. Our main contribu-
tions are as follows:

* We identify that fine-tuned MLLMs memorize dataset-
specific visual shortcuts rather than grounding in the ac-
tual visual content.

* We propose SIotVTG, a parameter-efficient framework
consisting of a Slot Adapter that decomposes visual to-
kens into entity-level slots, and a Slot Alignment Loss
that encourages semantically coherent slot formation via
objectness priors from pre-trained DINOv?2 features.

* We demonstrate through cross-domain evaluation that
SlotVTG significantly improves OOD robustness while
maintaining competitive ID performance with minimal
overhead.

2. Related Work
2.1. Video Temporal Grounding

Video Temporal Grounding (VTG) aims to localize tem-
poral moments in untrimmed videos given natural lan-
guage queries. Early approaches rely on proposal-based
or regression-based architectures [11, 15, 54, 57]. Inspired
by the success of DETR [4] in object detection, Moment-
DETR [24] pioneered the use of set prediction for joint
moment retrieval and highlight detection, establishing the
QVHighlights benchmark. Subsequent DETR-based meth-
ods have advanced the paradigm through query-dependent
representations [36], event-aware attention [18], unified
multi-task frameworks [30], task-reciprocal decoding [44],
correlation-guided calibration [35], and joint task explo-
ration [48, 50].

More recently, Multimodal Large Language Models
(MLLMs) have emerged as a compelling alternative.
VTimeLLM [17] and TimeChat [42] demonstrate that
MLLMs can generate temporal boundaries as text to-
kens through task-specific instruction tuning. This gen-
erative paradigm has been extended by interleaved frame-
timestamp representations [34], causal event modeling [13],
grounded tuning for long videos [55], chain-of-LoRA rea-
soning [31], and reinforcement learning with verifiable tem-
poral rewards [46]. While these methods improve temporal
understanding within MLLMs, they focus on architectural
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Figure 2. Observations. We naively fine-tune Qwen2.5-VL-3B [2] on Charades-STA (Cha.) [11] (source) and evaluate on QVHighlights
(QVH) [24] (target). (a) ID vs. OOD performance. The model achieves 63.4 R1@0.5 on ID but drops to 43.6 on OOD, confirming severe
overfitting to dataset-specific patterns. (b) Visual similarity analysis. We extract visual features from the vision encoder and compute
cosine similarity between ID and OOD samples; performance on the most similar 20% of OOD samples (52.8) far exceeds the most
dissimilar 20% (39.1), indicating that the model fails when visual distribution shifts. (c) Noise perturbation. We report R1@0.7 for
a stricter localization threshold. On ID, ground-truth perturbation causes a 17.4% drop while random perturbation causes only 9.6%, a
significant gap confirming the model attends to the target moment. On OOD, however, the two cause nearly identical drops (12.6% vs.
12.1%), revealing that the model does not attend to the actual visual content under distribution shift. (d) Domain gap. MMD distance [12]
of our slot-based representations (0.097) is substantially lower than the baseline (0.192), showing that object-centric decomposition reduces

the domain gap between source and target distributions.

and training innovations without addressing the fundamen-
tal problem of dataset-specific shortcut learning during fine-
tuning.

2.2. Bias in Video Understanding

Dataset bias has been widely studied across video under-
standing tasks. In action recognition, Choi et al. [9] reveal
that models exploit scene context as a shortcut, achieving
high accuracy without attending to the actual action. Li et
al. [28] formalize representation bias in video datasets and
introduce the Diving48 benchmark to mitigate it. Bae et
al. [1] further address this through disentangled action-
scene representations. Beyond action recognition, Lei et
al. [25] show that single-frame models perform surprisingly
well on video-language tasks, exposing static appearance
bias.

In the VTG domain specifically, Otani et al. [39] demon-
strate that blind baselines without video input can match
trained models by exploiting annotation distribution pat-
terns.  This finding prompted the creation of out-of-
distribution evaluation splits [53] and spurred numerous
debiasing methods. Causal inference approaches [37, 52]
use backdoor adjustment to remove confounding effects
of moment location. Adversarial and augmentation strate-
gies [14, 23, 40] synthesize bias-conflict samples or shuf-
fle temporal structure to discourage shortcut exploitation.
Chae et al. [6] provide a comprehensive benchmark across
seven datasets, analyzing annotation bias and query text pat-
terns. These studies collectively reveal that VTG datasets
contain diverse biases spanning annotation distributions,
language patterns, and visual modalities, and that exist-

ing models remain vulnerable to exploiting such shortcuts
rather than performing genuine cross-modal grounding.

2.3. Object-Centric Learning

Object-centric learning aims to decompose scenes into dis-
crete entity-level representations. Slot Attention [32] intro-
duces an iterative competitive attention mechanism where
learnable slots compete to explain input tokens. DI-
NOSAUR [43] extends slot attention to real-world images
by reconstructing self-supervised DINO [5] features instead
of raw pixels. In the video domain, SAVi [21] conditions
slot initialization on optical flow for temporal consistency,
while SlotFormer [47] learns unsupervised visual dynamics
through autoregressive slot prediction.

Integrating object-centric representations into vision-
language models is an emerging direction. Slot-VLM [49]
designs dual-branch object-event slots that decompose
video tokens into object-centric and event-centric represen-
tations for LLM reasoning. Slot-MLLM [7] combines Q-
Former with slot attention to produce discrete object-centric
visual tokens for unified multimodal generation. However,
both approaches require training the entire vision-language
pipeline from scratch, including visual token alignment and
instruction tuning. Our work differs in that we introduce a
lightweight slot-based adapter that can be attached to exist-
ing fine-tuned MLLMs at minimal cost, without modifying
the base training pipeline.
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Figure 3. (a) Overview of SlotVTG. Video frames are encoded into visual tokens and projected into the LLM decoder. In the early
decoder layers, a lightweight Slot Adapter decomposes visual tokens into entity-level slots via iterative slot attention, then reconstructs the
token sequence. The resulting tokens carry disentangled, entity-aware representations before entering the later layers, which are fine-tuned
with LoRA for temporal reasoning and answer generation. Text tokens bypass the Slot Adapter throughout. (b) Slot Alignment Loss.
Token-pair similarity derived from slot attention weights is aligned with that from a pre-trained DINOv2 model, encouraging semantically

coherent tokens to be grouped into the same slot.

3. Preliminaries

3.1. Generative VTG Framework

We follow the generative Video Temporal Grounding
(VTG) paradigm, where an MLLM directly generates tar-
get timestamps as text tokens. Given T' uniformly sampled
video frames and a natural language query, we encode each
frame into N visual tokens f; € RV*P via a frozen vi-
sion encoder and linear projection, where D is the hidden
dimension of the LLM decoder, and tokenize its timestamp
into a short text sequence t;. Each frame’s sampling time
in seconds is tokenized into a short text sequence t; (e.g.,
“2.58”). The input to the LLM decoder is constructed by
interleaving each frame’s visual tokens with its timestamp
tokens, followed by the query tokens q:

X:[fl,thfg,tg,...,fT,tT,q], (1)
This interleaved layout has been shown to be effective for
temporal grounding [34, 56]. The model autoregressively
decodes the target temporal window [tgart, tend]-

3.2. Observations

To understand why naively fine-tuned MLLMs fail under
distribution shift, we conduct a series of diagnostic ex-

periments. We fine-tune Qwen2.5-VL-3B on Charades-
STA [11] and evaluate on QVHighlights [24].

OOD performance degradation. Fig. 2(a) compares ID
and OOD performance. The fine-tuned model achieves
63.4 R1@0.5 on ID but only 43.6 on OOD—a 31.2% rela-
tive drop. This confirms that the model overfits to source-
domain patterns rather than learning generalizable temporal
grounding.

Visual similarity matters. To investigate whether this
degradation correlates with visual distribution shift, we ex-
tract features from the vision encoder and rank OOD sam-
ples by cosine similarity to the training set. As shown in
Fig. 2(b), the most similar 20% of OOD samples achieve
52.8 R1@0.5, while the most dissimilar 20% drop to 39.1.
This reveals that the model’s predictions degrade propor-
tionally with visual domain distance, suggesting it relies on
surface-level visual patterns seen during training.

The model ignores visual content on OOD. We design a
noise perturbation experiment to directly test whether the
model attends to the visual content within ground-truth seg-
ments. Specifically, we add Gaussian noise to the visual to-
kens corresponding to the annotated temporal window and
measure the performance change. We report R1@0.7 for



this experiment, as a stricter IoU threshold better captures
whether the model precisely localizes the target moment.
As shown in Fig. 2(c), corrupting the ground-truth segment
on ID causes a 17.4% drop, while corrupting random non-
ground-truth segments causes only a 9.6% drop—a 7.8%p
gap confirming the model does rely on the target moment.
On OOD, however, ground-truth perturbation (12.6%) and
random perturbation (12.1%) cause nearly identical degra-
dation, with only a 0.5%p gap—the model is effectively ig-
noring the visual content of the target moment and instead
relying on dataset-specific shortcuts.

Object-centric representations reduce domain gap. The
above findings motivate our approach: if the model fails be-
cause it relies on domain-specific visual patterns, decom-
posing the representation into object-centric slots should
yield more transferable features. Fig. 2(d) validates this hy-
pothesis. We compute a per-video representation by aver-
aging the vision token hidden states and measure the Max-
imum Mean Discrepancy (MMD) [12] between source and
target distributions (see Sec. 5.1 for details). The base-
line exhibits an MMD of 0.192, while our slot-based rep-
resentation reduces it to 0.097 (-49.6%), demonstrating that
object-centric decomposition substantially narrows the do-
main gap.

4. SlotVTG

We introduce SlotVTG, a parameter-efficient framework
that brings object-centric visual representation into pre-
trained MLLMs at minimal cost. Fig. 3(a) provides an
overview. We describe the Slot Adapter in Sec. 4.1, the
Slot Alignment Loss in Sec. 4.2, and the training objective
in Sec. 4.3.

4.1. Slot Adapter

Let X € RT*NXD denote the visual tokens at a given de-
coder layer, where N is the number of tokens per frame
and D is the hidden dimension. Instead of letting the LLM
decoder process these tokens directly, we decompose them
into a compact set of N, abstract slots via iterative slot at-
tention [32].

Down Projection. We first project the visual tokens X into
a lower-dimensional bottleneck space:

Xiown = XW gy € RT¥Nxd 2)

where W goun € RP*4 and d < D.

Slot Attention. A set of N, learnable slot queries S(?) ¢
RT*Nsxd attend to the projected tokens through I itera-
tions. At each iteration, we project the slots and tokens into
a common space with dimension dp: Q = S(i)WQ €
RTstxdh, K = XdownWK c RTxNxdh’ and V =
Xaown Wy € RT*NXdn where W, W, and Wy, are

the projection matrices. The attention scores are computed
as:

M =KQ"/\/d), € RNV 3)

We normalize M along the slot axis via softmax, fostering
competitive assignment of tokens to slots:

exp(M(n, k))
S exp(M(n, 5))

We then normalize A along the token axis such that A(-, k)
sums to one:

A(n, k) =

“)

N B A(n, k)
AR =S G

The updated slot representations are computed as a
weighted mean aggregation Z = ATV. Slots are updated
via a Gated Recurrent Unit (GRU) [8] based recurrence.
This competition mechanism encourages each slot to spe-
cialize in a distinct semantic entity within the frame.
Token Reconstruction. Since the LLM decoder expects
the original token sequence length, we reconstruct the visual
tokens from the slots via cross-attention, where the original
tokens act as queries to retrieve entity-aware information
from the final slots S():

®)

X = CrossAttn(Xgoun, SU)) € RT*Nxd ©)

The reconstructed tokens are projected back to the original
dimension via an up projection. The adapter output is then
added to the original tokens via a residual connection with
a zero-initialized projection:

Xour = X + XW,,, 7)

where W, € R*D projects back to the original dimen-
sion and is initialized to zero, so the adapter acts as an iden-
tity mapping at the start of training. This ensures training
stability while gradually steering the representations toward
entity-level decomposition.

Early-Layer Insertion. We attach the Slot Adapter only
to the early decoder layers. Recent findings [20] show that
cross-frame interactions occur in these early layers, while
deeper layers handle language integration and answer gen-
eration. By inserting the Slot Adapter at this stage, each
slot captures temporally coherent semantics across frames
rather than frame-independent decompositions. The deeper
layers, fine-tuned with LoRA [16, 51], then reason over
these disentangled representations. Text tokens bypass the
Slot Adapter throughout.

4.2. Slot Alignment Loss

While the Slot Adapter encourages decomposition through
its bottleneck structure, the slots may form arbitrary clus-
ters without additional guidance. We introduce Slot Align-
ment (SA) loss, which distills objectness priors from a



Table 1. Performance comparison on video temporal grounding benchmarks. We evaluate SlotVTG against state-of-the-art models
on Charades-STA [11], QVHighlights [24], and ActivityNet Captions [22]. We report both [n-Domain (ID) settings, where the source
and target datasets are the same, and Out-of-Distribution (OOD) settings, where they differ. DETR-based methods (EATR [18] and CG-
DETR [35]) are reproduced using pre-extracted CLIP [41] + SlowFast [10] features at 0.5 fps, following their original implementation.
The performance of zero-shot VTG models is reported for reference. Our results are highlighted in green. The best results under the
same cross-domain evaluation setting (source — target, LLM size) are highlighted in bold.

Target dataset
Source e LLM i . iohli
dataset size Charades-STA ActivityNet-Captions QVHighlights
R1@0.3 R1@0.5 R1@0.7 mloU R1@0.3 R1@0.5 R1@0.7 mloU R1@0.3 R1@0.5 R1@0.7 mloU
HawkEye [45] 7B 50.6 314 14.5 33.7 49.1 29.3 10.7 327 - - - -
g TimeSuite [55] 7B 69.9 48.7 24.0 - 16.6 9.3 22.0 - 12.3 9.2 21.3
wé UniTime [29] 7B - 59.1 31.9 52.2 - 22.8 14.1 27.3 - 41.0 315 437
[E VideoMind [31] 2B 67.6 51.1 26.0 452 44.0 26.5 12.6 30.1 - - - -
VideoMind [31] 7B 73.5 59.1 31.2 50.2 48.4 303 15.7 333 - - - -
EaTR [18] - 67.7 55.2 33.1 477 36.9 18.8 7.3 24.1 31.7 17.0 6.4 21.5
« CG-DETR [35] - 69.7 57.6 35.1 49.5 32.6 16.8 6.8 22.1 374 22.8 10.5 25.2
; Chrono-BLIP [34] 4B 71.5 68.8 48.5 57.2 41.8 22.4 9.7 271 66.6 439 23.7 439
.°:’ Chrono-Qwen [34] 3B 712 63.4 40.3 55.2 44.4 26.3 13.1 30.1 63.3 43.6 233 427
g SlotVTG (Ours) 3B 712 64.0 41.2 554 47.7 28.7 14.4 322 66.0 479 26.2 45.0
© Chrono-Qwen [34] 7B 79.1 67.8 46.9 58.1 46.5 29.2 14.6 32.6 70.3 535 29.6 49.0
SlotVTG (Ours) 7B 79.5 67.6 46.7 58.3 52.0 33.2 16.7 355 74.0 57.6 322 51.3
EaTR [18] - 40.8 27.2 13.0 28.0 36.7 20.9 9.7 25.3 70.3 59.6 40.3 53.1
” CG-DETR [35] - 42.8 25.5 12.2 28.5 37.7 21.5 10.4 26.0 71.5 65.6 52.1 61.3
En Chrono-BLIP [34] 4B 61.5 37.0 19.8 41.4 41.8 22.4 9.7 271 86.1 76.8 62.8 70.8
Eo Chrono-Qwen [34] 3B 70.6 45.7 21.8 45.7 55.2 353 20.8 39.2 87.6 79.1 64.8 71.7
; SlotVTG (Ours) 3B 70.7 46.6 22.6 46.1 56.1 35.7 21.1 40.0 87.3 79.5 64.6 71.7
< Chrono-Qwen [34] 7B 75.2 533 274 49.9 60.7 41.4 24.8 434 90.7 81.8 67.6 74.9
SlotVTG (Ours) 7B 76.0 53.7 28.2 50.4 61.7 42.0 25.3 4.1 91.3 829 69.3 76.0

self-supervised vision model (DINOv2 [38]) to encour-
age semantically coherent slot formation, as illustrated in
Fig. 3(b).

Slot-based Similarity. Let A € R7*N:XN denote the
slot attention weights from the final iteration. We trans-
pose and Lo-normalize along the slot dimension, yielding
A € RTXNXNs  Token-pair similarity under the slot as-
signments is computed and rescaled to [—1, 1] to match the
range of cosine similarity:

My = 2(AAT) — 1 € RTXNXN (®)
DINO-based Similarity. We extract features from the last
transformer block of a pre-traiged DINOVvV2 [38] model and
Ly-normalize them, yielding F g;,, € RT*N*ddino  The
target token-pair similarity is then computed as:

Mdino = FdinoFZ;no S RTXNXN (9)

Loss. The SA loss aligns these two structures:

T
_, 1 (t) (1)
’CSA =1- T ;COS ((Mslot)’ (Mdino)) (10)

4.3. Training Objective

The framework is trained end-to-end with the vision en-
coder frozen. The Slot Adapters and LoRA parameters are
updated jointly. The total loss combines the standard au-
toregressive cross-entropy loss with the slot alignment reg-
ularization:

Liotat = Log +ALsa (11)

where A controls the strength of the objectness prior.

5. Experiments

5.1. Experimental Setup

Implementation Details. We build upon Qwen2.5-VL-
Instruct [2] (3B and 7B) as the backbone MLLM, where
the LLM decoder has a hidden dimension of D=2048
and D=3584, respectively. The vision encoder processes
each 224 x 224 frame into /N =64 visual tokens (8 x8 spatial
grid). For the Slot Adapter, we set the bottleneck dimension
to d=512, the number of slots to KX =4, and use 8 attention
heads with /=3 iterations of GRU-based refinement. We
inject the Slot Adapter into layers 1-7, while LoRA [16]
(rank 16, a=64) is applied to the remaining deeper layers.
The visual token hidden states used for the MMD analysis



in Sec. 3.2 are extracted from the last adapter layer (layer
7). The Slot Alignment loss uses DINOv2 [38]-base affin-
ity matrices and is applied at the last layer where the Slot
Adapter is inserted (layer 7) with A=0.1. For video process-
ing, we uniformly sample 20 and 60 frames for the mod-
els trained on Charades-STA [11] and QVHighlights [24],
respectively. We train for 5 epochs with AdamW [33]
(learning rate 5x10~°) and a global batch size of 32 on 8
NVIDIA 3090/4090 GPUs. In total, the trainable parame-
ters (Slot Adapters + LoRA) amount to approximately 7.6M
(0.25% of the total) for the 3B model and 23.3M (0.33% of
the total) for the 7B model.

Evaluation Protocol. We use Charades-STA (Cha.) [11]
and QVHighlights (QVH.) [24] as source datasets for fine-
tuning, and evaluate on three target datasets: Cha., QVH.,
and ActivityNet Captions (ANet) [22]. We denote each set-
ting by its source-target pair (e.g., Cha.—ANet). For each
pair, we report both ID performance (source = target) and
OOD performance (source # target). All results are re-
ported using standard moment retrieval metrics: R1@0.3,
R1@0.5, R1@0.7, and mIoU.

Baselines. We compare against three categories of meth-
ods. (1) Zero-shot MLLMs that perform VTG without
task-specific fine-tuning: HawkEye [45], TimeSuite [55],
UniTime [29], and VideoMind [31]. (2) DETR-based spe-
cialists trained on a single source dataset: EaTR [18] and
CG-DETR [35]. (3) MLLM-based methods fine-tuned on a
single source dataset: Chrono [34] with both BLIP-2 [27]
and Qwen2.5-VL-Instruct [2] (3B and 7B) backbones.

5.2. Results

Comparison with State-of-the-Art. Tab. | summarizes
the results. SlotVTG consistently improves OOD perfor-
mance across all source-target configurations while main-
taining competitive ID performance.

When trained on Cha., SlotVTG (3B) achieves substan-
tial OOD gains over the Chrono-Qwen [34] baseline: +2.4
R1@0.5 on ANet and +4.3 R1@0.5 on QVH., while pre-
serving ID performance on Cha. (64.0 vs. 63.4 R1@0.5).
This trend scales to the 7B model, where OOD improve-
ments are even more pronounced (+4.0 R1@0.5 on ANet
and +4.1 R1@0.5 on QVH.), demonstrating that SlotVTG
benefits from larger model capacity.

When trained on QVH., SlotVTG (3B) again improves
OOD generalization to both Cha. (+0.9 R1@0.5) and
ANet (+0.4 R1@0.5) without sacrificing ID performance.
SlotVTG (7B) also achieves OOD gains over the baseline:
+0.4 R1@0.5 on Cha. and +0.6 R1@0.5 on ANet. The
smaller OOD gains in this setting are expected, as QVH. is
a more diverse dataset with broader domain coverage, leav-
ing less room for improvement.

Notably, SlotVTG with a 3B backbone trained on Cha.
already surpasses several zero-shot 7B models in OOD set-

Cha. (ID)

QVH. (00D)

ANet (OOD)

Original Frame Slot 1 Slot 2 Slot 3 Slot 4

Figure 4. Slot attention visualization. We visualize the slot as-
signments on samples from Cha. (ID), QVH. (OOD), and ANet
(OOD) by masking each frame with its highest-attending slot.
Each column corresponds to one of the four learned slots.

tings (e.g., 28.7 vs. 30.3 R1@0.5 on ANet for SlotVTG 3B
vs. VideoMind [31] 7B), despite being fine-tuned on a sin-
gle source dataset. Compared to DETR-based specialists
(EaTR [18], CG-DETR [35]), SlotVTG achieves signifi-
cantly better OOD performance across all settings. These
results highlight that object-centric decomposition enables
the model to genuinely ground in visual content rather than
relying on dataset-specific patterns, resulting in robust gen-
eralization across domains.

What Do Slots Learn? We visualize the slot attention
maps in Fig. 4 by masking each frame region with its
highest-attending slot. Across both ID and OOD samples,
the slots decompose scenes into semantically coherent re-
gions such as people, objects, and backgrounds, though the
specific slot-to-entity mapping varies across frames. Impor-
tantly, this decomposition generalizes to unseen domains
(QVH., ANet) without any domain-specific supervision,
confirming that the Slot Adapter learns transferable entity-
level representations rather than dataset-specific patterns.

5.3. Ablation Study

We conduct extensive ablation studies to verify the effec-
tiveness of each component in SlotVTG (Tab. 2). Unless



Table 2. Ablation study. To validate the effect of each component in SlotVTG, we show the results on the Cha.—ANet setting. ‘Cha.’” and
‘ANet’ denote Charades-STA [11] and ActivityNet Captions [22]. We use Qwen2.5-VL [2] 3B as a backbone MLLM. We report R1@0.5
and R1@0.7 scores on both ID and OOD settings. The best numbers are highlighted.

(a) Effects of Slot Adapter. (b) Effects of SA loss.
Cha. (ID) ANet (OOD) Cha. (ID) ANet (OOD)
Adapter Type RI@05 RI@07 Ri@0s Rieo7 54 oss@led RiGos Ri@07 RI@0S RI@07
LoRA [16] 63.4 40.3 26.3 13.1 X 63.3 41.0 28.0 14.0
Adapter w/ self attention 63.5 40.9 26.5 13.7 v 0.1 64.0 41.2 28.7 14.4
Slot Adapter 64.0 412 28.7 14.4 v 0.2 64.3 422 26.1 13.0

(c) Effects of Slot Adapter insertion layers.

(d) Effects of number of slots and bottleneck dimensions.

o Cha. (ID) ANet (OOD) L o Cha. (ID) ANet (OOD)
Layer index [ RI@05 RI1@0.7 RI@05 RI@0.7 #ofslots Ny Dimensiond 1G5 R1@07 RI@05 RI@07
1-7 633 41.0 28.7 14.4 4 128 64.1 417 28.5 14.1
10-17 63.3 41.0 275 14.0 4 512 63.3 41.0 28.7 14.4
20-36 63.3 39.5 28.4 14.0 8 512 63.7 39.8 28.6 14.5

(e) Effects of token reconstruction design. (f) Effects of SA loss placement.
Cha. (ID) ANet (OOD) Cha. (ID) ANet (OOD)
Meth i :
ethod RI@05 RI@07 RI@05 RI@0.7 Layer index [ Ri@05 RI@07 RI@05 RI@07
Repeat & Proj. 63.6 40.8 28.2 13.7 1-7 (all adapter layers) 64.0 41.5 28.5 143
Cross attention 63.3 41.0 29.3 14.9 7 (last adapter layer) 64.0 41.2 29.3 14.9

otherwise stated, we use Qwen2.5-VL-3B [2] as the back-
bone and train on Cha., reporting both ID (Cha.) and OOD
(ANet) performance in R1@0.5 and R1@0.7.

Effects of Slot Adapter. We compare our Slot Adapter
against two baselines: LoRA-only fine-tuning and an
adapter with standard self-attention instead of slot attention
(Tab. 2a). While all three achieve comparable ID perfor-
mance, the Slot Adapter yields the best OOD performance,
confirming that the competitive slot decomposition mecha-
nism is key to improving generalization.

Effects of SA Loss. Removing the SA loss noticeably
degrades out-of-distribution (OOD) performance (28.0 vs.
28.7 in R1@0.5), as shown in Tab. 2b. While increasing A
to 0.2 improves in-distribution (ID) R1@0.5 performance
to 64.3, it harms OOD performance, dropping it to 26.1.
This trade-off suggests that enforcing an excessively strong
objectness prior may lead to overfitting on source-domain
patterns. Therefore, we set A = 0.1 as our default value.
Effects of Slot Adapter Insertion Layers. Integrating the
Slot Adapter into the early layers (1-7) yields the best out-
of-distribution (OOD) performance, as shown in Tab. 2c.
This aligns with the findings of [20], which demonstrate that
cross-frame interactions predominantly occur in the early
decoder layers. Conversely, applying the adapter to the mid-
dle (10-17) or later (20-36) layers degrades OOD perfor-
mance, indicating that late-stage interventions likely intro-
duce unnecessary noise.

Effects of Number of Slots and Bottleneck Dimensions.
We vary the number of slots [V, and bottleneck dimension d
(Tab. 2d). Using Ny=4 and d=>512 achieves the best OOD
performance. A smaller dimension (d=128) slightly im-
proves ID but degrades OOD, while increasing to N,=8

slots hurts ID, likely because excessive slots dilute the de-
composition.

Effects of Token Reconstruction Design. We compare
two strategies for reconstructing the original token se-
quence from the Ny slots (Tab. 2e): (1) repeating each
slot N/N; times followed by a linear projection, and (2)
cross-attention where original tokens query the slots. Cross-
attention achieves better OOD performance (29.3 vs. 28.2
R1@0.5), as it allows each token to selectively retrieve
entity-aware information from its most relevant slot rather
than receiving a uniform representation.

Effects of SA Loss Placement. Applying the SA loss only
at the last adapter layer (layer 7) outperforms applying it
across all adapter layers (1-7) in OOD (Tab. 2f). While
full-layer constraints force premature alignment, applying
them only to the last layer allows earlier layers to learn more
flexible representations.

6. Conclusion

We presented SlotVTG, a parameter-efficient framework
that introduces object-centric decomposition into pre-
trained MLLMs for generalizable Video Temporal Ground-
ing.  Our failure analysis reveals that naively fine-
tuned MLLMs exploit dataset-specific shortcuts rather than
grounding in visual content. SlotVTG addresses this via
a lightweight Slot Adapter that decomposes visual tokens
into entity-level slots in the early decoder layers, guided by
a Slot Alignment Loss that distills objectness priors. Ex-
tensive experiments demonstrate that SlotVTG consistently
improves OOD generalization while maintaining competi-
tive ID performance.
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