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Spatio-temporal video grounding (STVG) requires models to identify when a referred event occurs
and localize the target entity throughout that interval. Existing multimodal large language models
typically serialize dense localization trajectories autoregressively, causing decoding latency to grow
with tube length and allowing localization errors to propagate across time. We introduce Parallel Tube
Decoding (PTD), a generative formulation that decomposes grounding into a temporal block followed by
time-conditioned spatial blocks decoded simultaneously. This removes both token-level and trajectory-
level dependencies, reducing the sequential decoding depth to a fixed 1 + 1 rounds, independent of
tube length. To enable parallel spatial generation, we introduce Decoupled Block Attention, which
preserves access to shared video-query context while eliminating cross-box dependencies, together with
localization-aware policy optimization for temporal boundaries and spatial geometry. On VidSTG,
PTD reduces Tube Completion Latency by 79× and increases spatial decoding throughput by 92×
over standard autoregressive decoding, while also improving grounding accuracy. With a compact 4B
backbone, our model performs favorably well on VidSTG and HC-STVG, and generalizes zero-shot to
temporal grounding, grounded VideoQA, and referring video object tracking. Our results show parallel
tube generation is an efficient and effective alternative to autoregressive localization in videos.

Website https://mbzuai-oryx.github.io/parallel-tube-decoding/
Code https://github.com/mbzuai-oryx/ParallelTubeDecoding

Spatio-temporal Video Grounding
Referring Expression: “Vendor who hands over the sandwich”
Response: temporal segment + bbox for each time index

, 9 . 0

4 8 , 2 7 1 ,

<time> </time>

<box> </box>3 . 0 …

3 . 0Temporal 
Segment

Spatial 
Segment

repeated for T time indices

Many
rounds

7 tokens per time index repeated for T time indices

4
rounds

7xT
rounds

<box> <48> <271><t3> <162> <516> </box>

1
round

T
rounds

<ts>

1
round

<box> <x1> <y1> <x2> <y2> </box><ts>
1

round
<te>

4 tokens for 
time segment

<ts> <te> </time><time> <ts> <te> </time><time>Temporal 
Segment

Spatial
Segment

Many
rounds

Temporal
Segment

Spatial 
Segment

Temporal
Segment

Spatial 
Segment

…

…

Temporal 
localization token

Bounding box 
coordinate token

Unquantized 
text token

Temporal 
block

Latency (↓): 31.6s → 0.4s 
79x lower  

BPS (↑): 0.5 → 45.9
92x higher   

<box> <x1> <y1> <x2> <y2> </box>

</time><time>

Latency

31.6 s
BPS

0.5
Rounds
Many

…

Latency

9.1 s
BPS

1.5
Rounds

4 + 7T

Latency

1.0 s
BPS

8.8
Rounds

1 + T
Latency

0.4 s
BPS

45.9
Rounds

1 + 1

Spatial 
block

Efficiency 
Gains

<t3> <t9>

<box> <x1> <y1> <x2> <y2> </box>

<box> <x1> <y1> <x2> <y2> </box>

1 2

3 4

Unquantized Token Decoding
Multiple tokens per coordinate

Quantized Token Decoding
One token per coordinate

Sequential Block Decoding
Within-box parallel decoding

Parallel Tube Decoding (Ours)
All boxes generated in parallel

<te>

Figure 1 Autoregressive localization vs. Parallel Tube Decoding. Given a video and a referring expression, STVG predicts
when the event occurs and the bounding box of the referred entity throughout that interval. We compare four decoding
paradigms. Unquantized Token Decoding generates textual localization values autoregressively, while Quantized Token
Decoding reduces representation overhead with discrete temporal and spatial tokens. Sequential Block Decoding
further removes within-block dependencies but remains sequential across the tube. In contrast, our Parallel Tube
Decoding (PTD) generates all time-conditioned spatial blocks in parallel after temporal localization, reducing the
sequential decoding depth to 1 + 1. Compared with standard Unquantized Token Decoding, PTD achieves 79× lower
Tube Completion Latency and 92× higher spatial decoding throughput, measured as Boxes Per Second (BPS), while
simultaneously improving spatio-temporal grounding accuracy.
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1 Introduction

Real-world video understanding requires interpreting natural-language queries about entities and events
unfolding across space and time. Spatio-temporal video grounding (STVG) formalizes this by identifying
when a queried event occurs and localizing the referred entity throughout that interval [65, 50, 58]. Accurate
and efficient spatio-temporal localization is becoming increasingly important as video-language models are
deployed for long-video search [55, 46, 28], evidence-grounded question answering [9, 8, 38, 44], language-guided
tracking [14, 60, 5, 39], and embodied interaction [31, 66, 12]. Since the query may identify the target through
its attributes, actions, or relations rather than a category name, the model must reason over the video to find
the intended target, making multimodal large language models (MLLMs) a natural foundation [3, 33, 53].

However, STVG remains challenging because temporal and spatial localization involve different sources of
ambiguity. Temporally, the target may remain visible before and after the event, while the event itself may
be brief or have ambiguous boundaries. Spatially, the target may undergo motion, occlusion, scale and
appearance changes, or interference from nearby distractors [65, 50, 58, 22]. The output structure amplifies
this. Unlike temporal grounding, which predicts a start and an end, or image grounding, which predicts a
single region, STVG emits a bounding box at every grounded time step. In MLLMs, serializing this tube into
an autoregressive coordinate sequence makes decoding depth and latency grow with tube length.

Because of this cost, many MLLM-based methods offload spatial localization to prediction heads, external
detectors, spatial decoders, or detection-and-tracking pipelines [53, 20, 51, 63]; those that keep the tube
inside the native token interface stay unified [24] but inherit the scaling cost of decoding. The cost can
be attacked at the token level, as Figure 1 shows. Unquantized Token Decoding writes timestamps and
coordinates as text, so a single value may be split into multiple tokens and require several dependent predictions.
Quantized Token Decoding maps each value to a single token and substantially reduces this representation
overhead [11, 29, 54, 6]. However, it still generates the tokens that describe a bounding box one by one.
Inspired by the box-aligned multi-token formulation of [54], we adapt the block decoding to STVG, referring
to this formulation as Sequential Block Decoding. Here, each temporal interval or bounding box is predicted
as a single joint block. This removes dependencies within a localization unit but not across them. As a result,
the tube is still decoded autoregressively box by box, so decoding depth grows with the tube length.

Removing dependencies inside a box does not remove the dependency between boxes, and this is costly in
two ways for STVG. First, it sets a decoding depth that grows linearly with tube length, and secondly, it
hurts accuracy : conditioning each box on an expanding history of generated coordinates lets an early error
propagate along the trajectory and shifts the model’s attention toward its own output and away from the
visual evidence (Figure 4b and c). Neither cost is inherent to the STVG task, since the correct box at a time
step is determined by the query and the visual content at that step, not by the boxes emitted before it.

To address these challenges, we introduce Parallel Tube Decoding (PTD), a generative paradigm for efficient and
accurate spatio-temporal video grounding. Our key idea is to decompose tube generation into a temporal
block that identifies the queried event and a set of time-conditioned spatial blocks, one per temporal position,
that are predicted in parallel across the interval. Tube generation therefore takes two decoding rounds, one
temporal and one spatial, regardless of tube length. To enable this while preserving the model’s native
autoregressive capability, we jointly train complementary next-token and multi-token formulations and
introduce Decoupled Block Attention, which lets every spatial block access the shared video-query context
while blocking dependencies on other predicted boxes. We further add localization-aware policy optimization,
improving temporal boundaries and box geometry through complementary spatio-temporal rewards.

The main contributions of this work are:

• Decoding formulation. We study four decoding strategies for generative STVG and introduce Parallel Tube
Decoding, reducing tube generation from 4+ 7T rounds under Quantized Token Decoding and 1+T under
Sequential Block Decoding to just two rounds, independent of the number of boxes (Sec. 3.1).

• Attention mechanism. We enable PTD through Decoupled Block Attention, which removes cross-box
dependencies while preserving shared multimodal evidence, keeping each box grounded in the visual
content at its own temporal position (Sec. 3.2).
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• Localization-aware optimization. Policy optimization with complementary temporal and spatial rewards
directly improves event boundaries and bounding-box geometry (Sec. 3.4).

• Efficiency and generalization. PTD cuts Tube Completion Latency by 79× and raises spatial decoding
throughput by 92× over unquantized token decoding while improving localization quality (Sec. 4.2). With
a 4B backbone it reaches state-of-the-art or competitive STVG performance (Sec. 4.3) and generalizes
zero-shot to temporal grounding, evidence-grounded VideoQA, and referring video object tracking (Sec. 4.4).

2 RelatedWorks

Spatio-Temporal Video Grounding. Early STVG approaches rely on task-specific graph reasoning, cross-modal
transformers, and DETR-style decoders to jointly infer temporal boundaries and regress the corresponding
spatial tube [65, 58, 22, 23]. Concurrently, MLLMs have demonstrated strong grounding capabilities in static
images through coordinate or region generation [42, 10, 37], while video MLLMs extend this capability to
temporal localization through timestamp-aware representations and event-boundary prediction [28, 46, 25].
Recent MLLM-based STVG methods build on these advances along two directions. LLaVA-ST and STVG-o1
directly serialize temporal boundaries and frame-wise boxes through the language decoder, preserving a
unified generative interface [33, 24]. In contrast, many competitive approaches retain the MLLM primarily
for semantic reasoning and temporal localization, while delegating dense spatial grounding to dedicated
components: SpaceVLLM and Bridge-STG employ specialized spatial decoders [53, 51], DEViL couples the
MLLM with open-vocabulary detectors [20], and STVG-R1 reformulates coordinate prediction as instance-ID
selection over preconstructed object trajectories [63]. These formulations expose a central trade-off: direct
generation retains a unified MLLM output space but produces long serialized tubes, whereas decoupled
systems reduce the generation burden by shifting spatial localization to additional modules.

Efficient Localization Decoding. This architectural distinction has also shaped how recent STVG methods
address inference efficiency. Bridge-STG and DEViL explicitly reduce MLLM output length and decoding
cost by offloading dense spatial localization to a dedicated decoder or detector [51, 20]. For models that
retain localization within the language decoder, discrete spatial and temporal tokens reduce representation
overhead, but the complete tube remains restricted by token-by-token generation. Recent advances in multi-
token prediction and block-based generation mitigate this limitation by predicting several tokens jointly,
although they typically operate on arbitrary token spans or preserve causal dependencies across successive
blocks [36, 21, 2, 40, 61]. Specifically, LocateAnything treats the entire coordinate set of a bounding box as an
atomic prediction block, significantly accelerating visual grounding while preserving geometric coherence [54].
Crucially, its box blocks remain causally ordered, such that generating a longer sequence of boxes still requires
additional dependent decoding rounds. Based on the above discussion, efficient native STVG generation
requires removing not only token-level dependencies within each box, but also the trajectory-level dependency
across the complete spatio-temporal tube.

3 Method

In this section, we present our approach to efficient spatio-temporal video grounding (STVG). We begin by
formulating the task and then discuss four decoding strategies that progressively reduce sequential localization
dependencies (Sec. 3.1). To address the remaining sequential dependency, we introduce Parallel Tube Decoding
(PTD) (Sec. 3.2). Next, we define latency and throughput metrics for decoding efficiency (Sec. 3.3) and
present localization-aware policy optimization for improved spatial and temporal grounding (Sec. 3.4).

Task Formulation. Given a video and a referring expression, STVG requires identifying when the event
described by the query occurs and where the referred entity is located throughout that interval. This is
challenging as the entity may remain visible beyond the event, while its location can change substantially over
time. The model performs temporal localization by predicting the interval [ts, te], and spatial localization by
predicting a bounding box bi = (x1i, y1i, x2i, y2i) for each time index ti within that interval. The output is
Y = ([ts, te],B), where B = (ti, bi)

e
i=s denotes the spatio-temporal tube. We represent the prediction as

<time> <ts> <te> </time> [<ti> <box> <x1i> <y1i> <x2i> <y2i> </box>]ei=s . (1)
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Referring Expression: The face-down playing card being turned face-up.

Referring Expression: The box the woman picks up from the van.

Ground Truth STVG-R1 Ours (PTD)DEViL

Referring Expression: The pink tart topped with chocolate chips when removed from the dessert tray.

Figure 2 Qualitative comparison with prior STVGmethods. We compare our model with competitive STVG methods on
challenging grounding examples. Like many existing approaches, STVG-R1 [63] and DEViL [20] use the MLLM for
temporal localization but construct the spatial tube using external detection or tracking modules. In contrast, PTD
directly generates both the temporal interval and complete spatial tube, producing more accurate temporal boundaries
and spatial localization. The examples highlight fine-grained target identification among visually similar distractors,
large changes in object scale as the target approaches the camera, and event-specific temporal localization rather than
simply predicting the full period in which the target is visible. Bounding boxes show spatial predictions, while the
horizontal lines indicate the predicted temporal intervals.

3.1 FromAutoregressive Localization to Parallel Tube Decoding

We compare four decoding strategies in terms of sequential decoding depth, defined as the number of dependent
generation rounds required to produce the complete spatio-temporal tube.

i) Unquantized Token Decoding. Under standard autoregressive decoding, time indices and spatial coordinates
are represented as text and generated through the model’s language-token prediction [3, 24]. For example,
a timestamp such as 3.0 seconds or a coordinate such as 512 may be decomposed into multiple tokens
depending on the tokenizer. Each localization can therefore require several sequential decoding steps, resulting
in long generation sequences for dense spatio-temporal tubes.

ii) Quantized Token Decoding. Quantization addresses this representation overhead by mapping spatial and
temporal locations to discrete tokens. Following prior quantized coordinate representations [11, 29, 54, 6, 33],
normalized spatial coordinates are quantized into 1,001 bins, such that a coordinate such as 512 is represented
by a single token <512>. For temporal localization, we similarly quantize text timestamps into discrete
temporal tokens [52, 33]. Each video temporal patch is prefixed with its corresponding token <ti>, and a time
interval is represented as <time> <ts> <te> </time>, where ts and te denote the start and end positions.

This quantized representation makes the grounding output compact and fixed in length, while preserving
standard autoregressive decoding. Following the output formulation above, the temporal interval requires
four sequential token predictions, while each time-indexed box prediction requires seven: <ti>, <box>, four
coordinate tokens, and </box>. Thus, for a tube containing T boxes, the sequential decoding depth is 4 + 7T .
Quantization therefore improves token efficiency, but the complete tube is still generated one token at a time.

iii) Sequential Block Decoding. While quantization reduces token count, decoding remains fully autoregressive.
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Multi-token prediction (MTP) [36, 61] reduces this sequential depth by predicting multiple tokens jointly.
Following structured block decoding [54], we define each prediction block as a complete localization unit. For
STVG, we define two block types: a temporal block, <time> <ts> <te> </time>, and a time-indexed spatial
block, <ti> <box> <x1i> <y1i> <x2i> <y2i> </box>. All tokens within a block are predicted jointly in a single
decoding round. We use a block size of seven, padding the shorter temporal block with <null> tokens. Each
target block is prompted using the final token of the preceding block followed by <mask> tokens, allowing all
tokens in the block to be predicted in parallel [36, 54].

We refer to this formulation as Sequential Block Decoding. Although each block is decoded jointly, they are
still generated sequentially along the tube. Thus, a tube with T boxes requires one round for the temporal
block and T rounds for spatial localization, reducing the sequential decoding depth from 4+7T to 1+T . This
removes token-level dependencies within each block, but leaves a trajectory-level dependency across time. As
the tube becomes longer, each additional spatial prediction still introduces another sequential decoding round.

iv) Parallel Tube Decoding. We introduce Parallel Tube Decoding (PTD) to remove the remaining trajectory-
level dependency by predicting all spatial blocks in parallel after temporal localization. The sequential
decoding depth therefore becomes 1+1, independent of tube length T . Longer tubes increase only the parallel
decoding width, rather than the number of sequential decoding rounds. Detailed formulations for all four
decoding variants are provided in Appx. Sec. B.3.

3.2 Parallel Tube Decoding
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Figure 3 Illustration of Decoupled Block Atten-
tion in PTD. Each spatial block attends to the
shared multimodal prefix and temporal block,
uses bidirectional attention within the block,
and remains isolated from other spatial blocks,
enabling parallel tube generation.

Sequential block decoding removes token-level dependencies
within each localization block, but still generates the spatial
trajectory one time step at a time. However, this trajectory-
level dependency is not inherent to STVG. Once the temporal
interval is localized, spatial grounding at each time index can
be performed directly from the corresponding visual evidence,
without relying on boxes predicted at earlier time steps. Based
on this observation, we introduce Parallel Tube Decoding (PTD),
which decomposes tube generation into two stages: a temporal
block that identifies the relevant interval, followed by a set of
time-conditioned spatial blocks that localize the referred entity
throughout that interval. The key here is that all spatial blocks
share the same multimodal context, while each is conditioned on
its corresponding temporal token. Crucially, all spatial blocks
are decoded in parallel, allowing the complete spatial trajectory
to be generated in a single round.

Let P denote the shared multimodal prefix, consisting of the
video, the referring expression, and the predicted temporal
block. Each video temporal patch is associated with a tem-
poral token <ti>, which serves as the temporal anchor for its
corresponding spatial block. Once the temporal boundaries [ts, te] are predicted, we directly instantiate
the corresponding anchors <ti>ei=s from the localized interval rather than generating them autoregressively.
Each anchor initializes a spatial block Bi with <ti>, <mask>5 as input, from which the model jointly predicts
<box>, <x1i>, <y1i>, <x2i>, <y2i>, </box>. We therefore formulate tube prediction as

p(Bs:e | P ) =

e∏
i=s

p(Bi | P, <ti>) . (2)

To train this parallel decoding formulation while retaining the model’s native autoregressive behavior, we adopt
a dual-formulation training strategy following [54]. Specifically, each training sample is supervised through
two complementary target sequences: an NTP sequence that maintains standard causal generation and an
MTP sequence that enables structured block prediction, representing the same sequence as a temporal block
followed by a set of time-conditioned spatial blocks, Bs, . . . , Be. Both target sequences are concatenated after
the shared video-query context and jointly optimized within a single forward pass using LSFT = LNTP+LMTP.
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Our attention design combines three attention mechanisms to support parallel tube generation. i) The NTP
sequence uses standard causal attention, preserving the model’s autoregressive generation ability. ii) Tokens
within each MTP block use bidirectional attention, allowing the structured localization unit to be predicted
jointly [54, 18, 2]. iii) We introduce Decoupled Block Attention across time-conditioned spatial blocks. Each
spatial block can attend to the shared multimodal prefix, including the predicted temporal block, but is
restricted from attending to any other spatial block. Unlike sequential block decoding [54], which uses causal
attention across blocks, our design eliminates this cross-block dependency and seamlessly enables the entire
spatial trajectory to be decoded in a single generation round (see Appx. Figure 9 for attention masks). The
NTP causal attention cannot attend to the MTP blocks, preventing information leakage during joint training.

3.3 LatencyMetrics

To quantify the decoding efficiency of different decoding strategies, we consider two complementary wall-clock
metrics. i) Tube Completion Latency (TCL) measures the time required to complete the spatio-temporal tube
prediction once generation begins. Let Tfull denote the end-to-end generation time and TTTFT the time to
first token. We define TCL = Tfull − TTTFT, thereby excluding the initial video and prompt processing
cost and isolating the latency associated with tube generation. ii) Boxes Per Second (BPS) measures spatial
decoding throughput. For a prediction containing T time-conditioned spatial boxes, we define BPS = T/TCL.
These two metrics capture complementary aspects of decoding efficiency: TCL measures how quickly the
complete spatio-temporal tube becomes available, while BPS measures the rate at which spatial predictions
are produced. Importantly, they expose how each decoding strategy scales with tube length T . Token-based
decoding and Sequential Block Decoding require increasingly more dependent generation rounds as the tube
grows, whereas PTD significantly accelerates tube generation. We evaluate this scaling in Sec. 4.2.

3.4 Localization-Aware Policy Optimization

PTD replaces temporally serialized tube generation with parallel time-conditioned spatial prediction. While
SFT supervises this formulation through token-level cross-entropy, it does not directly optimize the geometric
quality of the resulting tube. We therefore further train the model with localization-aware Group Relative
Policy Optimization (GRPO) [49], using complementary rewards for temporal and spatial grounding. Recent
studies have also explored GRPO for STVG through localization-specific rewards [24, 63].

i) Temporal localization reward. A central challenge in STVG is to localize the queried event within a longer
temporal window where the referred entity may remain continuously visible. A second challenge arises when
the event is temporally brief, making its precise boundaries difficult to localize. Consequently, the model
may either fail to localize the event at the correct time or concentrate on a short, visually salient portion
while missing earlier or later phases of the interaction. Further, even accurate spatial predictions cannot
recover a tube whose temporal boundaries are incorrect. To explicitly optimize this, we use temporal IoU as
an interval-level reward between the predicted temporal segment [t̂s, t̂e] and the target segment [ts, te],

Rtemp = tIoU
(
[t̂s, t̂e], [ts, te]

)
. (3)

ii) Spatial localization reward. Once the relevant event interval is identified, the next challenge is to precisely
localize the referred entity within the selected frames. The predicted tube may still contain boxes that
are spatially shifted, overly loose, or gradually drift toward nearby objects or background regions. These
localization errors require spatial supervision that captures both region-level overlap and coordinate-level
precision. We therefore combine generalized IoU [47], which measures the geometric agreement between the
predicted and target regions, with an L1 coordinate penalty that further discourages shifted or loosely fitted
boxes. Since temporal extent is already optimized by the temporal localization reward, we evaluate spatial
quality only over the temporal intersection I = [t̂s, t̂e] ∩ [ts, te], where the predicted and target tubes are
temporally aligned.

Rspat =
1

|I|
∑
ti∈I

[
GIoU(b̂i, bi)−

∥∥∥b̂i − bi

∥∥∥
1

]
. (4)

We combine the temporal and spatial localization rewards into a single objective for policy optimization. Since
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both components capture complementary aspects of the spatio-temporal tube, we assign them equal weight
and define the total reward as R = Rtemp +Rspat. This jointly encourages accurate temporal localization and
precise spatial grounding within the localized interval.

4 Experiments

4.1 Experimental Setup

We build our model on Qwen3-VL-4B [3] and equip it with discrete spatial and temporal localization tokens
for structured spatio-temporal grounding. Specifically, we augment the vocabulary with 1,001 spatial tokens
representing normalized coordinates in [0, 1000] and 100 temporal tokens representing discretized timestamps.
These temporal tokens are interleaved with the video representation, providing an explicit temporal anchor for
each temporal patch and enabling the time-conditioned spatial blocks used by PTD. We use a temporal patch
size of 1 for finer temporal granularity. We initialize the newly introduced localization tokens from semantically
aligned Qwen3-VL vocabulary embeddings. Additional details on the localization-token representation and
temporal anchoring are provided in Appx. Secs. B.1 and B.2.

Training stages. We train our model in two stages. We first perform supervised fine-tuning (SFT) using
the dual NTP/MTP formulation introduced in Sec. 3.2, enabling the model to support both autoregressive
generation and Parallel Tube Decoding (PTD) within the same training stage. We continue training the
model with localization-aware Group Relative Policy Optimization (GRPO), using the temporal reward Rtemp
and spatial reward Rspat defined in Sec. 3.4 to further improve localization quality. For both SFT and GRPO,
we use LoRA [27] with rank 32 and optimize the LoRA parameters together with the embeddings of the newly
introduced localization tokens. For the controlled comparison in Sec. 4.2, all four variants are trained for 1
SFT epoch, while the main PTD model is trained for 2 epochs with all other settings unchanged. SFT is
trained with a learning rate of 2× 10−5 using the dual NTP/MTP formulation, while GRPO uses only the
PTD formulation with a learning rate of 5× 10−6, β = 0.04, and a sampling temperature of 0.9. Videos are
sampled at 2 FPS with at most 64 frames. Additional training details are provided in Appx. Sec. C.

Training data. For SFT, we combine the training splits of VidSTG [65] and HC-STVG [50]. VidSTG
provides both declarative and interrogative referring expressions, while HC-STVG-v1 and HC-STVG-v2
further introduce human-centric grounding samples involving attributes, actions, and interactions in multi-
person scenes. Together, these datasets yield approximately 90K SFT samples. For GRPO, rather than
uniformly reusing the complete SFT pool, we construct a more informative subset that emphasizes samples
with meaningful variation in localization quality. Specifically, for each training sample, the SFT model
generates eight candidate responses, which are evaluated using temporal IoU (tIoU) and video IoU (vIoU). We
preferentially retain samples where the sampled responses exhibit substantial within-group variation in temporal
or spatio-temporal correctness, providing a stronger relative learning signal for policy optimization [59]. In
contrast, samples that are consistently solved offer limited supervision, while those for which all rollouts fail
provide little discrimination among candidate responses. Based on this criterion, we construct a 16K GRPO
training set.

Evaluation protocol. We evaluate our approach along three complementary dimensions: (i) decoding paradigm
(Sec. 4.2), where we examine how progressively reducing sequential decoding dependencies affects grounding
quality and generation efficiency; (ii) in-domain STVGperformance (Sec. 4.3), where we compare our model with
prior methods under the standard STVG evaluation setting; and (iii) generalization beyond STVG (Sec. 4.4),
where we assess zero-shot transfer to temporal grounding, grounded VideoQA, and video object tracking.
Dataset splits, prompts used, and task-specific evaluation details are provided in Appx. Sec. D.
Decoding Efficiency. To characterize the efficiency of different localization strategies, we use the metrics
introduced in Sec. 3.3: Tube Completion Latency (TCL) to measure the time required to complete the
predicted tube and Boxes Per Second (BPS) to quantify spatial decoding throughput. For all efficiency
evaluations, we use batch size 1 and BF16 inference on a single 64-GB AMD Instinct MI210 GPU using
PyTorch 2.7 and ROCm 6.3. We synchronize GPU operations and measure decode-only time from the first
output token to tube completion, excluding multimodal prefill, under the same hardware and runtime.
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Declarative Interrogative Efficiency

Model Design mtIoU vIoU mtIoU vIoU TCL (s) BPS

Mean @0.3 @0.5 Mean @0.3 @0.5 ↓ ↑

Unquantized Token Decoding 42.8 27.4 39.8 27.1 40.8 22.6 32.0 20.9 31.6 0.5
Quantized Token Decoding 43.3 28.7 40.6 27.3 42.0 23.0 32.2 21.2 9.1 1.5
Sequential Block Decoding 47.2 31.2 42.8 28.7 46.3 26.0 35.5 22.5 1.0 8.8

Parallel Tube Decoding (PTD) 47.5 32.9 46.0 30.5 46.7 27.2 37.8 23.3 0.4 45.9

Table 1 We report spatio-temporal grounding performance for declarative and interrogative queries, together with
decoding efficiency measured by tube completion latency (TCL) and boxes per second (BPS). Quantization reduces
decoding cost, sequential block prediction further improves efficiency, and the proposed Parallel Tube Decoding (PTD)
achieves the strongest grounding performance while substantially reducing TCL and increasing BPS.

a) Latency Scaling with tube length b) Attention Distribution Across Tube Decoding c) Effect of History Correction vs. Decoding Distance

Ground Truth Sequential Block Decoding Parallel Tube Decoding (PTD)
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Figure 4 Analysis of decoding efficiency and trajectory-level dependency. (a) Tube completion latency as the number of
grounded frames increases. PTD maintains nearly constant latency, while token-based and block decoding scale with
tube length. (b) Attention distribution across tube decoding for Sequential Block Decoding (dotted) and PTD (solid).
Sequential decoding progressively shifts attention from the video toward prior text. (c) History-correction analysis for
Sequential Block Decoding. Replacing an erroneous box Bi with its ground-truth box improves subsequent predictions,
with the effect gradually decreasing as the decoding distance j − i increases.

4.2 Evaluating the Decoding Paradigm

We first evaluate how the decoding paradigm affects both grounding quality and generation efficiency. In
Table 1, we compare the four decoding strategies introduced in Sec. 3.1 on VidSTG [65] and report tIoU
and vIoU for grounding quality. This comparison reveals a clear progression as sequential dependencies are
reduced: Unquantized Token Decoding generates textual localization values autoregressively, Quantized Token
Decoding replaces each value with a discrete token, Sequential Block Decoding jointly predicts structured
localization blocks while remaining sequential across time, and our Parallel Tube Decoding (PTD) removes this
remaining dependency by decoding all time-conditioned spatial blocks in parallel after temporal localization.
Here, the unquantized variant uses the Qwen3-VL baseline decoding scheme. We adapt existing decoding
strategies for STVG to build the quantized and block decoding variants, and propose PTD on top of them.
For fair comparison, all variants are trained under the same setting and differ in output representation and
decoding strategy used at inference. Across the four variants, the mean predicted tube lengths are 12.3, 13.7,
14.2, and 17.7 boxes, respectively. Sequential Block Decoding serves as the natural ablation of Decoupled
Block Attention. Replacing the decoupled attention mask with standard causal inter-block attention allows
each spatial block to attend to preceding box blocks, thereby restoring sequential dependencies across time
and preventing parallel block decoding.

The results show that progressively reducing sequential decoding dependencies improves both grounding quality
and generation efficiency. Quantization provides an immediate efficiency gain over unquantized, reducing
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Declarative Sentences Interrogative Sentences

Model Scale mtIoU mvIoU vIoU@0.3 vIoU@0.5 mtIoU mvIoU vIoU@0.3 vIoU@0.5

Backbone Baselines

Qwen2.5-VL-7B (ZS) [4] 7B 16.8 10.9 14.3 5.4 13.8 8.5 11.3 4.4
Qwen2.5-VL-7B + SFT† [24] 7B 41.6 20.3 26.1 15.4 40.9 17.1 17.6 13.9
Qwen3-VL-4B (ZS) [3] 4B 36.2 13.1 16.6 7.0 36.1 8.9 10.2 3.8
Qwen3-VL-8B (ZS) [3] 8B 37.0 13.4 16.5 7.1 35.0 9.3 11.0 3.9
Qwen3-VL-8B + SFT‡ [20] 8B 42.8 22.4 29.6 15.3 41.4 18.2 19.6 12.8

Prior MLLM Methods

GroundingGPT [35] 7B 15.5 12.3 13.2 4.1 11.9 8.7 9.6 2.9
Gemini-2.5-Pro [15] – 49.9 22.5 33.6 12.0 45.4 13.7 17.3 8.1
LLaVA-ST [33] 7B 45.5 24.8 36.0 22.9 43.2 20.0 28.1 17.5
SpaceVLLM-7B [53] 7B 47.7 27.4 39.1 26.2 48.5 25.4 35.9 22.2
DEViL (VideoLLaMA3-7B) [20] 7B 50.2 33.6 46.5 34.0 48.5 28.8 38.7 28.2
STVG-o1 (Qwen2.5-VL-7B) [24] 7B 52.1 33.5 48.4 32.0 50.5 27.9 39.8 26.0
Bridge-STG (Qwen3-VL-7B) [51] 7B 52.6 37.2 52.4 37.4 50.1 31.3 43.8 31.2

Ours (Qwen3-VL-4B)

SFT (NTP) 4B 46.3 31.6 45.1 30.5 44.7 26.3 36.9 25.3
SFT (PTD) 4B 50.0 34.9 48.5 33.3 48.2 28.7 40.2 25.6
GRPO (PTD) 4B 53.7 38.3 53.0 37.5 52.2 32.4 44.9 30.3

Table 2 Comparison with prior work on VidSTG under declarative and interrogative settings. We report the model scale,
mean temporal IoU (mtIoU), mean video IoU (mvIoU), and vIoU at 0.3 and 0.5 thresholds. † denotes the Qwen2.5-
VL SFT baseline reported in STVG-o1 [24], while ‡ denotes the Qwen3-VL SFT baseline reported in DEViL [20].
Our results use Qwen3-VL-4B as the backbone. SFT (NTP) uses supervised fine-tuning with standard next-token
autoregressive decoding, whereas SFT (PTD) uses the same supervised training objective with Parallel Tube Decoding at
inference. GRPO (PTD) further optimizes the Qwen3-VL-4B model with GRPO while retaining Parallel Tube Decoding.

TCL from 31.6s to 9.1s while preserving comparable grounding quality. Block decoding further improves both
efficiency and localization performance, reaching 1.0s TCL and 8.8 BPS while consistently improving tIoU
and vIoU across both query types. A key advantage of PTD is that it removes the remaining trajectory-level
dependency without sacrificing grounding quality. PTD achieves the strongest performance across all grounding
metrics, while further reducing TCL to 0.4s and increasing throughput to 45.9 BPS. Compared with the
Qwen3-VL-4B baseline using Unquantized Token Decoding [3], PTD reduces tube completion latency by 79×
and increases spatial decoding throughput by 92×, demonstrating that parallel tube generation substantially
accelerates inference while simultaneously improving spatio-temporal grounding.

We further study latency scaling with tube length. In Figure 4, we vary the number of boxes from 8 to 64
to examine how each decoding strategy scales as the spatial trajectory becomes longer. The latency of
token-based and Sequential Block Decoding increases substantially with tube length, reflecting the growing
number of dependent generation rounds. In contrast, PTD exhibits nearly constant generation time, increasing
only from 0.33s to 0.40s as the tube length grows by 8×, whereas block decoding rises substantially from
0.72s to 6.18s over the same range. Notably, this advantage becomes increasingly pronounced for longer tubes,
where PTD avoids the latency growth incurred by sequential decoding. These results demonstrate the key
scaling advantage of PTD: longer trajectories increase parallel decoding width rather than sequential decoding
depth, enabling efficient tube generation with nearly tube-length-independent latency.

Cross-box dependency and error propagation. We investigate why removing trajectory-level dependencies
leads to stronger spatial localization. A key observation is that the two decoding strategies exhibit different
attention behavior as tube generation progresses. Figure 4b illustrates a qualitative example where block
decoding progressively shifts attention from the video toward the growing localization history (dotted lines). In
contrast, PTD maintains the video attention (solid lines). We directly quantify the resulting error propagation
in Figure 4c, through a history-correction intervention. For a mislocalized source box Bi, we replace only Bi

with its ground-truth box and autoregressively re-decode each subsequent box Bj . The x-axis j − i measures
the number of sequential decoding rounds between the corrected and evaluated boxes, while the y-axis reports
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HC-STVG v1 HC-STVG v2

Model Scale mtIoU mvIoU vIoU@0.3 vIoU@0.5 mtIoU mvIoU vIoU@0.3 vIoU@0.5

Backbone Baselines

Qwen2.5-VL-7B (ZS) [4] 7B 25.6 19.1 20.2 12.6 22.9 13.0 15.6 6.4
Qwen2.5-VL-7B (SFT†) [24] 7B 53.5 28.6 45.2 21.9 55.3 26.5 38.6 20.2
Qwen3-VL-4B (ZS) [3] 4B 44.6 19.5 25.4 4.9 45.2 19.4 24.7 5.5
Qwen3-VL-8B (ZS) [3] 8B 47.6 21.5 30.3 6.5 53.1 21.9 30.0 6.6

Prior MLLM Methods

GPT-4o [41] – 27.5 7.9 4.0 0.3 32.7 9.1 5.7 0.0
Gemini-2.5-Pro [15] – 55.1 25.9 39.1 9.9 60.4 24.5 34.6 9.6
GroundingGPT [35] 7B 22.2 16.7 15.0 4.9 19.6 14.7 16.6 3.1
LLaVA-Video SFT [64] 7B 52.8 27.7 43.1 21.3 54.2 24.8 40.1 15.5
SpaceVLLM [53] 7B 56.9 39.3 66.6 36.9 58.0 34.0 56.9 24.7
STVG-R1 (Qwen2.5-VL-7B) [63] 7B 56.9 39.1 66.7 38.6 62.0 40.2 67.8 38.8
DEViL (VideoLLaMA3-7B) [20] 7B 59.0 43.1 70.5 44.3 61.7 42.5 67.3 42.2
Bridge-STG (Qwen3-VL-7B) [51] 7B – – – – 64.1 41.5 67.5 38.6
STVG-o1 (Qwen2.5-VL-7B) [24] 7B 60.3 44.1 73.3 43.5 63.8 41.2 68.5 39.6

Ours (Qwen3-VL-4B)

SFT (NTP) 4B 55.2 41.0 66.5 41.7 54.4 36.5 60.3 29.7
SFT (PTD) 4B 55.7 42.7 68.6 42.5 57.0 39.2 64.7 34.0
GRPO (PTD) 4B 59.4 45.6 73.8 46.7 63.1 43.6 71.0 42.2

Table 3 Comparison with prior work on HC-STVG v1 and HC-STVG v2. We report the model scale, mean temporal
IoU (mtIoU), mean video IoU (mvIoU), and vIoU at thresholds 0.3 and 0.5. † denotes the Qwen2.5-VL SFT baseline
reported in STVG-o1. Our models use Qwen3-VL-4B as the backbone. SFT (NTP) uses standard next-token prediction,
while SFT (PTD) uses Parallel Tube Decoding. GRPO (PTD) further optimizes the PTD model with GRPO.

the resulting mean ∆IoU relative to decoding with the original history. Correcting Bi produces the largest
improvement for nearby future boxes, with the effect gradually decreasing with decoding distance. Additional
qualitative comparisons between Sequential Block Decoding and PTD are provided in Appx. Figure 8.

4.3 Main Results on Spatio-Temporal Video Grounding

We evaluate the spatio-temporal grounding performance of our model on VidSTG [65] and HC-STVG-v1/v2 [50],
comparing it with backbone baselines and prior STVG methods.

i) VidSTG. As shown in Table 2, our model establishes the strongest overall performance on VidSTG, leading
on seven of eight metrics across declarative and interrogative queries. It improves the previous best mtIoU

by +1.1 and +1.7 points for declarative and interrogative queries, respectively. The gains are even more
pronounced when evaluating the full spatio-temporal tube, which requires both accurate temporal boundaries
and consistent spatial localization throughout the event. Our model improves the previous best mvIoU by
+1.1 points for both query types, while remaining consistently strong under stricter tube-overlap thresholds.

ii) HC-STVG. A similar advantage extends to the more challenging human-centric HC-STVG benchmarks, as
shown in Table 3. While temporal localization remains competitive with the best prior methods, the gains
are more pronounced when evaluating the full spatio-temporal tube. Our model improves the previous best
mvIoU by +1.5 points on HC-STVG-v1 and +1.1 points on HC-STVG-v2. This advantage is also reflected
under stricter overlap criteria, where it achieves the best vIoU@0.3 on both benchmarks.

The progression within our model further clarifies where these gains originate. SFT (NTP) and SFT (PTD)
correspond to two inference modes of the same checkpoint, jointly trained with the NTP and MTP formulations.
The former uses Quantized Token Decoding, while the latter uses Parallel Tube Decoding. As already shown
in Table 1, PTD improves both grounding quality and decoding efficiency over NTP. Building on this,
localization-aware policy optimization further improves grounding quality while retaining the same PTD
formulation. A key advantage is that these gains are achieved with a compact Qwen3-VL-4B backbone that
directly generates both the temporal interval and the complete spatial tube. In contrast, several competitive
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Charades-STA

Model R@0.3 R@0.5 R@0.7 mIoU

TRACE-7B [26] – 40.3 19.4 –
TimeSuite-7B [62] 69.9 48.7 24.0 –
DEViL [20] 72.6 51.5 25.2 47.7
STVG-R1-7B [63] 73.2 52.5 – –

Ours 78.9 58.4 30.1 52.4

Table 4 Temporal grounding on Charades-STA. We compare
all models in the zero-shot setting, evaluating how accu-
rately they localize query-relevant temporal segments at
different IoU thresholds.

ActivityNet Captions

Model R@0.3 R@0.5 R@0.7 mIoU

UniTime-Zero [34] – 22.8 14.1 27.3
Momentor [43] – 23.0 12.4 29.3
Qwen2.5-VL-7B [4] 25.5 13.4 6.1 19.1
VideoChat-TPO [57] 42.6 26.3 13.0 27.6
VideoChatR1.5-7B [56] 52.4 32.3 16.8 35.5

Ours 63.7 41.4 23.9 44.6

Table 5 Temporal grounding on ActivityNet. We compare
all models in the zero-shot setting, evaluating temporal
localization accuracy across multiple IoU thresholds and
overall mean performance.

methods rely on additional spatial components: SpaceVLLM uses a specialized prediction head [53], DEViL an
external detector [20], Bridge-STG a dedicated spatial decoder [51], and STVG-R1 a detection-and-tracking
pipeline [63]. Despite using a smaller backbone and no dedicated spatial localization module, our model
remains competitive with or surpasses 7B-scale models. Further, the substantial gap over zero-shot Qwen3-
VL-4B/8B and existing Qwen3-VL SFT baselines shows that these improvements cannot be attributed to
the backbone alone, but are instead driven by the combination of the proposed grounding formulation and
localization-aware policy optimization.

4.4 Generalization Beyond STVG

In this section, we examine whether the learned grounding capabilities transfer beyond the training distribution
across three settings: temporal grounding, evidence-grounded VideoQA, and referring video object tracking.

i) Zero-shot Temporal Grounding. We first examine whether the temporal localization capability learned
from STVG generalizes to two unseen temporal grounding benchmarks with distinct video distributions.
Charades-STA [19] primarily contains short indoor videos with densely occurring human activities, whereas
ActivityNet [32] contains longer videos covering a broader range of activities. We compare our model with
prior methods evaluated under the same zero-shot setting. As shown in Table 4 and Table 5, our model
demonstrates strong performance on both datasets. On Charades-STA, it improves the mean performance
over the strongest prior zero-shot method by +4.7 points. The advantage is more pronounced on ActivityNet,
where our model surpasses the strongest zero-shot baseline by +9.1 points in mIoU. Notably, the gains remain
consistent under stricter overlap criteria, indicating that the model not only retrieves the relevant temporal
region but also predicts more precise event boundaries.

ii) Zero-shot Grounded VideoQA. We further evaluate zero-shot generalization on ReXTime [9], where the
model is required to answer each question and provide supporting evidence through temporal localization. As
shown in Table 6, our model demonstrates strong performance despite receiving no task-specific supervision. A
key advantage is its temporal grounding accuracy: compared with the strongest zero-shot baseline, our model
improves mIoU by +15.6 points, while maintaining competitive answer accuracy. Notably, it also surpasses
the finetuned VideoChat-R1.5 [56] in mIoU by +2.0 points. These results show that our model seamlessly
supports evidence-aware video question answering without additional finetuning.

iii) Zero-shot VideoObject Tracking. We further examine whether the spatial grounding capability learned from
STVG generalizes to referring video object tracking, where the model must maintain consistent localization of
the queried object throughout the video. As shown in Table 7, our Qwen3-VL-4B-based model demonstrates
strong zero-shot performance on Ref-DAVIS [30], Ref-YT-VOS [48], and ReasonVOS [5] when paired with
off-the-shelf segmentation models. For a controlled comparison, Molmo2-4B [14] similarly relies on SAM2 [45]
to propagate object masks, but provides point prompts, whereas our model generates bounding boxes. Using
the same SAM2 backend, our model surpasses Molmo2-4B by +8.4, +2.6, and +0.2 points on the three
benchmarks, respectively, despite the latter being finetuned on Ref-DAVIS and Ref-YT-VOS. Further, using
SAM3 [7] consistently improves performance across all three datasets.
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ReXTime

Model Acc IoU

Overall @0.5 Mean @0.3 @0.5

Finetuned

TimeChat [46] 49.4 11.1 26.5 40.5 21.9
VTimeLLM [28] 58.2 18.3 30.0 44.1 26.6
GraphThinker [13] 71.3 30.8 41.5 57.5 40.4
VideoChat-R1.5 [56] 74.8 38.1 45.8 61.8 46.4

Zero-Shot

VTimeLLM [28] 36.2 – 20.1 28.8 17.4
GraphThinker [13] 66.8 15.2 25.3 33.9 20.3
VideoTG-R1 [17] 75.7 25.9 32.2 41.2 31.7

Ours (ZS) 73.1 43.0 47.8 62.1 49.2

Table 6 Grounded VideoQA on ReXTime. We evaluate
on ReXTime [9], which requires models to answer
questions while localizing the temporal evidence
supporting each prediction to measure joint reason-
ing and temporal localization.

Video Object Tracking

Model Ref-DAVIS Ref-YT-VOS ReasonVOS

Finetuned

Molmo [16] + SAM2 [45] 65.2 – 45.7
Sa2VA-Qwen3VL-4B [60] 76.0 68.1 50.0
VideoGLaMM-7B [39] 69.5 66.8 33.9
VideoMolmo-7B [1] 72.5 67.3 51.1
Molmo2-4B [14] 73.5 70.2 61.9

Zero-Shot

Qwen3-VL-4B [3] 44.4 32.1 26.5
Qwen3-VL-8B [3] 41.0 48.3 24.9

Ours (ZS) + SAM2 81.9 72.8 62.1
Ours (ZS) + SAM3 82.9 74.9 64.7

Table 7 Video object tracking. We evaluate on referring video
object segmentation benchmarks [30, 48, 5] using the J&F
metric. Gray entries denote finetuned results, while ReasonVOS
is evaluated zero-shot.

Declarative Sentences Interrogative Sentences

Reward mtIoU mvIoU vIoU@0.3 vIoU@0.5 mtIoU mvIoU vIoU@0.3 vIoU@0.5

SFT 50.0 34.9 48.5 33.3 48.2 28.7 40.2 25.6
Temporal 53.8 37.4 51.9 36.4 52.1 31.1 43.3 28.0
Spatial 51.8 37.2 51.6 35.9 49.9 31.3 43.2 29.2
Temporal + Spatial 53.7 38.3 53.0 37.5 52.2 32.4 44.9 30.3

Table 8 Ablation of the reward design for GRPO on VidSTG. We compare temporal-only, spatial-only, and the full
temporal-spatial reward under declarative and interrogative settings. All variants use Qwen3-VL-4B with Parallel
Tube Decoding.

4.5 Ablation Studies

Reward design. In Table 8, we examine how the temporal and spatial rewards contribute to localization-aware
policy optimization. With the temporal reward, we observe that the model corrects two common failure
patterns: temporally displaced predictions and incomplete event coverage, where only the most salient part of
an interaction is localized. Recovering a better-aligned event interval also improves mvIoU, since accurate
spatial predictions can only contribute to the tube when they are generated over the correct temporal interval.
Spatial reward addresses complementary localization errors in which the predicted boxes do not tightly
align with the referred entity, include excessive surrounding context, or lose target consistency across frames.
Combining both rewards achieves the strongest overall accuracy. We perform GRPO using outcome-level
temporal and spatial rewards without introducing thinking tokens to avoid the additional decoding overhead.
Qualitative results on the effects of the temporal and spatial rewards are shown in Appx. Figures 6 and 7.

5 Limitations

Our qualitative analysis in Figure 5 reveals two representative sources of error. We observe that spatial
localization becomes more difficult when target identity must be recovered after occlusion or when the target
is small and rapidly moving, which can lead to imprecise boxes (bottom). For temporal localization, failures
are concentrated around short state transitions with visually ambiguous boundaries, causing the predicted
interval to extend beyond or end before the complete event (top).

Beyond these failure cases, the current study remains bounded by the scope of existing STVG formulations
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Referring Expression: Red surfboard beneath the adult.

Referring Expression: Who holds the hands of the other adult in black clothes? 

Ground Truth Ours (PTD)

Figure 5 Representative failure cases. Temporally subtle state changes can produce ambiguous event boundaries (top),
while spatial localization becomes difficult for small, rapidly moving, or occluded targets (bottom). Green and blue
denote the ground-truth and PTD predictions, respectively; the horizontal lines indicate their temporal intervals.

and training resources. Standard STVG benchmarks represent each query using a single continuous temporal
interval and one spatial tube, leaving multiple disjoint event occurrences, temporary out-of-view periods
caused by camera motion, and multiple instances satisfying the same referring expression largely unexplored.
Supporting these scenarios is important for real-world applications and motivates extending PTD toward
multi-segment and multi-instance grounding. Moreover, large-scale STVG training data with dense tube
annotations remains limited, with VidSTG [65] and HC-STVG-v1/v2 [50] serving as the primary datasets
available for this setting. In future work, we plan to expand the scope toward more generalized grounding
settings by supporting richer multi-segment and multi-instance outputs while diversifying the training data
across broader video domains, entities, events, and interaction types.

6 Conclusion

We introduced Parallel Tube Decoding (PTD), a generative formulation for spatio-temporal video grounding
that removes the need to decode dense spatial trajectories autoregressively. By first predicting the relevant
temporal interval and then generating all time-conditioned spatial blocks in parallel, PTD reduces tube
generation to just two sequential decoding rounds, independent of tube length. Decoupled Block Attention
further removes dependencies between spatial predictions while preserving access to the shared multimodal
evidence, and localization-aware policy optimization improves temporal boundaries and bounding-box geometry.

Our experiments show that removing these sequential dependencies improves both efficiency and localization
quality. On VidSTG, PTD reduces Tube Completion Latency by 79× and increases spatial decoding throughput
by 92× relative to standard autoregressive decoding, while achieving stronger grounding accuracy. Using a
4B backbone, the resulting model performs favorably well on VidSTG and HC-STVG, despite relying on no
dedicated spatial localization module. The learned grounding capability also transfers zero-shot to temporal
grounding, grounded VideoQA, and referring video object tracking. Overall, our results show that dense
spatio-temporal localization can be generated efficiently without sequential trajectory decoding.
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Appendix

A Qualitative Analysis

A.1 Effect of Temporal and Spatial Rewards

Referring Expression: What does the adult caress on the ground?

Referring Expression: There is a cat leaning on an adult.

Ground Truth

GRPO with Temporal Reward
Supervised Finetuning

Ground Truth

GRPO with Temporal Reward
Supervised Finetuning

Figure6 Qualitative results illustrating theeffectof the temporal reward. Green, red, and blue denote the ground-truth, SFT,
and GRPO with temporal reward predictions, respectively. In the first example, SFT localizes only the most salient
portion of the event despite accurate spatial boxes, whereas the temporal reward recovers the complete interaction. In
the second, the temporal reward prevents the prediction from extending beyond the queried event while the target
remains visible. These examples show how the temporal reward improves boundary prediction, ensuring that the
generated tube aligns with the complete temporal extent of the queried event.

To complement the quantitative reward ablation in Table 8, we qualitatively examine how the temporal and
spatial rewards correct distinct localization errors. For temporal grounding, Figure 6 shows that the SFT
model localizes only the most salient portion of the caressing interaction in the first example. Although its
boxes align well with the target during the predicted interval, the incomplete temporal coverage lowers vIoU,
since accurate spatial predictions can only contribute to the tube when they are generated over the correct
temporal interval. In the second example, the SFT model instead extends its prediction beyond the interval
in which the cat is leaning on the adult. The temporal reward corrects both failure patterns, showing how it
helps distinguish the queried event from the broader period of target visibility while covering the complete
interaction rather than only its most salient portion. For spatial grounding, Figure 7 shows that the spatial
reward produces tighter boxes and maintains localization of the rider throughout the motion-heavy biking
example. In the second example, it preserves target consistency despite substantial changes in object scale and
interference from nearby entities, avoiding the spatial drift exhibited by the SFT model. These comparisons
show how the spatial reward improves both tight geometric alignment and consistent target identification
under motion, scale changes, and interference from nearby distractors.

A.2 Qualitative Analysis of Cross-Box Dependencies

We further qualitatively compare Sequential Block Decoding and PTD to examine how removing trajectory-
level dependencies affects spatial localization in Figure 8. In the first example, the baby is pushed back
and forth in the stroller, resulting in substantial changes in target scale. Sequential Block Decoding fails to
consistently adjust its box extent as the baby moves toward and away from the camera, whereas PTD closely
follows the changing target size. In the second example, partial occlusion and close proximity to another
person make consistent localization of the referred woman challenging. Block decoding produces increasingly
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Referring Expression: Adult who rides the bike.

Referring Expression: What is the adult in red clothes next to?

Ground Truth Supervised Finetuning GRPO with Spatial Reward

Figure 7 Qualitative results illustrating the effect of the spatial reward. Green, red, and blue denote the ground-truth,
SFT, and GRPO with spatial reward predictions, respectively. In the first example, the spatial reward maintains tight
localization of the rider under rapid motion. In the second, it preserves target consistency despite substantial changes
in object scale and interference from nearby entities. These examples show how the spatial reward improves both
bounding-box precision and consistent target localization across time.

loose boxes, while PTD remains focused on the referred woman and maintains tighter localization. These
examples illustrate how conditioning on preceding boxes can cause earlier spatial estimates to influence later
predictions, particularly under abrupt scale changes, occlusion, or ambiguous visual evidence. By removing
cross-box dependencies, PTD grounds each time-conditioned spatial block directly in the corresponding video
evidence, improving both geometric precision and target consistency across time.

B Additional Implementation Details

B.1 Localization Token Representation

We build Parallel Tube Decoding (PTD) on the standard autoregressive generation framework of Qwen3-VL [3].
To support structured spatio-temporal grounding, we augment the model vocabulary with discrete spatial
and temporal localization tokens, where each temporal token is aligned with its corresponding visual patch.
The same localization representation is shared by the NTP and MTP formulations, such that both represent
the same spatio-temporal output while differing only in the decoding formulation used to generate it.

Localization vocabulary. We represent each spatial coordinate using one of 1,001 discrete tokens corresponding
to normalized values in [0, 1000]. Following prior quantized coordinate representations, each coordinate is first
clipped to the frame boundary, normalized by the corresponding frame width or height, and quantized to the
nearest spatial token. During evaluation, the predicted spatial tokens are mapped back to the original frame
dimensions. For temporal localization, we similarly introduce 100 discrete temporal tokens, denoted by <ti>,
where each token corresponds to a position on the sampled temporal grid rather than an absolute timestamp
or a normalized position within the complete video. Each predicted temporal token is mapped back to the
original video timeline using the source-frame index associated with its sampled position.

To indicate the start and end of temporal and spatial localization outputs, we use dedicated delimiter tokens.
For spatial localization, we directly reuse the existing Qwen3-VL tokens <box_start> and <box_end>, together
with their pretrained embeddings, and denote them as <box> and </box> throughout the paper for readability.
For temporal localization, we introduce <time_start> and <time_end>, denoted as <time> and </time>.
For the MTP formulation, we also introduce two additional tokens, <mask> and <null>.
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Referring Expression: Who is in the baby walker?

Referring Expression: The woman in black suit who exits throught the glass door.

Ground Truth Sequential Block Decoding Parallel Tube Decoding (PTD)

Figure 8 Qualitative comparison of Sequential Block Decoding and PTD. Green, red, and blue denote the ground-truth,
Sequential Block Decoding, and Parallel Tube Decoding (PTD) predictions, respectively. The first example contains
abrupt scale changes as the stroller moves back and forth, while the second contains partial occlusion as the woman
exits through the glass door. Sequential Block Decoding propagates localization errors across subsequent boxes,
whereas PTD maintains tight target localization by removing cross-box dependencies.

Embedding initialization. To facilitate the adaptation of newly introduced tokens during training, we initialize
each token from a semantically aligned text representation in the pretrained Qwen3-VL vocabulary. When the
corresponding representation is tokenized into multiple vocabulary tokens, we initialize the new embedding
using the average of their pretrained embeddings (e.g., if ‘25’ is tokenized as ‘2’ and ‘5’, the embedding of <25>
is initialized from their mean). Specifically, spatial tokens are initialized from their corresponding numeral
strings, temporal tokens from the phrase ‘time segment i’, and the temporal delimiters and auxiliary tokens
from their corresponding text representations.

B.2 Temporal anchoring of visual tokens

Qwen3-VL interleaves text timestamps (e.g., ‘<0.2 seconds>’) with the video representation, providing
each temporal visual patch with an explicit temporal reference. We follow the same strategy, but replace
textual timestamps with the discrete temporal tokens <ti>, introduced above. Specifically, for N temporal
visual patches, the video representation is represented as: [<t1>V1][<t2>V2] · · · [<tN>VN ] where Vi denotes the
visual tokens associated with the i-th temporal patch and <ti> provides its corresponding temporal anchor.
Qwen3-VL uses a temporal patch size of 2 by default, where two consecutive sampled frames are merged
into a single temporal visual patch. We instead use a temporal patch size of 1 to preserve finer temporal
granularity, such that each sampled frame is associated with a unique temporal token. This choice is not
required by PTD: the same formulation can be applied with a temporal patch size of 2 or higher, as long as
each time-conditioned spatial block is associated with the corresponding temporal token.

B.3 Construction of the Four Decoding Variants

We construct four decoding variants that progressively reduce the sequential dependencies involved in gener-
ating the spatio-temporal tube. Unquantized Token Decoding follows the standard Qwen3-VL generation
formulation [3], where temporal and spatial localization values are represented as text and generated autore-
gressively. The remaining variants use the discrete localization representation introduced in Appx. Sec. B.1.
Quantized Token Decoding uses the NTP formulation and generates each localization token sequentially.
Sequential Block Decoding and PTD instead use multi-token prediction, but differ in how the spatial blocks
are constructed and whether dependencies are retained across time.

For clarity, we illustrate how each decoding variant represents the same spatio-temporal target. Consider a tube
spanning [<t3>, <t5>] with boxes b3 = (125, 210, 420, 780), b4 = (140, 205, 438, 792), and b5 = (166, 198, 460, 805).
We assume that <t3>, <t4>, and <t5> correspond to 1.5, 2.0, and 2.5 seconds, respectively. The four variants
describe the same tube, but differ in how the output is represented, factorized, and decoded.
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Parallel Tube Decoding

Figure 9 MTP attentionmasks for Sequential Block Decoding and Parallel Tube Decoding (PTD). Each row represents a query
block, while each column represents a key block available as attention context. Green masks form the lower-triangular
pattern used for causal attention across blocks in Sequential Block Decoding. Red denotes bidirectional attention
among tokens within the same block. Blue masks denote Decoupled Block Attention in PTD, where each spatial block
accesses the shared multimodal prefix and temporal block while all other spatial blocks remain masked. The absence
of connections across spatial blocks allows all time-conditioned spatial blocks to be decoded in parallel.

i) Unquantized Token Decoding. Unquantized decoding follows the standard next-token generation formulation
of Qwen3-VL, while representing temporal and spatial localization values as text values. For the example
above, the temporal interval followed by the corresponding time-indexed spatial records is represented as

<time_start>, 1.5 seconds, 2.5 seconds, <time_end>,

1.5 seconds, <box_start>, 125, 210, 420, 780, <box_end>,

2.0 seconds, <box_start>, 140, 205, 438, 792, <box_end>,

2.5 seconds, <box_start>, 166, 198, 460, 805, <box_end>.

The complete output is generated one token at a time using the original tokenizer. Since a timestamp or
coordinate may be decomposed into multiple text tokens, the sequential decoding depth depends on both the
tokenization of the localization values and the tube length. This variant therefore includes both representation
overhead and token-level autoregressive dependencies. We train this variant using only the NTP formulation
with standard causal attention.

ii) Quantized Token Decoding. Quantization replaces each temporal position and spatial coordinate with a
dedicated discrete token while retaining standard next-token prediction. The temporal interval and each
corresponding time-indexed spatial record are represented as

<time_start>, <t3>, <t5>, <time_end>,

<t3>, <box_start>, <125>, <210>, <420>, <780>, <box_end>,

<t4>, <box_start>, <140>, <205>, <438>, <792>, <box_end>,

<t5>, <box_start>, <166>, <198>, <460>, <805>, <box_end>.

The complete tube contains one such spatial record for each grounded temporal position. Since every
localization value is represented by a single token, a tube containing T boxes requires a sequential decoding
depth of 4 + 7T , i.e., 25 rounds for the example. This variant is also trained only on the NTP formulation
using standard causal attention. All tokens are therefore generated autoregressively, one at a time.

iii) Sequential BlockDecoding. Block decoding represents the same quantized target as a sequence of structured
localization blocks, where all tokens within each block are predicted jointly. For the example above, the
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temporal block and time-indexed spatial blocks are represented as

[<time_start>, <t3>, <t5>, <time_end>, <null>3],

[<t3>, <box_start>, <125>, <210>, <420>, <780>, <box_end>],

[<t4>, <box_start>, <140>, <205>, <438>, <792>, <box_end>],

[<t5>, <box_start>, <166>, <198>, <460>, <805>, <box_end>].

We use a block size of seven because each time-indexed spatial block contains one temporal anchor, two
box delimiters, and four coordinate tokens. The shorter temporal block is padded with three <null> tokens
to match the same block width. The temporal block is prompted using [qP , <mask>6], where qP denotes
the final token of the shared multimodal prefix. Each spatial block is then prompted using the final token
of the preceding block followed by 6 <mask> tokens. We train this variant using the joint NTP and MTP
formulations. The NTP sequence uses standard causal attention, while the MTP sequence uses bidirectional
attention within each block to jointly predict all seven tokens. Causal attention is retained across blocks,
allowing each spatial block to attend to previously predicted boxes. The blocks therefore remain sequential
across the tube, resulting in a decoding depth of 1 + T , or 4 rounds for the example above.

iv) Parallel TubeDecoding. PTD retains the same quantized representation and temporal-first generation order,
while removing the remaining trajectory-level dependency across spatial blocks. The temporal interval is first
predicted using the same temporal block as block decoding. Once [<t3>, <t5>] is localized, the temporal anchors
<t3>, <t4>, and <t5> are instantiated from the predicted interval rather than generating them autoregressively.
The corresponding time-conditioned spatial inputs and predicted box suffixes are

[<t3>, <mask>5] → [<box_start>, <125>, <210>, <420>, <780>, <box_end>],

[<t4>, <mask>5] → [<box_start>, <140>, <205>, <438>, <792>, <box_end>],

[<t5>, <mask>5] → [<box_start>, <166>, <198>, <460>, <805>, <box_end>].

PTD uses a spatial block size of six because the temporal anchor is provided as input rather than predicted
as part of the spatial target. We train PTD using the joint NTP and MTP formulations: NTP retains
standard causal attention, while MTP uses bidirectional attention within each block together with Decoupled
Block Attention. As illustrated in Figure 9, Sequential Block Decoding allows each spatial block to attend
to previously predicted spatial blocks, whereas PTD restricts every spatial block to the shared multimodal
prefix, the temporal block, and its own tokens. This removes cross-box dependencies and enables all spatial
blocks to be decoded in parallel, giving a sequential decoding depth of 2, independent of tube length.

C Optimization Details

We optimize the model using LoRA while keeping the vision encoder, multimodal merger, base language-model
parameters, and existing vocabulary embeddings frozen. Only the LoRA parameters and newly introduced
localization-token embeddings are updated. Training is conducted across two compute nodes using 64-GB
AMD Instinct MI210 GPUs with PyTorch 2.7 and ROCm 6.3. We use a per-device batch size of 1. Training
the main PTD model for 2 SFT epochs takes approximately 3 days, while the subsequent GRPO stage takes
approximately 2.5 days. The remaining optimization settings are summarized in Table 9. For the controlled
comparison in Sec. 4.2, each of the four decoding variants is trained for 1 SFT epoch under the same setting.

D Evaluation Protocols

Across all evaluations, we sample videos at 2 FPS using at most 64 frames. For STVG, we evaluate on the
standard test splits of VidSTG [65], HC-STVG-v1, and HC-STVG-v2 [50], which contain 10,303, 1,160, and
1,901 queries, respectively. We use the following prompt:

<video> Given the query: {QUERY} Localize the described object throughout the video. Use
object reference tokens, time tokens, and box tokens. Return the object reference, event time
segment, and per-time bbox coordinates.
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Stage Setting Value / Notes

Video Setup

Sampling rate 2 FPS
Maximum frames 64
Temporal patch size 1

SFT

Training samples ∼90K
Epochs 2
Learning rate 2× 10−5

Scheduler / warmup Cosine / 0.03
Global batch size 64
LoRA rank / α 32/64
LoRA dropout 0.05
Training formulation Dual NTP/MTP

GRPO

Training samples 16K
Learning rate 5× 10−6

Rollouts per prompt 8
Maximum completion length 1024
KL coefficient β 0.04
Temperature / top-p / top-k 0.9/1.0/50
LoRA rank / α 32/64
Training formulation PTD
Rewards Rtemp +Rspat

Table 9 Optimization settings for the proposed PTDmodel. We report the video-processing, supervised fine-tuning, and
localization-aware policy optimization settings used for the PTD model in the main STVG benchmarking.

For zero-shot temporal grounding on Charades-STA [19] and ActivityNet [32], we use the following prompt:

<video> Given the query: {QUERY} Localize when the described event occurs in the video. Use
object reference tokens and time tokens. Return the event reference followed by the event time
segment.

For grounded VideoQA on ReXTime [9], we use a two-stage evaluation procedure. The model first selects an
answer using the following prompt:

<video> Given the question: {QUESTION} Options: A. {A} B. {B} C. {C} D. {D} Answer with only
the letter of the correct option.

The selected answer is then used as the query to localize its supporting temporal interval. For referring video
object tracking on Ref-DAVIS [30], Ref-YT-VOS [48], and ReasonVOS [5], the grounding stage is identical for
the SAM2 [45] and SAM3 [7] segmentation backends. We use the following prompt:

<video> Given the query: {EXPRESSION} Localize the described object throughout the video. Use
object reference tokens, time tokens, and box tokens. Return the object reference, event time
segment, and per-time bbox coordinates.

E Additional Qualitative Results

We also present additional qualitative results in Figure 10, covering diverse grounding challenges. PTD
distinguishes the queried target among visually similar instances while remaining robust to motion and partial
occlusion (row 1). It maintains target consistency despite interference from nearby entities and correctly stops
localization when the target leaves the scene (row 2 and 5). PTD also accurately localizes small objects as
they are progressively revealed (row 3) and preserves target identity among multiple similar instances with
overlapping trajectories (row 4). Overall, these results demonstrate consistent localization under frame-specific
changes in position, scale, and visibility.
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Referring Expression: The apple as the hand lifts it from the display and holds it up.

Referring Expression: The adult in blue holding the black cellphone.

Referring Expression: The alarm clock revealed when the package is opened.

Ground Truth Ours (PTD)

Referring Expression: The last tiger to walk over and begin drinking.

Referring Expression: The blue suitcase while it emerges from behind the black suitcase on the right.

Figure10 AdditionalqualitativeresultsofPTD. PTD accurately localizes the queried entity under visually similar distractors,
target motion and scale changes, partial occlusion, progressive object reveal, and multi-instance interactions.
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