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Abstract. Video Temporal Grounding (VTG) aims to localize specific
video segments corresponding to natural language queries. While recent
Large Vision-Language Models (LVLMs) employ Reinforcement Learn-
ing to generate Chains-of-Thought (CoT), they typically rely solely on
outcome-based supervision. Consequently, this often leads to halluci-
nations, where the reasoning process becomes disconnected from the
visual content and the final prediction. Existing attempts to mitigate
this by relying on external supervision from larger models or separate
reward models are computationally expensive and prone to rigid pat-
terns. To address these challenges, we propose TAR (Temporal Anchor-
Constrained Reasoning), a framework that introduces the temporal an-
chor (T-anchor) as a transparent and auditable checkpoint mechanism.
T-anchor enforces progressive refinement within the CoT, compelling
the model to continuously ground its intermediate thoughts in visual evi-
dence and iteratively calibrate temporal predictions, thereby significantly
enhancing the faithfulness and autonomy of the reasoning process and fi-
nal accuracy. Furthermore, we introduce a bootstrapping paradigm that
automatically harvests high-quality CoT data using only a standard 7B
model, eliminating the dependency on ultra-large models. Extensive ex-
periments demonstrate that TAR achieves state-of-the-art performance
and generates faithful, autonomous, and progressively refined reasoning
traces.

Keywords: Video Temporal Grounding - Reinforcement Learning

1 Introduction

Video Temporal Grounding (VTG) is a fundamental task in video understand-
ing that requires models to localize specific segments within untrimmed videos
corresponding to a given natural language description. Envisioning VTG tech-
nology empowering Al assistants to pinpoint specific moments (such as “a child
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Fig.1: Comparison of reasoning paradigms. (1) Outcome-based Unsuper-
vised Reasoning relies solely on final outcome supervision, offering low computational
cost but leading to unfaithful reasoning. (2) Process-based Supervised Reasoning
depends on step-by-step supervision (GT Think), resulting in faithful reasoning but
suffering from high computational costs and rigid patterns. (3) Anchor-Based Semi-
supervised Reasoning (Ours) introduces auditable temporal anchors (<T-anchor>)
as checkpoints. By utilizing a Temporal Anchor Reward, our method achieves faithful
and autonomous reasoning while maintaining a low computational cost.

entering the kitchen”) from hours of footage, this capability is critical for real-
world applications including video surveillance, intelligent video retrieval, and
human-computer interaction.

Existing VI'G methods generally fall into three categories. First, Vision-
Language Pre-training (VLP) methods extract features using pre-trained en-
coders and employ specific modules for fusion and localization. However, the
disjoint training of feature extraction and localization often leads to error ac-
cumulation. Second, methods based on Supervised Fine-Tuning (SFT) of Large
Vision-Language Models (LVLMSs) typically rely on next-token prediction (cross-
entropy loss). This objective aligns poorly with the Intersection-over-Union (IoU)
metric, and since these models usually output direct answers without reasoning
chains, they lack interpretability. Third, recent approaches utilize Reinforcement
Learning (RL) to encourage models to generate a Chain-of-Thought (CoT) de-
noted as <think>...</think> before producing the final <answer>.

A core challenge remains: ensuring the reasoning process is tightly grounded
in video content to effectively enhance localization accuracy. As illustrated in
Figure [1| (1), methods like Time-R1 rely solely on final prediction
constraints driven by an IoU Reward. We term this paradigm Outcome-based
Unsupervised Reasoning. While it boasts low computational cost, these meth-
ods often result in the “right answer for the wrong reason” phenomenon, where
the generated reasoning suffers from hallucinations or generic descriptions de-
tached from specific visual cues, leading to unfaithful reasoning. In contrast, as
shown in Figure [1| (2), other approaches like Video-VER which we catego-
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rize as Process-based Supervised Reasoning typically rely on an external LVLM
to generate ground truth thoughts (GT Think) and explicitly score the reason-
ing process via a reward to think process. While this achieves faithful reasoning,
excessive reliance on such explicit supervision leads to high computational cost
and rigid reasoning output patterns that lack autonomy, reducing the model to
a template-matcher that merely parrots predefined structures (e.g., "The person
is doing [Action|") to satisfy the external scorer.

To address these challenges, we propose TAR (Temporal Anchor-Constrained
Reasoning), as illustrated in Figure [1] (3), which serves as an efficient semi-
supervised reasoning paradigm. The core innovation of TAR lies in embedding
explicit <T-anchor>...</T-anchor> tags within the reasoning trace to serve as
auditable checkpoints. Instead of relying on heavy external models to evaluate
the intermediate steps, we design a progressive refinement strategy driven by a
new reward mechanism. Specifically, alongside the standard IoU Reward for the
final <answer>, we introduce a novel Temporal Anchor Reward applied directly
to the intermediate <T-anchor> tags. During generation, the model first pro-
poses a coarse interval at an initial anchor. It is then compelled to re-think and
ground its subsequent reasoning in visual evidence, producing a more precise
interval at the next anchor. By rewarding the model strictly for these incremen-
tal accuracy gains, our mechanism ensures that the reasoning process actively
aligns with the visual content. Consequently, TAR achieves faithful and highly
autonomous reasoning with minimal computational overhead.

Another significant challenge is that base models often struggle to strictly fol-
low formatting instructions for T-anchors. Experiments show that even with ex-
plicit prompting, up to 76% of samples fail to generate valid T-anchors (e.g., un-
closed tags), rendering anchor-based constraints ineffective and hindering train-
ing efficiency. Instead of distilling from larger models, we propose a bootstrap-
ping strategy: performing lightweight RL directly on the 7B model to harvest
30k well-formatted reasoning chains as seed data for high-quality training.

Our main contributions are as follows:

e We propose the TAR framework, which embeds verifiable T-anchors into the
reasoning chain to encourage the model to progressively refine its temporal
predictions and continuously ground its intermediate thoughts in visual ev-
idence. This effectively bridges the gap between the reasoning process and
localization results, enhancing both faithfulness and accuracy.

e We introduce a resource-efficient bootstrapping data generation paradigm,
eliminating the dependency on ultra-large models for generating high-quality
reasoning chains.

e Experimental results demonstrate the superiority of TAR, establishing a new
performance benchmark on the Charades-STA dataset with 61.1 mIoU and
50.2 R1@0.7.
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2 Related Works

Temporal Video Grounding. Temporal Video Grounding (TVG) [7,{15] aims
to precisely locate video segments corresponding to text queries. Early methods
mainly rely on Vision-Language Pre-training (VLP) models [3]16,22,/40], while
subsequent approaches leverage large language models (LLMs) with fine-tuned
visual encoders or open-source large vision-language models [9}/12}28}30,[39],
though both lack interpretability and temporal awareness. Recently, reason-
ing and reinforcement learning (RL) have been introduced into LLMs [14,|35],
with Time-R1 |32] achieving state-of-the-art grounding performance through a
reasoning-driven LVLM and VideoChat-R1 [21] extending to broader spatio-
temporal tasks, yet these RL-based methods still lack explicit constraints on the
reasoning process, which our method addresses.

Reasoning in Large Vision-Language Models. Building on the success of
reasoning models like OpenAl ol and DeepSeek-R1 [10] in symbolic domains,
recent efforts have extended Chain-of-Thought (CoT) capabilities to the visual
domain [42,/43]. In the context of video understanding, existing reasoning-based
methods generally follow two paradigms: (1) Outcome-based Unsupervised Rea-
soning: Recent methods such as TVG-R1 [4], Video-R1 [5], and Time-R1 [32]
rely solely on final task-specific metrics (e.g., IoU) as rewards. While compu-
tationally efficient, this paradigm lacks intermediate supervision, often result-
ing in a disconnect between the reasoning process and the final answer. Con-
sequently, the thinkprocess may suffer from hallucinations, yielding "the right
answer for the wrong reason." (2) Process-based Supervised Reasoning: Some
approaches [23}|31] incorporate additional reward models or external LLMs to
evaluate the reasoning process itself. However, these model-based rewards are
often computationally expensive and can lead to rigid, template-like reasoning
patterns. To strike a balance, our TAR framework introduces a novel paradigm:
Anchor-based Constrained Reasoning. Unlike unsupervised methods, we enforce
intermediate verification using rule-based temporal anchors; unlike fully super-
vised methods, we maintain semantic autonomy by only constraining the anchor
format rather than the entire linguistic content. This effectively combines the
efficiency of rule-based rewards with the faithfulness of process-level supervision.

3 Methodology

Given an untrimmed video V and a query @, Temporal Video Grounding (TVG)
aims to predict the target segment T = (ts,t.). We utilize a Large Vision-
Language Model (LVLM) parameterized by 6 to address this task. Instead of
directly regressing the boundaries, we explicitly model the reasoning process by
prompting the LVLM to generate a reasoning chain R, which includes a sequence
of intermediate anchors A = {Ay, ..., Ax }, followed by the final prediction A ;.
The joint generation process is expressed as:

Py(R, Agina|V, Q) = [ [ Po(wily<:, V. Q) (1)
t
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Here, the reasoning trace R is delimited by <think> tags, and each temporal
anchor A; = (t%,¢!) is enclosed in <T-anchor> tags.

First, Sec. 3] provides the intuition behind the effectiveness of the anchor
mechanism. Next, Sec. introduces the reward function for TAR. Finally,
Sec. details the bootstrapping data collection method used to generate the

reasoning chains.

3.1 Intuition: Why Temporal Anchors Work.

Instead of relying on rigid token-level supervision or unconstrained generation,
TAR leverages the inherent autoregressive nature of Large Vision-Language
Models (LVLMs) to balance reasoning faithfulness and semantic autonomy. Purely
unsupervised Chain-of-Thought (CoT) often suffers from “textual inertia” where
the model pays more attention to its newly generated text than the visual in-
put, leading to ungrounded hallucinations. The anchor mechanism acts as a
structural interruption to break this inertia. Because our reward strictly penal-
izes any drop in localization accuracy, the model cannot simply guess the next
timestamp based on text alone. It is forced to shift its attention back to the raw
video tokens to find concrete evidence. Thus, each T-anchor serves as a “visual
grounding checkpoint,” ensuring the reasoning is deeply faithful to the actual
video. At the same time, TAR preserves the model’s semantic autonomy. Unlike
supervised methods that reduce the model to a template-matcher forced to out-
put fixed patterns (e.g., “The person is doing [Action]|”), TAR only constrains
the format of the numerical anchors. The natural language reasoning between
these checkpoints remains completely free-form. This allows the model to au-
tonomously explore and describe the video content without being restricted by
rigid pseudo-labels.

In essence, this decoupled design of strict temporal anchor verification and
free-form text generation empowers the model to achieve highly accurate local-
ization while maintaining both robust reasoning faithfulness and genuine seman-
tic autonomy.

3.2 The TAR Framework

Guided by the analysis in Sec. we introduce the TAR framework. We employ
Reinforcement Learning (specifically GRPO [10]) to optimize the model, using
the proposed T-anchors as auditable checkpoints. We design a composite reward
function R(o) consisting of three components:
(1) Format Reward (rpormat). We prompt the model to output in the follow-
ing structure: <think>...<T-anchor>
...</T-anchor>...<T-anchor>...</T-anchor>... </think> <answer>...</answer>.
In our <think> block, the model first provides an initial analysis of the
video, then outputs a preliminary answer in the first <T-anchor> block. It then
continues to analyze this initial answer in combination with its earlier reasoning
and the video content, producing a refined or corrected answer in the second
<T-anchor> block, and so on until it wants to stop. In the <answer> block, the
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Fig. 2: Overview of our proposed Temporal Anchor-constrained Reasoning for Tem-
poral Video Grounding (TAR) method. We apply a format reward, a soft IoU reward,
and a temporal anchor-constrained reward to the think, answer and T-anchor tags
generated by the LVLM.

model provides its final answer, which we set as the same in the last T-anchor
tag in the think block. We use regular expressions to verify whether the model’s
output conforms to this required format. If the format is correct, we give a score
of a to the model, otherwise 0:

(0) 0,if o does not match format @)
r 0) =
Format a, if o matches format

where we use a = 3, see Supplementary Material for ablation study.

(2) Soft IoU Reward (7570,u). In previous work, they usually adopt the fol-
lowing IoU reward:

(0) max (0, min(t,, t.) — max(t,, i) 3)
ru(o) = - - .
¥ max(te,te) — min(ts, ts)

In this paper, we propose a slightly different soft IoU to compute the reward for
the model’s output:

min(t, t,) — max(t,, ts)

(4)

Tsou(0) = : nly
s1o0 (0) max(te, te) — min(ts, ts)

The only difference is that the numerator has no lower bound of zero. Soft IoU
can measure the distance between the predicted and ground-truth segments even
when there is no overlap which the previous IoU cannot achieve, enabling stable
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training. For example, in the early stages of training, if the model predicts a
segment from 15.4s to 18.0s while the ground truth is from 3.4s to 12.2s, soft IoU
yields a score of -0.21, whereas standard IoU gives 0. As a result, the standard
IoU is not sensitive to the degree of misalignment in the predictions, leading to
slower convergence.

(3) Temporal Anchor-Constrained Reward (rr4r). Besides the standard
format and soft IoU reward functions, we further design a temporal anchor-
constrained reward to apply explicit constraints to the generated anchors. First,
we identify format-correct <T-anchor> tags within the reasoning content and
extract the time durations in-between them. Let o be the model output, s be
the target number of <T-anchor> tags, and § be the actual number generated
by the model. The rpag consists of three sub-terms:

Weighted Accuracy: We assign higher weights to later anchors to encour-
age convergence and enforce them to be more accurate towards the final predic-
tion. We compute the weighted sum of the soft IoUs between the predicted time
ranges and the ground truth:

TARgu(0) = Zz -sIoU; (o), (5)

where sIoU;(0) computes the soft IoU score for the i-th anchor of output o, and
i acts as the increasing weight.

Progressive Refinement: We explicitly reward the model only when it re-
fines its prediction, requiring that later temporal anchors be more accurate than
earlier ones. The progressive refinement step for the i-th anchor is formalized as:

5i(0) = (6)

1 if sIoU;(0) > sloU;_1(0),
—1 otherwise.

Based on this, the total progressive refinement reward is defined as:

TARyefine(0) = Y _ di(o0). (7)
=2

Length Penalty: If the size of § is unbounded, the model might engage
in reward hacking by generating infinite anchors to accumulate TARgjo7, which
increases the difficulty of progressive refinement and can ultimately degrade the
model’s training performance. To prevent § from deviating from the target count
s, we impose a quadratic penalty:

TAR um (0) = (5 — 5)% (8)
Finally, our complete temporal anchor-constrained reward is formulated as:
TTAR(O) = TARSIOU(O) + ﬂ : TARreﬁne (0) e TARnum(O)7 (9)

where 8 = 1 and v = 5 are hyperparameters balancing the refinement incentive
and length constraint.
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Fig. 3: Data collection strategy (left) and training strategy (right). We first
employ a lightweight GRPO training to generate reasoning data, which is then filtered
to obtain high-quality samples. Using this data, we perform Supervised Fine-Tuning
(SFT) on the base Qwen2.5-VL model for a cold start, followed by final GRPO training
on the SFT model.

The overall reward of the whole reinforcement learning is formulated as:

R(O) = TFormat (O) + TsloU (0) + TTAR(O)- (10)

3.3 Bootstrapping Strategy for Data Efficiency

Training the proposed model directly is non-trivial. Despite extensive experimen-
tation with various prompts to encourage the model to output <T-anchor> tags,
it consistently struggles to generate them reliably. This is partly because the
baseline model we use (i.e., Qwen2.5-VL-3B/7B) has limited capability in fully
comprehending complex temporal reasoning prompts. When no <T-anchor> tags
are produced, the temporal anchor-constrained reward cannot be computed,
which prevents effective training.

To circumvent this, we introduce a Self-Bootstrapping Data Collection strat-
egy via Slight GRPO Training (Fig. . Unlike conventional knowledge distilla-
tion methods that incur prohibitive financial and computational costs by relying
on massive, proprietary closed-source models (e.g., GPT-40 or Gemini 1.5 Pro)
for data generation, our approach is highly cost-effective. It leverages the base-
line model’s own exploratory capabilities to synthesize reasoning trajectories.
Given a video V, prompt p, and query ¢ sourced the training splits of dataset,
the GRPO algorithm generates a diverse group of candidates o and computes
their respective rewards r to optimize the policy.

To ensure the quality of the bootstrapped data, we apply a rigorous, deter-
ministic filtering pipeline. From an initial pool of 186K raw exploratory outputs
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generated from the training set, we distilled 30K high-quality reasoning samples
using precise criteria (as illustrated in Fig. . Specifically, each retained trajec-
tory must achieve a high total reward, which requires the reasoning trajectory
to contain a minimum of <T-anchor> tags numbers. Crucially, each sequential
anchor must demonstrate progressively increasing localization accuracy against
the ground truth, with the specific accuracy thresholds (e.g., sloU). This au-
tomated pipeline effectively bootstraps a high-quality supervision signal from
extensive exploratory trajectories, completely eliminating the need for manual
intervention or costly external large-model distillation.

4 Experiments

4.1 Experimental Setup

Benchmarks. We evaluate our model on four video grounding datasets: Charades-
STA [7] (6,672 indoor activity videos, 30.6s avg, 12,408 train/3,720 test clip-
query pairs), QVHighlights [16] (4,855 train/1,020 val video-text pairs that
contain only a single segment), ActivityNet-Caption [2] (37,421 train/17,505
val/17,031 test samples), and TVGBench [32] (800 samples). The last one ag-
gregates part test sets from ActivityNet-Caption, Charades-STA, HIREST |3§],
EgoNLQ [8] and TaCoS [29] as a comprehensive benchmark, evaluating 11 query
types with balanced video-query distribution for fair assessment.

Implementation details. We use Qwen2.5-VL-3B/7B as our base models.
We first generate and filter the 30K CoT data, and then train an SFT model
using this data. Subsequently, we employ GRPO to further train the model on
the corresponding datasets. All experiments are conducted using 8 x NVIDIA
A100 GPUs. Further details regarding the training process, including SFT and
GRPO configurations along with other experimental settings, can be found in
the Supplementary Material.

4.2 Evaluation

We compare our TAR-TVG model with state-of-the-art TVG methods, including
feature-based vision-language pretraining (VLP) models, large vision-language
models fine-tuned through supervised fine-tuning (SFT), and recent approaches
that leverage reinforcement learning (RL) to generate chain-of-thought reason-
ing.

Comparison on Charades-STA. As shown in Table [I} our TAR (7B)
achieves the highest mIoU of 61.1 and R1@0.3 of 83.6 on the Charades-STA
benchmark. This performance is achieved using only the Charades-STA training
set, surpassing methods (denoted with *) that rely on additional training data,
including but not limited to YT-Temporal [37], DiDeMo [1], QuerYD [27], In-
ternVid [33], and HowTol00M |[25]. For instance, in terms of R1@0.3, our model
outperforms Time-R1 (82.8) trained with an additional 2.5k external samples, as
well as all other types of TVG models. Our smaller 3B version of TAR surpasses
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Table 1: Performance of temporal video grounding on Charades-STA, QVHighlights.
Methods marked with * are trained with additional TVG datasets (See the Sup-
plementary Material for their implementation and the dataset they use), while FT
with v'indicates that the model is fine-tuned on the corresponding Charades-STA or
QVHighlights dataset. We compare our method against existing 3B, 7B open-source
LVLMs, as well as state-of-the-art VLP models.

. Charades-STA QVHighlights
Type Method Size FT| 10U R1@0.3 R1@0.5 R160.7/mIoU R1G0.3 R160.5 R1G0.7
9D-TAN [41] - v | - 573 458 279 | - - i i
M-DETR |16] - Vv [45.5 65.8 52.1 30.6 - - 53.9 34.8
vip UniVTG f22] - v 501 708 581 356 | - - 597 -
EaTR 13| - v - - 684 449 | - - 614 458
CG-DETR [26] - v |501 704 584 363 | - - 674 521
FlashVTG |3] - v - - 70.32 49.87 - - 73.1 573
ChatVTG [28] 7B - 52.7 33.0 15.9 - - - -
TimeChat* [30] 7B v | - 322 134 362 | - - - -
gpp VTimeLLM [i2] 7B - 510 275 114 | - . § -
TimeSuite [39] 7B - 699 487 240 | - - - -
TRACE" [11] B v | - - 403 194 | - - - -
TimeSuite™ |39 B Vv - 79.4 67.1 43.0 - - - -
VideoChat-RL5" [36[[3B v |508 749 586 300 | - - 5 5
Time-R1* [32] 3B v |55.3 795 651 375 | - - - -
TAR (ours) 3B v |[57.0 81.0 67.2 40.6 | - - - -
RL Temporal-RLT* |17] |7B v [57.0 - - - - - - -
VideoChat-R1.5* |36|| 7B v |60.6 82.8 71.6 48.3 - - - -
Time-R1* [32] 7B v |588 82.8 72.2 501 [59.0 741 662 527
TAR (ours) 7B v |61.1 83.6 714 50.2 |65.9 85.6 76.1 58.5

most VLP-based models and reaches performance comparable to some existing
7B models.

Comparison on QVHighlights. On the QVHighlights dataset, our method
significantly outperforms most VLP-based models and reinforcement learning-
based approaches (Table. . Specifically, we observe improvements of +6.8
mloU, +9.9 R1@0.5, and +5.8 R1@0.7 compared to Time-R1, demonstrating
strong generalization of our method between different TVG scenarios.

Zero-Shot Comparison on ActivityNNet-Captions and TVGBench. In
the zero-shot setting, we further evaluate our method on two challenging bench-
marks: ActivityNet-Captions and TVGBench. Table [2] presents the results on
ActivityNet-Captions, the experimental results show that our method achieves
the highest R1@0.3 score (61.5) and the highest mIoU (41.1) under the zero-shot
setting. Similarly, our approach achieves the highest mIoU of 30.6 on TVGBench.

Generalization to VQA. To evaluate the generalization capability of TAR-
TVG on Video Question Answering (VQA) tasks, we allow the model to maintain
its "Progressive Refinement" reasoning pattern: generating localization results
as intermediate anchors within the <think> tag before producing the final cat-
egorical answer.
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Table 2: Zero-shot comparison on the ActivityNet-Captions and TVGBench bench-
marks. All models have 7B parameters.

Method ActivityNet-Captions TVGBench
mloU R1@0.3 R1@0.5 R1@0.7|mIoU R1@0.3 R1@0.5 R1@0.7
VideoChat [18] | 7.2 88 37 15 | - - - -
Video-ChatGPT [24]| 18.9 264 136 6.1 | - - - -
ChatVTG 28] 27.2 40.7 22.5 9.4 - - - -
TimeChat [30] - 36.2 20.2 9.5 - 22.4 11.9 5.3
HawkEye [34] - 491 293 107 | - - - -
VTime-LLM [12] - 44.0 27.8 14.3 - - - -
Videochat-Flash [20]| - - - - - 328 198 104
TRACE |[11] - - - - - 37.0 25.5 14.6
TimeSuite [39] - - - - - 311 180 89
VideoChat-R1.5 |36]| 35.5  52.4 32.3 16.8 - - - -
Temporal-RLT [17] | 39.0 - - - - - - -
Time-R1 [32] - 586 39.0 21.4 292 41.8 294 16.4
TAR(Ours) 41.1 61.5 39.8 198 |30.6 42.8 31.1 16.0

Table 3: Comparison of Zero-shot VQA performance on MVbench [19] and

VideoMME |[6].
Model MYVBench VideoMME
Qwen2.5-VL-7TB 65.2 53.0
Time-R1 65.6 54.2
Ours 66.1 54.9

Experimental results demonstrate that, despite being trained on TVG data,
TAR-TVG has successfully acquired a "Reasoning Pattern" of continuously re-
fining anchors during the thinking process. This ability to self-correct through
intermediate anchors can be directly transferred to VQA tasks to effectively as-
sist logical judgment, as TVG is fundamentally a subtask of video understanding.
Effective temporal grounding is crucial for VQA because it helps the model fo-
cus on the most relevant moments while reducing distractions from irrelevant or
redundant content. Notably, our method outperforms baseline models such as
Qwen2.5-VL-7B and Time-R1 in Zero-shot VQA performance.

4.3 Ablation Study and Discussion

We conduct a series of ablation studies on the 7B model.

Impact of Training Strategy. As shown in Table [d] incorporating the
CoT data for supervised fine-tuning substantially enhances the model’s tem-
poral grounding ability during subsequent GRPO training. Training with rein-
forcement learning alone achieves only 45.9 R1@0.7, while applying chain-of-
thought (CoT) supervision solely in the SFT stage yields just 21.0 R1@0.7, as
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61.1

[ (1) Time-R1 (Unsupervised Reasoning)

59.1 [ (2) Video-VER (Supervised Reasoning)
58.8—— 1 (3) TAR (Ours)
4.15 4,
4.09 3.25 3.68
== 2.89

2.13

mloU Faithfulness Autonomy

Fig. 4: Quantitative comparison of reasoning trajectories and grounding per-
formance. Faithfulness and Autonomy are evaluated using Qwen2.5-VL-72B on a scale
of 1 to 5. All methods are based on Qwen2.5-VL-7B. Our method (TAR-TVG) outper-
forms both Time-R1 and Video-VER, achieving the highest mIoU while maintaining
robust reasoning faithfulness and enhanced autonomy.

SFT mainly focuses on token-level optimization and thus provides limited im-
provement in temporal understanding. However, when reinforcement learning is
further applied to the SF'T-trained model, both reasoning ability and video com-
prehension are strengthened, resulting in the best performance of 50.2 R1@0.7
and 61.1 mloU.

Faithfulness and Autonomy of Reasoning Trajectories. As illustrated
in Figure [ we utilize Qwen2.5-VL-72B as an evaluator to score the reasoning
trajectories of the three methods on a 5-point scale. Detailed evaluation pro-
tocols, including the specific prompts and scoring criteria, are provided in the
supplementary material. Compared to Time-R1, which relies solely on outcome
supervision, our method demonstrates superior faithfulness. Conversely, in con-
trast to Video-VER, which imposes strict supervision on the reasoning process,
our approach exhibits enhanced autonomy. Ultimately, benefiting from our pro-
gressive refinement mechanism, our method achieves the highest mIoU. Further-
more, we provide concrete qualitative examples in the supplementary material
to further illustrate the improved faithfulness and autonomy of our generated
trajectories.

Ablation on TAR Rewards. Table|5|describes the ablation study on TAR
rewards, involving TARgou, TARpum, and TAR eqne- In all rows, TARgou is
always employed because it is a soft IoU constraint applied to timestamp anchors.
Omitting it may generate an overly wide time span and only slightly narrow it
at each step. TARum is very useful, since omitting it the model may generate

an excessive number of timestamp anchors, resulting in worse performance as
shown in the first two rows. With TARg,u, adding TAR 1, achieves an R1@0.7
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Table 4: Ablation on Training Strategy.

Type mloU R1@0.3 R1@0.5 R1@0.7
+SFT 40.0 58.8 41.8 21.0
+GRPO 59.3 81.5 70.1 45.9

+SFT + GRPO 61.1 83.6 71.4 50.2

Table 5: Ablation on TARsiou, TARnum and TARyefine rewards.

TARs1ou TARrefine TARnum [mIoU R1@0.5 R1@0.7

v 39.1 50.2 31.2
v v 41.1 51.3 32.4
v v 58.5 70.2 47.9
v v v 61.1 71.4 50.2

of 47.9. Combining all components reaches the highest 50.2, demonstrating their
complementary effect.

Performance Gain from the Anchor Mechanism.To verify that the
performance improvements stem directly from our proposed components, we
compare our full TAR model (which incorporates the anchor reward detailed
above) against two baselines: the standard Time-R1 (supervised solely by stan-
dard IoU) and a variant supervised by our proposed sloU. As shown in Table @
under identical training datasets and configurations, our complete method con-
sistently outperforms both baselines across all metrics. This clearly demonstrates
the distinct effectiveness of both the sloU and the anchor mechanism.

Table 6: Ablation study on the performance gain from the anchor mechanism. All
models are trained on the identical data scale.

Model Size Method R1@0.3 R1@0.5 R1@0.7 mIoU
Time-R1 79.5 65.1 37.5 55.3

3B Time-R1(+sloU)  80.1 65.5 38.1 56.5
TAR. (Ours) 81.0 67.2 40.6 57.0
Time-R1 82.4 70.6 47.5 59.8

7B Time-R1(+sloU) 82.8 70.6 48.1  60.0

TAR (Ours) 83.6 71.4 50.2 61.1
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Soft IoU vs Standard IoU. We
compared soft IoU with the standard
IoU in Figure 5} In the early stages
of training, soft IoU can provide in-
formative feedback even when the pre-
dicted and ground-truth segments do
not overlap, offering meaningful re-
wards to guide optimization. As shown
in Figure [ sIoU consistently outper-
forms standard IoU throughout train-
ing and leads to better final perfor-
mance.

About Thinking Length. We
recorded the thinking lengths of mod-
els of different sizes. Figure [6] show
that the 3B model generally produces
longer thinking sequences compared
to the 7B model, while 7B model has
better grouding performance than
3B. For example, when only GRPO
is applied, the 3B model generates
on average 11.1 (186.1-175.0) more
tokens than the 7B model. Second,
we observe that after SFT, all models
show improved performance. With
SET, the thinking length of the 3B
model remains nearly unchanged. For
the 7B model, the thinking length
decreases from 175 tokens to 158.4.

60 > Softlou
—=— loU

mloU (%)
«
g

1000 1300 1600 1900 2200
Training Steps

Fig. 5: Soft IoU vs Standard IoU.
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Fig. 6: The thinking length of different
model size. The bar chart represents the
mloU, while the stars indicate the average
number of tokens.

Both results indicate that stronger
models require less thinking to achieve
better performance.

Failure Analysis. Out of 3,720 samples, we identify three major failure
modes. Case 1 and Case 2 share the same quantitative behavior: the initial sloU
is 0 and remains 0 across subsequent anchors. However, they arise from different
causes. In Case 1, the target action is visually similar to background activity,
making it difficult to disambiguate the foreground segment. In Case 2, the target
segment is extremely short, providing insufficient temporal evidence for the an-
chor to latch onto. Case 3 samples start near-optimal, e.g., with an sloU of 0.87,
and exhibit only minor boundary variation later, e.g., an sloU of 0.83, with neg-
ligible impact on localization quality. Overall, 92.1% of samples are successfully
refined, indicating that incorrect initial anchors are seldom reinforced into per-
sistent errors; the remaining cases stem from visual ambiguity, extremely short
targets, or near-optimal variation.
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5 Conclusion

In this paper, we present TAR, a Temporal Anchor-constrained Reasoning
framework that balances reasoning faithfulness with semantic autonomy in Video
Temporal Grounding. By introducing T-anchors as auditable intermediate check-
points, our method effectively breaks the textual inertia common in unsupervised
reasoning while avoiding the rigidity of fully supervised approaches. Further-
more, we propose a resource-efficient bootstrapping paradigm that enables the
model to autonomously harvest high-quality reasoning data, thereby eliminating
the reliance on proprietary ultra-large models and significantly reducing com-
putational overhead. TAR, achieves state-of-the-art performance, notably reach-
ing a record-high mIoU of 61.1 on the Charades-STA benchmark. This anchor-
based constraint paradigm offers a promising direction for developing more in-
terpretable and faithful reasoning model in the video domain.
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