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Abstract

Video temporal grounding (VTG) takes an untrimmed video and a natural-language
query as input and localizes the temporal moment that best matches the query.
Existing methods rely on large, task-specific datasets requiring costly manual
annotation. We introduce EvoGround, a framework of two coupled self-evolving
agents, a proposer and a solver, that learn temporal grounding from raw videos
without any human-labeled data. The proposer generates query–moment pairs
from raw videos, while the solver learns to ground them and feeds back signals
that improve the proposer in return. Through this self-reinforcing reinforcement-
learning loop, the two agents are initialized from the same backbone and mutually
improve across iterations. Trained on 2.5K unlabeled videos, EvoGround matches
or surpasses fully supervised models across multiple VTG benchmarks, while
emerging as a state-of-the-art fine-grained video captioner without manual labels.1

1 Introduction

Accurate temporal grounding underpins a wide range of applications, including video retrieval [1],
highlight detection [2], and grounded question answering [3], and is increasingly relied upon as a core
module in complex video understanding pipelines [4–6]. Given an untrimmed video and a natural
language query, video temporal grounding (VTG) [7] aims to localize the temporal moment within the
video that corresponds to the query. Despite remarkable progress, existing models typically rely on
large-scale human-labeled data for training, fundamentally limiting their scalability and applicability.

Collecting labeled data for VTG is particularly burdensome. Annotators must manually identify
temporal segments and provide corresponding natural language descriptions within untrimmed
videos, a time-consuming process that inherently limits scalability. This often leads to a sparsity
issue [8, 9], where only a fraction of video events are covered, amplifying the narrowness of the
training distribution. Beyond scalability, obtaining high-quality annotations remains non-trivial:
queries are often ambiguous or misaligned with the underlying visual content, causing models to learn
spurious correlations or exploit shortcuts rather than being grounded in true visual evidence [10–12].

Can a model reliably learn temporal information in videos without manual labels? At first glance,
this seems unlikely, as temporal grounding requires precise, fine-grained reasoning that one might
assume can only emerge from explicit supervision. We challenge this assumption with EvoGround,
a framework of two coupled self-evolving agents that learn to ground temporal moments through
mutual interaction without manual labels.

As shown in Figure 1, EvoGround consists of a proposer and a solver, evolved through an iterative
two-stage process via reinforcement learning (RL), with both agents initialized from the same base
model. Rather than relying on human annotators, the proposer takes on their role: given a raw video,
it identifies temporal moments and generates corresponding natural language queries. The solver

1All resources made publicly available at https://minjoong507.github.io/projects/EvoGround/.
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Figure 1: EvoGround: a self-evolving loop, with unlabeled videos. A proposer and a solver,
both initialized from the same base model, co-evolve through reinforcement learning. The proposer
generates query (q)–moment (m) pairs from a raw video; the solver grounds them and produces
predictions (m̂) that feed back as a learning signal. Dedicated reward designs guide each agent.

then attempts to ground these queries back to their moments, and its success or failure is fed back to
the proposer as a learning signal.

In the first stage, we encourage the proposer to provide valid, semantically consistent, and solvable
query-moment pairs; in the second stage, the solver is trained on the data generated by the updated
proposer. Through this self-reinforcing loop with dedicated reward designs for each agent, they
challenge and sharpen each other: a better proposer generates more meaningful and solvable queries,
which in turn train a better solver, whose improved feedback further raises the bar for the proposer.
This virtuous cycle, driven entirely by reinforcement learning and requiring no manual labels, yields
a system whose temporal understanding improves with each iteration.

Despite never seeing a single manual annotation during training, EvoGround matches or outper-
forms most fully-supervised models across five VTG benchmarks: Charades-STA [7], ActivityNet-
Captions [13], TVGBench [14], ReXTime [15], and E.T.Bench [16]. Moreover, EvoGround demon-
strates its strong fine-grained video captioning capability on TemporalBench [17], suggesting that the
self-evolution loop fosters a broader and more grounded understanding of video content.

Our primary contributions are summarized as follows:

• We propose EvoGround, a framework of self-evolving agents for VTG that learns temporal
information from raw videos without any manual annotation.

• EvoGround adopts a proposer–solver loop in which the two agents, initialized from the same
backbone, iteratively challenge and improve each other.

• EvoGround achieves accuracy on par with, and in five VTG benchmarks surpassing, fully supervised
models, while demonstrating its fine-grained video captioning on TemporalBench.

2 Related Work

Video Temporal Grounding (VTG). VTG is a task that aims to localize temporal moments from
given natural language sentences within untrimmed videos. VTG models typically encode multimodal
features using a pre-trained encoder (e.g., CLIP [18]) and adopt proposal-based [19], proposal-
free [20, 21], and DETR-based methods [2, 22] for prediction. However, these models are inherently
less generalizable and limited by the capacity of pre-trained encoders. Such limitations have motivated
a shift toward more general and scalable approaches that employ large language models (LLMs).

Video Large Language Models (Video-LLMs). Video-LLMs leverage the powerful capabilities
of LLMs [23, 24] to handle a wide range of downstream tasks, from question answering [25–27] to
fine-grained temporal understanding [28–30, 12, 6, 31]. Recently, inspired by the success of RL (e.g.,
DeepSeek-R1 [32]), RL-based Video-LLMs [33, 14, 34, 35] have emerged and demonstrate superior
spatio-temporal reasoning. However, existing models typically rely on labeled data and often require
strong teacher models for guidance. For instance, VideoChat-R1.5 [35] leverages DeepSeek to ensure
training data quality, and VideoChat-R1 [34] utilizes Qwen2.5-72B [36] to encourage alignment
between model outputs and caption supervision. In contrast, EvoGround avoids such reliance and
learns temporal information directly from raw videos through iterative self-reinforcing loops.
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Figure 2: Overview of EvoGround. Both agents start from the same backbone. The proposer is
updated via three rewards: Rprop

format (validity), Rprop
consistency (consistency, computed with SigLIP-2), and

Rprop
feedback (solvability, derived from the solver’s tIoU). The solver is updated via Rsol

format and Rsol
acc.

Stages alternate: the proposer’s pairs train the solver, the solver’s predictions sharpen the proposer.

Self-Evolving Agents. Self-evolving frameworks [37–39] have improved LLMs with minimal or no
training data. Recent works [40–42] have expanded this mechanism from text to vision-language. We
adopt this loop, where each agent bootstraps signals for the other without manual annotations, and
extend it to video temporal understanding. Both agents share the same backbone, with no stronger
video grounder or teacher in the loop. Any gain reflects the procedure itself rather than distillation.

3 Method

As shown in Figure 2, we introduce EvoGround, consisting of two agents: a proposer and a solver.
The proposer identifies candidate temporal events from raw videos and generates corresponding query-
moment pairs, while the solver learns to ground temporal moments using the generated data. Both
agents are initialized from the same backbone [43], and evolve solely through the self-reinforcing
loop without any labeled data. Appendix Figure 6 provides full prompts for each agent.

3.1 Proposer

To guide the proposer toward generating high-quality data, we define three key criteria: validity
(format reward), consistency (consistency reward), and solvability (feedback reward). (1) Validity:
Temporal moments must be defined by numeric timestamps within a valid range (i.e., non-negative
and within the video duration) and avoid extremely short intervals or trivial spans that cover the
entire video. (2) Consistency: A query–moment pair should be semantically coherent, i.e., the query
should accurately describe the visual content of the moment and be discriminative with respect to
other candidates, independent of the solver. (3) Solvability: The generated pairs must be learnable
by the solver, i.e., the solver should be able to localize the moment from the query. A pair may be
semantically consistent yet unsolvable if its temporal boundaries are too ambiguous or imprecise. We
design the corresponding reward functions based on these criteria.

For each video, we prompt the proposer to generate a set of temporal moments and corresponding
queries. Let the proposer generate N query-moment pairs tpqn,mnquNn“1, where qn denotes the
n-th query and mn “ psn, enq represents the corresponding temporal moment with start time
sn and end time en in seconds. For each query qn, the solver produces a moment prediction
m̂n “ pŝn, ênq. Based on these generated pairs and predictions, we denote the i-th generated sample
as si “ tqn,mn, m̂nuNn“1, which serves as the input to all reward functions defined below.

Format Reward. The format reward verifies whether the proposer generates valid query–
moment pairs. To facilitate reliable parsing and evaluation, we prompt the model to provide
multiple moments and queries, each enclosed within predefined tags, <time>...</time> and
<description>...</description>, respectively. The format reward is defined as:

Rprop
formatpsiq “

#

1
N

řN
n“1 I

`

psn, enq P V
˘

, if the proposer follows the template,
0, otherwise,

(1)
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where Ip¨q is the indicator function and V denotes the set of valid temporal moments satisfying: (1)
sn ě 0 and en ď Tvideo and (2) en ´ sn ą τlength, where Tvideo is the video duration and τlength
specifies the minimum segment length. In later iterations, we further condition the format reward on
the solver’s feedback to ensure that generated query–moment pairs are not only structurally valid but
also solvable. We measure the feedback using timestamp-aware IoU (tIoU) [14]:

tIoUpmn, m̂nq “ IoUpmn, m̂nq ¨

ˆ

1 ´
|sn ´ ŝn|

Tvideo

˙

¨

ˆ

1 ´
|en ´ ên|

Tvideo

˙

, (2)

which extends standard IoU [10] by incorporating penalties for deviations in start and end timestamps
relative to the video duration, leading to improved boundary sensitivity. Here, IoU is defined as:

IoUpmn, m̂nq “
rsn, ens X rŝn, êns

rsn, ens Y rŝn, êns
. (3)

Based on this, we define the conditioned format reward as:

I
`

psn, enq P V ^ tIoUpmn, m̂nq ě δ
˘

, (4)

where δ P r0, 1s is a threshold that conditions the validity of query–moment pairs on the current
solver’s accuracy. This design ensures that the proposer generates pairs that are both structurally valid
and learnable at each training step. The format reward in Equation 1 corresponds to the case of δ “ 0.

Consistency Reward. The consistency reward measures two complementary properties of each
query-moment pair: intra-consistency, which captures how coherently the query aligns with the
frames within its corresponding moment, and inter-consistency, which captures how discriminatively
the query matches its own moment relative to other candidates. We use SigLIP-2 [44] to compute
frame-level similarities Sn,t “ cospqn, ftq by uniformly sampling |mn| frames from each moment at
a rate proportional to its duration, and obtain their average µn. The intra-consistency score penalizes
high standard deviation in Sn,t, rewarding pairs where the query aligns uniformly with frames in mn:

Intran “ expp´γ ¨ σnq, σn “

g

f

f

e

1

|mn|

|mn|
ÿ

t“1

pSn,t ´ µnq2, (5)

where γ controls sensitivity to alignment fluctuations. However, a pair with uniformly low similarity
would still score highly under Intran alone. The inter-consistency score addresses this by measuring
how discriminatively the query matches its own moment relative to others, computed as a softmax
over cross-moment similarities with temperature τ :

Intern “
exppµn{τq

řN
j“1 exppµn,j{τq

, (6)

where µn,j denotes the mean similarity between query qn and moment mj . The final consistency
reward is their product, requiring both temporal coherence within the moment and semantic discrim-
inability across moments to be simultaneously satisfied:

Rprop
consistencypsiq “

1

N

N
ÿ

n“1

Intran ¨ Intern. (7)

In Appendix A.3, we provide more details on the intra-consistency formulation and the computation
of |mn|. We further explore variants of inter-consistency under different formulations (e.g., hard
ranking-based) and find that the softmax formulation consistently outperforms the alternatives.

Feedback Reward. The feedback reward confirms whether the pair is solvable and is measured by
the solver’s accuracy:

Rprop
feedbackpsiq “

1

N

N
ÿ

n“1

tIoUpmn, m̂nq, (8)

where m̂n denotes the moment predictions from query qn.
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Figure 3: Reward dynamics across iterations. We visualize the evolution of the proposer and
solver in (a) and (b), respectively. As the proposer evolves over iterations, the solver correspondingly
demonstrates progressively higher accuracy.

3.2 Solver

From the query-moment pairs generated by the proposer, each pair is processed independently. We
consider a single query–moment pair (q, m). Given the query q, the solver generates multiple rollout
samples tokuKk“1, from which we extract the corresponding predicted moments tm̂kuKk“1.

Format Reward. To facilitate easy answer extraction, we encourage the solver to follow the pre-
defined template: <think>...</think> and <answer>...</answer>, where the <think> block
contains the model’s intermediate reasoning steps and the <answer> block contains the predicted
temporal moment as start and end timestamps. Based on this, the format reward is defined as:

Rsol
formatpokq “

"

1, if the solver follows the template,
0, otherwise.

(9)

Accuracy Reward. To improve accuracy, we extract the prediction m̂k from the content within the
answer tags and measure accuracy by comparing it with the ground-truth moment m:

Rsol
accpokq “ tIoUpm, m̂kq. (10)

Note that while Rsol
acc and Rprop

feedback share the same formulation, they serve distinct roles: the former
optimizes the solver toward accurate grounding, while the latter signals to the proposer whether its
generated pairs are learnable.

3.3 Optimization

In this section, we describe how EvoGround is optimized. EvoGround alternates between two stages:
in the proposer stage, the proposer is optimized while the solver is frozen; in the solver stage, the
solver is updated using query–moment pairs generated by the frozen proposer.

Objective. We adopt GDPO [45] as our RL optimizer, which improves upon GRPO [32] by weighting
and normalizing each reward component individually before aggregation, rather than summing first
and normalizing after. This improves the resolution of the training signals and prevents easier rewards
from dominating the optimization, which is critical in our multi-reward setting. We provide the
detailed formulation of each objective in Appendix A.1.

Curriculum Design. In the first iteration, we warm up the proposer with the format reward only
and update the solver, since neither agent is yet tailored to the task. In subsequent iterations, we
apply consistency and feedback rewards to the proposer and adopt GDPO for this multi-reward
setting, assigning higher weights to the feedback reward than to the format reward to emphasize more
challenging objectives. We also progressively increase δ (in Equation 4) across iterations, shifting the
focus from coarse matches toward more precise temporal alignments. We validate the effectiveness
of these design choices in Section 5. For the solver, we keep the design simple, applying naive GRPO
without additional reward designs or the multi-reward weighting scheme (i.e., GDPO).

Reward Dynamics. Figure 3 visualizes the reward dynamics of EvoGround across iterations. Both
agents quickly saturate the format reward in the first iteration, suggesting that satisfying the format
constraint is easy. In subsequent iterations, the conditioned format reward decreases as δ increases,
exhibiting a significantly lower scale compared to the naive format reward due to the stricter constraint.
Meanwhile, the feedback reward steadily improves, tracking the solver’s increasing accuracy. This
confirms that our curriculum design effectively guides the optimization process across iterations.
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Table 1: Results on Charades-STA and ActivityNet-Captions. EvoGround achieves competitive
or superior performance to existing models without using any manual labels, outperforming all
SFT-based models and matching the best RL-based models. * denotes our reproduced results.

Method Charades-STA ActivityNet-Captions
R1@0.3 R1@0.5 R1@0.7 mIoU R1@0.3 R1@0.5 R1@0.7 mIoU

SFT-based Models
TimeChat [30] - 32.2 13.4 32.2 36.2 20.2 9.5 21.8
HawkEye [46] 50.6 31.4 14.5 - 49.1 29.3 10.7 -
VTimeLLM [28] 51.0 27.5 11.4 31.2 44.0 27.8 14.3 30.4
Momentor [47] 42.6 26.6 11.6 28.5 42.9 23.0 12.4 29.3
Qwen2.5-VL* [43] 68.5 48.8 22.5 45.0 38.7 25.6 14.9 28.6
Grounded-VideoLLM [48] 51.8 34.3 18.3 34.7 43.9 29.1 18.3 34.5
TimeSuite [31] 69.9 48.7 24.0 - - - - -
TRACE [49] 58.6 40.3 19.4 38.7 - - - -
ED-VTG [50] 59.5 39.3 19.8 40.2 52.1 33.1 16.0 35.2

RL-based Models
VideoChat-R1 [34] - - - - 50.4 32.2 16.2 34.3
VideoChat-R1.5 [35] - - - - 52.4 32.3 16.8 35.5
Time-R1 [14] 78.1 60.8 35.3 58.1 58.6 39.0 21.4 40.5

EvoGround (Ours) 77.2 ˘1.3 60.5 ˘1.6 35.5 ˘1.5 53.1 ˘0.9 62.9 ˘0.8 43.6 ˘0.7 25.0 ˘0.6 43.9 ˘0.5

4 Experiments

4.1 Experiment Setup

Baselines. We consider Video-LLMs as baselines, most of which focus on VTG. We categorize them
into two folds: SFT-based models, including TimeChat [30], HawkEye [46], VTimeLLM [28], Mo-
mentor [47], Qwen2.5-VL [43], TimeSuite [31], Grounded-VideoLLM [48], VideoChat-Flash [51],
LITA [52], TRACE [49], and ED-VTG [50], and RL-based models, including VideoChat-R1 [34],
VideoChat-R1.5 [35], and Time-R1 [14]. For captioning, we include various Video-LLMs, includ-
ing Qwen2-VL [36], LLaVA-OneVision [53], LLaVA-NeXT-Video [54], InternLM-XC2.5 [55],
VideoLLaVA [56], MiniCPM-V2.6 [57], Phi-3.5.Vision [58], MA-LLM [59], and Matryoshka Mul-
timodal Models (M3) [60]. Models are 7B-scale unless otherwise specified. Among all baselines,
EvoGround is the only model explicitly trained for VTG without manual annotations.

Benchmarks. We conduct experiments on five VTG benchmarks: Charades-STA [7], ActivityNet-
Captions [13], TVGBench [14], ReXTime [15], and E.T.Bench [16]. Charades-STA contains short
indoor activity videos, while ActivityNet-Captions consists of long, untrimmed videos. TVGBench
integrates multiple benchmarks, providing a balanced range of video durations and high diversity.
ReXTime and E.T.Bench involve test samples rigorously curated by human annotators. Additionally,
we use TemporalBench [17] to evaluate the model’s captioning capability.

Evaluation Metrics. For grounding, we use R@n, IoU=m metric, which measures the percentage
of top-n predicted moments whose IoU with the ground-truth moment exceeds a threshold m P

t0.3, 0.5, 0.7u, and also report the mean IoU (mIoU) and F1 score. For further reliable comparison,
we report 95% confidence intervals estimated via nonparametric bootstrap (i.e., 1,000 resamples with
replacement of the test set)2. Point estimates are computed on the full test set, and intervals correspond
to the 2.5th–97.5th percentiles of the bootstrap distribution. For captioning, we adopt classical
captioning metrics: CIDEr [61], BLEU [62] at various n-gram levels, ROUGE [63], and sentence
similarity between generated and ground-truth captions with a pre-trained Sentence Transformer [64].

Implementation Details. We use Qwen2.5-VL-7B [43] as a backbone for a fair comparison with
prior RL-based models [34, 35, 14] and utilize 2.5K raw videos from TimeRFT [14]. We perform
three iterations to train both agents. At each iteration, the proposer generates approximately 9K
query–moment pairs and updates the solver, completing within 24 hours using 4ˆA100 GPUs. For the
proposer, we progressively increase δ (0 Ñ 0.3 Ñ 0.5) and assign reward weights of wformat “ 0.5,
wconsistency “ 0.5, and wfeedback “ 1.0. Following [14], video frames are sampled at 2 FPS and
adaptively resized to 2.8M pixels to control efficiency during both training and testing; results marked
with * in the following tables are obtained from the official checkpoint under the same setup. Please
refer to Appendix A.2 for more implementation details.

2We exclude ReXTime for this since its ground-truth data is released in the official test server
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Table 2: Results on TVGBench, ReXTime, and E.T.Bench. Across diverse benchmarks spanning
varying video durations and domains, EvoGround surpasses SFT-based models and remains competi-
tive with RL-based models trained on human-annotated data. * denotes our reproduced results.

Method TVGBench ReXTime E.T.Bench
R1@0.3 R1@0.5 R1@0.7 mIoU R1@0.3 R1@0.5 mIoU TVGF1

SFT-based Models
TimeChat [30] 22.4 11.9 5.3 - 14.4 7.6 11.6 26.2
VTimeLLM [28] - - - - 28.8 17.4 20.1 7.6
Qwen2.5-VL* [43] 28.1 19.5 10.5 20.4 16.3 11.2 13.3 46.6
LITA-13B [52] - - - - 29.4 16.2 21.4 22.2
TimeSuite [31] 31.1 18.0 8.9 - - - - -
VideoChat-Flash [51] 32.8 19.8 10.4 - - - - -
TRACE [49] 37.0 25.5 14.6 - - - - -

RL-based Models
VideoChat-R1.5* [35] 31.5 20.8 11.3 22.0 28.3 18.0 20.5 50.3
Time-R1* [14] 39.3 28.0 16.0 27.8 32.2 22.1 24.1 69.4
EvoGround (Ours) 42.1 ˘3.3 28.5 ˘3.1 15.3 ˘2.6 29.4 ˘2.1 33.5 22.4 25.5 69.0 ˘2.2

Table 3: Results on TemporalBench. EvoGround outperforms all prior models across all captioning
metrics, demonstrating broader video understanding beyond temporal grounding.

Method TemporalBench
Similarity CIDEr ROUGE BLEU_1 BLEU_2 BLEU_3 BLEU_4

Qwen2-VL [36] 51.9 6.9 18.0 12.5 6.1 3.0 1.6
LLaVA-OneVision [53] 50.1 0.3 14.5 11.1 5.1 2.2 1.1
LLaVA-NeXT-Video [54] 50.1 2.3 15.8 18.1 7.0 2.6 1.1
InternLM-XC2.5 [55] 52.4 2.3 15.9 17.8 7.1 2.8 1.2
VideoLLaVA [56] 46.0 4.5 16.9 12.6 5.4 2.3 1.0
MiniCPM-V2.6 [57] 47.2 1.5 14.2 15.5 5.4 1.9 0.8
Phi-3.5-Vision [58] 42.9 3.7 16.5 20.4 8.4 3.4 1.6
MA-LMM [59] 38.7 3.1 15.0 10.1 4.8 2.2 1.1
M3 [60] 47.8 3.0 16.4 16.7 6.9 2.8 1.2

EvoGround (Ours) 53.8 11.4 20.5 26.9 12.5 5.6 2.6

4.2 Main Results

Despite never seeing any manual labels, EvoGround demonstrates strong performance across all
benchmarks. In Tables 1 and 2, EvoGround surpasses all SFT-based models and achieves first- or
second-best performance among RL-based models, which, however, rely on manually labeled data. In
Table 3, we evaluate on TemporalBench, which reflects the model’s fine-grained captioning capability
to describe a sequence of events throughout the video. To this end, we aggregate the event descriptions
generated by the proposer and compare it against the ground-truth captions. EvoGround outperforms
all prior models across every metric, with particularly large margins on CIDEr and BLEU, despite
never being explicitly trained for captioning. Beyond performance, EvoGround is significantly more
data-efficient than existing models, which typically involve data generation and curation pipelines.
For instance, VideoChat-R1.5 [35] constructs VTTS-80K from 11 public datasets, and ED-VTG [50]
collects 136K samples from 8 public datasets, whereas we use only 2.5K raw videos. Overall, these
results demonstrate that EvoGround effectively learns temporal information without manual labels.

5 Analysis

In this section, we provide in-depth analyses of EvoGround.

GDPO outperforms GRPO. Figure 4 (a) reports the performance using different RL learning
objectives across iterations. GDPO consistently outperforms GRPO across all iterations and already
surpasses GRPO’s best performance at the second iteration, achieving faster convergence. These
results support our claim that GDPO is well-suited for our multi-reward settings.
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Figure 4: Improvements across iterations on TVGBench. (a) shows performance using different
learning objectives. (b) and (c) show performance across different video and moment lengths.

Table 4: Ablation on data scaling. FT indicates
fine-tuning on Charades-STA training data. In con-
trast, EvoGround (7.5K) additionally uses 5K raw
videos from Charades-STA without manual labels.

Method FT Charades-STA
R1@0.3 R1@0.5 R1@0.7 mIoU

Hawkeye [46] ✓ 72.5 58.3 28.8 49.3
TimeChat [30] ✓ - 46.7 23.7 -
TimeChat-VT [12] ✓ - 58.4 34.7 -
ED-VTG [50] ✓ 78.2 62.1 35.0 52.6
VideoChat-R1 [34] ✓ - 71.7 50.2 60.8
VideoChat-R1.5 [35] ✓ 82.8 71.6 48.3 60.6
Time-R1 [14] ✓ 82.8 72.2 50.1 60.9
EvoGround (2.5K) ✗ 77.2 60.5 35.5 53.1
EvoGround (7.5K) ✗ 81.7 67.7 45.6 60.3

Table 5: Ablation on rewards. Each reward
contributes incrementally, with all rewards com-
bined achieving the best performance.

Iter Rfmt Rcon Rfeed
TVGBench

R1@0.3 R1@0.5 R1@0.7

1 ✓ 34.0 21.2 12.0

2 ✓ 37.0 23.8 12.5
2 ✓ ✓ 38.7 26.2 14.6
2 ✓ ✓ 38.1 26.0 14.4
2 ✓ ✓ ✓ 40.1 27.4 14.9
3 ✓ 37.2 23.6 13.5
3 ✓ ✓ 41.7 27.3 15.0
3 ✓ ✓ 41.8 27.4 14.8
3 ✓ ✓ ✓ 42.1 28.5 15.3

Increasing δ shifts the model’s focus toward more accurate grounding. We compare the cases
where δ is increased to 0.5 versus kept at 0.3. In Figure 4 (b) and (c), δ “ 0.5 shows a more balanced
improvement than δ “ 0.3 across different video durations and moment lengths. Specifically, δ “ 0.3
yields only marginal improvement over the previous iteration, and its effectiveness diminishes
particularly for longer videos and moments. This suggests that increasing δ encourages the proposer
to foster a more robust solver. This does not bias toward trivially easy samples, as the improvement is
most pronounced for longer videos and moments where grounding is inherently harder.

Adding more videos restarts the loop. Figure 4 (a) shows that gains plateau by iteration 3. With only
2.5K raw videos, the proposer and solver have already learned what they can from this small pool,
and later iterations mostly recycle similar pairs. In Table 4, training EvoGround on 5K additional
raw videos from Charades-STA (7.5K total, no overlap) for one extra iteration yields further gains,
remaining competitive with models fine-tuned on human annotations. As in-domain gains are
expected, the Appendix Table 10 shows smaller but positive transfer to other benchmarks.

Gains transfer across backbone scales and families. Across four backbones spanning 3B–8B
parameters and two families (i.e., QwenVL and InternVL), EvoGround delivers nearly identical gains
and benefits from larger capacity, with Qwen3-VL-8B [65] reaching the highest absolute scores. We
will explore more aggressive scaling in future work.

Each reward plays a distinct role. We optimize our model under different reward configurations:
(1) format only, (2) format + feedback, (3) format + consistency, and (4) all rewards, and visualize
their moment distributions and query–moment length correlation (r) in Figure 5, with performance in
Table 5. Each reward addresses a specific failure mode of the proposer, jointly preventing collapse
to trivial outputs. The format reward enforces structural validity, but formatting alone yields the
worst performance, suggesting the proposer collapses into biased, repetitive data without quality
constraints. The feedback reward enriches query descriptiveness (r: 0.11 Ñ 0.25), though r is
a diagnostic signal rather than a quality metric: a longer query does not necessarily describe the
moment better. The consistency reward sharpens the moment distribution, producing tighter temporal
moments (27.0 ˘ 37.4 Ñ 19.8 ˘ 24.6) and reducing extension toward the video end. The tri-modal
start time distribution reflects the consistency reward’s tendency to anchor moments at discriminative
positions, avoiding overlap with other candidates. Combining all rewards moderates r to 0.14 and
yields the balanced distribution and best performance overall.
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Figure 5: Generated data distributions across different reward configurations. Top: Kernel
density estimates of normalized start and end times of the moment, shown as solid and dashed lines,
respectively. All times are normalized by video duration. Bottom: We report the correlation (r)
between query and moment length, along with the mean ˘ standard deviation of moment lengths.

Table 6: Ablation on backbones. Gray columns show
initial performance, and blue indicates improvements
from EvoGround. Gains are stable across backbone
size and family, suggesting the framework rather than
backbone-specific behavior drives improvement.

Backbone TVGBench
R1@0.3 R1@0.5 R1@0.7

Qwen2.5-VL-3B [43] 17.5 31.3 (+13.8Ò) 10.0 19.4 (+9.4Ò) 5.2 9.9 (+4.7Ò)
Intern3.5-VL-4B [66] 14.2 30.6 (+16.4Ò) 8.5 18.1 (+9.6Ò) 4.0 9.6 (+5.6Ò)
Qwen2.5-VL-7B [43] 28.1 42.1 (+14.0Ò) 19.5 28.5 (+9.0Ò) 10.5 15.3 (+4.8Ò)
Qwen3-VL-8B [65] 30.2 44.6 (+14.4Ò) 20.8 30.1 (+9.3Ò) 10.5 17.2 (+6.7Ò)

Table 7: Dense video captioning results.
EvoGround remains competitive with ex-
isting models. FT denotes training on
dense captions in ActivityNet-Captions.

Method FT ActivityNet-Captions
SODA_c METEOR

Momentor [47] ✗ 2.3 4.7
VTimeLLM [28] ✓ 5.8 6.8
TRACE [49] ✓ 6.4 6.0
Grounded-VideoLLM [48] ✓ 6.2 6.4

EvoGround (Ours) ✗ 4.1 7.0

EvoGround generalizes beyond grounding. We evaluate the proposer on dense video caption-
ing [13]. Table 7 reports results on ActivityNet-Captions, showing that EvoGround achieves the
highest METEOR score among all models. Despite a lower SODA_c score, it remains competitive
without involving any caption data, unlike prior methods fine-tuned on human caption supervision.
We further evaluate the solver on representative VideoQA benchmarks, Video-MME [5] and Tem-
pCompass [67], in Appendix Table 9, where EvoGround achieves slight improvements over the
backbone without disrupting its original QA capabilities.

6 Conclusion

We presented EvoGround, a framework of coupled self-evolving agents that learns temporal grounding
from raw videos without any manual labels. Through a proposer-solver loop driven entirely by
reinforcement learning, the two agents iteratively challenge and improve each other, yielding a system
that matches or outperforms most fully supervised models across multiple benchmarks for both
grounding and captioning. This suggests that self-evolution fosters broader video understanding
than the training objective alone would imply. We hope this work inspires a broader shift toward
annotation-free video understanding systems that learn directly from the raw visual world.

Limitations. Despite the effectiveness of EvoGround, several challenges remain. First, it becomes
costly when handling ultra-long videos, as it generates a large number of query–moment pairs and
needs the solver’s feedback for each pair. Second, as with other approaches, it can be influenced
by the underlying video corpus. While this plays a crucial role, we discuss how the proposed
self-evolution framework contributes more to performance gains than dataset-specific advantages
(see Appendix A.4). Additionally, the scaling experiments suggest room for further improvement.
Addressing these aspects could strengthen EvoGround, and we will explore them in future work.
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Appendix

In this section, we provide details that are not included in the main manuscript due to the page limit.

A Details on EvoGround

A.1 Group reward-Decoupled Normalization Policy Optimization (GDPO)

We describe GDPO [45], an RL optimization algorithm derived from GRPO [32]. We first briefly
review GRPO. Given a prompt pi, the model samples G candidate responses to1, . . . , oGu from the
behavior policy πθold . GRPO computes a group-normalized advantage Api,jq

sum by first summing reward
components into R

pi,jq
sum and then normalizing:

Api,jq
sum “

R
pi,jq
sum ´ meantR

pi,1q
sum , . . . , R

pi,Gq
sum u

stdtR
pi,1q
sum , . . . , R

pi,Gq
sum u

, Rpi,jq
sum “ R

pi,jq

1 ` ¨ ¨ ¨ ` R
pi,jq

k . (11)

GRPO then optimizes the policy to favor responses with higher relative advantage. However, such
naively summing rewards overlooks differences in their difficulty and scale, often biasing optimization
toward easier objectives while neglecting more challenging ones [68]. GDPO addresses this by
reversing the order: it normalizes each reward component individually before aggregation, rather than
after. Specifically, for each reward Rk, GDPO computes a per-reward normalized advantage A

pi,jq

k :

A
pi,jq

k “
R

pi,jq

k ´ meantR
pi,1q

k , . . . , R
pi,Gq

k u

stdtR
pi,1q

k , . . . , R
pi,Gq

k u
, (12)

and then combines them with defined weights before a final normalization:

Api,jq
sum “ w1A

pi,jq

1 ` w2A
pi,jq

2 ` ¨ ¨ ¨ ` wkA
pi,jq

k , (13)

Âpi,jq
sum “

A
pi,jq
sum ´ meantA

pi1,j1
q

sum |i1 P B, j1 “ 1, ..., Gu

stdtA
pi1,j1q
sum |i1 P B, j1 “ 1, ..., Gu

, (14)

which applies batch-wise (B) advantage normalization. This design enables prioritization of more
critical objectives and is particularly suitable for multi-reward settings. We refer the reader to [32]
and [45] for the full derivations of GRPO and GDPO, respectively.

A.2 Additional Implementation Details.

Hyperparameters. For both agents, we use the AdamW optimizer with a learning rate of 1e-6. We
set the number of rollouts (G) to 2. We use a batch size of 1 with gradient accumulation of 4. We set
the max token lengths to 512 for the proposer and to 200 for the solver. This considers their different
role, as the proposer likely outputs longer answers than the solver since we require both natural
language queries and corresponding timestamps. For the proposer, we set τlength “ 3 and γ “ 30.

Full prompts. In Figure 6, we provide a designed prompt for the proposer and solver, respectively.
The proposer is encouraged to generate query–moment samples under valid conditions, and the solver
aims to temporally ground the video from the given query sentence. Here, we set N to 4 for the
proposer. If the proposer generates valid query–moment pairs less than N , the remaining entries are
padded with zero moments to penalize insufficient sampling and encourage the generation of multiple
pairs. For instance, if the proposer generates only one valid pair (e.g., covering the entire video), the
format reward is reduced to 0.25 since the remaining three pairs are assigned 0.

A.3 Details on the Reward Designs

SigLIP-2. SigLIP-2 [44] is a widely used vision-language encoder that extends the success of
the original SigLIP with enhanced pre-training objectives. We use the 0.4B-scale model, which is
lightweight and incurs negligible computations, for the consistency reward during training.

Intra-Consistency. In Equation 5, the exponential formulation is designed to map the variance of
frame-level similarities to a sharply discriminative score. Since similarity values lie in r´1, 1s, the
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Figure 6: Prompt designs of EvoGround. We show the prompts used for the proposer (top) and
solver (bottom). The proposer is instructed to generate consecutive, non-overlapping query–moment
pairs from a raw video, while the solver is instructed to localize a given query within the video.

resulting variance σn is bounded within a limited range. In the ideal case, where all frames within a
moment are perfectly aligned with the query, the variance becomes zero, yielding expp0q “ 1. In
contrast, highly inconsistent moments exhibit large fluctuations in similarity (i.e., alternating between
1 and ´1), resulting in σn « 1. Such cases are mapped to a near-zero value via the exponential
function, expp´1ˆ30q « 9.3ˆ10´14. This design ensures that well-aligned moments are preserved
with high scores, while even moderate inconsistencies are strongly penalized, providing a clear
separation between coherent and incoherent moment predictions. Additionally, we determine |mn| in
Equation 5 as:

|mn| “ clip
`

pen ´ snq ¨ ρ, Tmin, Tmaxq, (15)

where ρ “ 1, Tmin “ 8, and Tmax “ 32. This ensures that longer moments are represented with
more sampled frames.

Variants of Inter-Consistency. We consider two variants of inter-consistency: a hard ranking-based
formulation and an exponential formulation:

Interhard
n “

1

N

N
ÿ

j“1

I
`

µn ě µn,j

˘

, (16)

which measures the fraction of candidates that the n-th sample outperforms, capturing its relative
ranking within the group. We also design the function with an exponential formulation:

Interexp
n “

#

1 ´ exp
´

´γinter ¨ 1
N´1

ř

j‰n maxp0, µn ´ µn,jq

¯

, if N ą 1,

0, otherwise.
(17)

which provides a smooth and more sensitive measure of relative superiority, where larger margins
between µn and other candidates lead to exponentially higher scores. We set γinter to 30. In Table 8,
we compare the performance of applying these inter-consistency variants and confirm that computing
the inter-consistency using a softmax demonstrates the best performance. This is likely due to its
smooth and more discriminative treatment of relative differences among candidates compared to
other variants.
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Table 8: Ablation on the variants of inter-
consistency.

Intra TVGBench
R1@0.3 R1@0.5 R1@0.7

hard 41.7 27.3 15.0
exp 40.8 26.9 14.3
softmax 42.1 28.5 15.3

Table 9: Results on Video-MME and TempCompass.
* denotes our reproduced results.

Method Video-MME TempCompass
w/o subs multi-choice QA

Qwen2.5-VL-7B* [43] 61.4 71.3
Time-R1* [14] 61.2 71.2

EvoGround (Ours) 62.3 71.5

Figure 7: Query length distribution across iterations. We visualize the query length distributions
across different reward configurations and iterations. As previously discussed in Section 5, the
feedback reward increases the length of queries compared to others.

A.4 Impact of Training Data and Comparison with Time-R1

A potential concern is that the performance of EvoGround may be influenced by the underlying video
corpus used for training. We acknowledge that the choice of data can affect model performance.
To control for this factor, we note that both EvoGround and Time-R1 [14] are trained on the same
underlying video corpus (i.e., TimeRFT). Therefore, any performance differences cannot be attributed
solely to dataset selection.

Despite sharing the same video corpus, EvoGround differs from Time-R1 in several aspects. First,
EvoGround does not rely on any human-annotated data, whereas Time-R1 is trained with labeled
supervision. Second, EvoGround does not require a cold-start fine-tuning stage or the construction
of curated chain-of-thought (CoT) [69] examples, both of which are involved in Time-R1 to guide
training. Time-R1 further requires dynamic hard sampling during its training that mines hard samples
(i.e., low-IoU samples) on a curated dataset for each training epoch. In contrast, EvoGround learns
directly from raw videos through a self-evolving proposer–solver loop driven by RL.

Beyond, EvoGround is more data-efficient than existing models, achieving strong performance with
only a small amount of raw video data. As mentioned in Section 4.2, existing models typically
rely on multi-stage training pipelines with curated datasets tailored for each stage. For example,
VTimeLLM [28] adopts a three-stage framework (feature alignment, boundary perception, and
instruction tuning), while Grounded-VideoLLM [48] employs a similar multi-stage pipeline that
involves large-scale caption supervision (i.e., 1.28M video-caption pairs) in early stages.

Taken together, these differences suggest that the improvement of EvoGround stems from the proposed
self-evolution framework rather than reliance on curated video quality or dataset-specific advantages.
While the underlying corpus still plays a role, our results demonstrate that strong temporal grounding
performance can be achieved without annotated data or additional manual curation.

B Further Analysis

Results on VideoQA benchmarks. We evaluate EvoGround on representative video question
answering (QA) benchmarks, including Video-MME [5] and TempCompass [67] in Table 9. We
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Figure 8: Per-sample IoU improvements under different thresholds δ. The dashed line represents
no change, and the upper-left regions represent improved cases.

Table 10: Results on Charades-STA, ActivityNet, and TVGBench.

Method Charades-STA ActivityNet-Captions TVGBench
R1@0.3 R1@0.5 R1@0.7 mIoU R1@0.3 R1@0.5 R1@0.7 mIoU R1@0.3 R1@0.5 R1@0.7 mIoU

EvoGround (2.5K) 77.2 60.5 35.5 53.1 62.9 43.6 25.0 43.9 42.1 28.5 15.3 29.4
EvoGround (7.5K) 81.7 67.7 45.6 60.3 64.8 44.3 25.8 44.7 41.7 28.6 15.1 29.5
∆ +4.5 +7.2 +10.1 +7.2 +1.9 +0.7 +0.8 +0.8 -0.4 +0.1 -0.2 +0.1

confirm that EvoGround does not disrupt the backbone (i.e., Qwen2.5-VL-7B) and demonstrates a
slight improvement.

Query length distributions across iterations and different reward configurations. In Figure 7, we
visualize the query length distribution for each reward configuration across iterations. As previously
mentioned, the feedback reward enriches query descriptiveness, showing the highest average query
length.

Per-sample comparison across different δ. In Figure 8, we compare per-sample improvements
across different δ on TVGBench. δ “ 0.5 results in a denser distribution in the high-IoU region (i.e.,
upper-left), compared to δ “ 0.3, along with higher average improvements (+1.29% vs. +0.21%).

Evaluation on TemporalBench. As shown in Figure 9, to evaluate on TemporalBench [17], we
first generate query–moment pairs from given videos and concatenate them into a single paragraph.
We then compare it with the ground-truth sentence and confirm that EvoGround effectively captures
consecutive video events.

Visualization of generated data. We also visualize generated data from the proposer at the third
iteration in Figure 10. Each query is well-aligned with the corresponding frames within the moment
and densely covers throughout the video.

Results of EvoGround with scaling up video data. Extending the results in Table 4, we report the
performance of EvoGround (7.5K) on additional benchmarks including Charades-STA in Table 10.
While we observe some improvements across benchmarks and metrics, the gains are modest, particu-
larly on out-of-distribution datasets such as TVGBench and ActivityNet-Captions. This is expected,
as the additional training videos are sourced from Charades-STA, which primarily consists of short
videos. Consequently, incorporating such data helps the model better handle similar domains, but is
less effective for broader generalization.
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Figure 9: Captioning results on TemporalBench.

Figure 10: Generated query–moment pairs from EvoGround.
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