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Abstract

Video Temporal Grounding (TG) aims to temporally locate video segments match-
ing a natural language description (a query) in a long video. While Vision-Language
Models (VLMs) are effective at holistic semantic matching, they often struggle
with fine-grained temporal localisation. Recently, Group Relative Policy Opti-
misation (GRPO) reformulates the inference process as a reinforcement learning
task, enabling fine-grained grounding and achieving strong in-domain performance.
However, GRPO relies on labelled data, making it unsuitable in unlabelled domains.
Moreover, because videos are large and expensive to store and process, performing
full-scale adaptation introduces prohibitive latency and computational overhead,
making it impractical for real-time deployment. To overcome both problems, we
introduce a Data-Efficient Unlabelled Cross-domain Temporal Grounding method,
from which a model is first trained on a labelled source domain, then adapted to
a target domain using only a small number of unlabelled videos from the target
domain. This approach eliminates the need for target annotation and keeps both
computational and storage overhead low enough to run in real time. Specifically,
we introduce Uncertainty-quantified Rollout Policy Adaptation (URPA) for cross-
domain knowledge transfer in learning video temporal grounding without target
labels. URPA generates multiple candidate predictions using GRPO rollouts, av-
erages them to form a pseudo label, and estimates confidence from the variance
across these rollouts. This confidence then weights the training rewards, guiding
the model to focus on reliable supervision. Experiments on three datasets across six
cross-domain settings show that URPA generalises well using only a few unlabelled
target videos. Codes will be released once published.

1 Introduction

Temporal Grounding (TG) localises the exact temporal segment in an untrimmed video that semanti-
cally corresponds to a given natural-language query [[1,12]]. Accurate TG is fundamental to high-level
applications such as activity detection [6] and embodied human—computer interaction [[7].

While VLMs are effective at capturing holistic video semantics [22}, 141, [18]], they often struggle with
fine-grained localisation, leading to suboptimal performance in temporal grounding. Some recent
works apply Supervised Fine-Tuning (SFT) to better align video-query pairs [4} 139} 58]. However,
since relevant segments typically cover only a small portion of the video, the model often overfits
to redundant context, limiting its ability to perform precise grounding [60]. To improve temporal
reasoning, Chain-of-Thought (CoT) post-training introduces explicit intermediate reasoning steps
before prediction [37,150]. While effective, this approach depends on manually annotated prompts,
which are expensive to collect and hard to scale across domains and tasks. More recently, GRPO [14]
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Figure 1: (a) A comparison between full-data and data-efficient adaptation in Cross-domain Temporal
Grounding (CTG). Existing methods adapt on thousands of unlabelled target videos (grey), which is
slow and resource-heavy. We propose a data-efficient CTG setting using only 100 or 200 randomly
selected target videos. Despite the limited data, our method matches or exceeds performance on the
TaCoS — ActivityNet task. (b) Conceptual comparison between MC Dropout and GRPO rollout.
MC Dropout samples subnetworks via stochastic neuron dropout and estimates uncertainty from
output diversity. GRPO rollouts similarly sample diverse structural sequences from the policy. URPA
leverages this property to generate averaged pseudo labels and estimate uncertainty via rollout
standard deviation, enabling uncertainty-quantified adaptation without ground-truth labels.

formulates temporal grounding as a policy learning problem, where reinforcement learning is used to
directly optimise segment predictions [47, 26]. This removes the need for hand-crafted prompts used
in post-processing and achieves strong results on in-domain benchmarks. However, GRPO relies on
ground-truth temporal boundaries to compute reward signals. requiring extensively labelled training
videos. It limits its practical usefulness in real-world scenarios where annotations are unavailable.
Moreover, GRPO-based temporal grounding performance drops significantly across domains due to
distribution shift, revealing its poor generalisation to unseen data. In addition to annotation constraints,
the sheer scale of video data poses practical challenges. A target domain often contains thousands of
videos, which are expensive to store, and time-consuming to adapt. As shown in Fig. [I[(a), existing
adaptation methods require full retraining on the entire target set. Such latency and resource-hungry
makes them unsuitable for time-sensitive applications like online or on-device deployment. We
consider a more practical and generalisable approach to cross-domain temporal grounding where a
model trained on a labelled source domain can be efficiently adapted to an unlabelled target domain
using only sparse unlabelled target videos, with minimal latency and resource demands.

To address these challenges, we introduce a Data-Efficient Unlabelled Cross-domain Temporal
Grounding approach. A model trained on a labelled source domain is adapted at test-time in deploy-
ment using only K unlabelled videos from the target domain (X =100 ~ 200 in our experiments),
allowing for real-time adaptation on limited compute resources. The main challenge in this approach
lies in effectively leveraging limited unlabelled target data. Without annotated temporal boundaries,
pseudo-labels are noisy and highly uncertain, resulting in poor cross-domain performance. To miti-
gate this, we introduce explicit uncertainty quantification to assess the reliability of pseudo-labels. As
illustrated in Fig[T[(b), MC Dropout [[11]] estimates uncertainty by sampling multiple sub-networks via
stochastic dropout and computing the variance across their outputs. Similarly, GRPO rollouts produce
diverse predictions by sampling from a stochastic policy. Inspired by this parallel, we estimate pseudo
label confidence by measuring the standard deviation across multiple rollouts per <video, query> pair,
and use it to guide adaptation with uncertainty-quantification weighted model adaptation.

To this end, we propose Uncertainty-quantified Rollout Policy Adaptation (URPA). After supervised
training of a GRPO backbone on the source domain, we perform test-time adaptation by generating
G stochastic rollouts for each of the K (K=100/200 in our experiments) randomly selected unlabelled
videos in the target domain. A pseudo label is constructed by averaging the predicted boundaries
across rollouts, and a small margin relaxation is applied to reduce the impact of outliers. To estimate
the reliability of each pseudo label, we follow the Bayesian view of MC Dropout and use the
variance across rollouts as an estimate of uncertainty. Samples with lower variance, indicating higher
confidence, are given larger weights during a lightweight gradient update. This enables fast and
effective adaptation without introducing significant latency. Sec. ] provides a theoretical analysis of
how rollout-based variance quantifies uncertainty.

Our contributions are threefold: (i) We introduce an unlabelled cross-domain temporal grounding
approach to test-time model adaptation using only a small number of unlabelled target-domain
videos. (ii) We propose Uncertainty-quantified Rollout Policy Adaptation (URPA), the first rein-



forcement learning-based self-learning adaptation method that combines pseudo-label generation
with uncertainty-weighted rewards. URPA enables effective GRPO-based temporal grounding across
domains without requiring ground-truth labels to compute reinforcement signals. (iii) We theoreti-
cally show that rollout variance approximates Bayesian predictive variance, quantifying epistemic
uncertainty, and empirically demonstrate that URPA consistently outperforms strong baselines across
six cross-domain video temporal grounding benchmarks.

2 Related Works

Test-time Adaptation. Test-time domain adaptation (TTDA) adapts a pre-trained model to unlabelled
test data exhibiting distribution shift, prior to prediction [42, [19 35]]. TTDA approaches can be
broadly divided into backward-free and backward-based methods. Backward-free methods adapt the
model on-the-fly during inference, typically by updating batch normalization (BN) statistics without
backpropagation. Representative works include DUA [32]], which applies a running average to BN
layers, and DIGA [45]], which aligns distributions for semantic segmentation. While efficient per
sample, such methods require adaptation for every test input, which may increase inference latency
and introduce instability across samples. In contrast, backward-based methods adapt the model once
using target data before inference begins, enabling faster and more stable test-time prediction. These
methods often rely on self-supervised objectives like entropy minimization [42, 20]. However, video
data is large and difficult to store, and performing test-time adaptation on all videos is time-consuming.
Hence, we leverage only a small number of videos from the target domain to perform data-efficient
test-time adaptation via backpropagation, and then apply the adapted model to evaluate the full set
test video without further updates. This design ensures both adaptability and real-time efficiency,
making it well-suited for practical scenarios with limited target domain data.

Temporal Grounding. Temporal grounding [12}24] is a vision—language task that aims to localise
the snippet that corresponds to a given natural language query with start and end timestamps in a
video. Existing methods fall into two main categories: proposal-based approaches [12} 1} 51} 161}
48| [17], which generate candidate segments before matching them with the query; and proposal-
free approaches [51} 156, 59} 134} 25| 133| 52, which directly predict the temporal boundaries in
an end-to-end manner. Recently, VLM-based methods [39, 21} 28| 16} 58}, [31} [15]] have shown
competitive performance by leveraging generalised knowledge from VLMs pre-training, while also
maintaining the conversational capabilities of language models. However, both traditional and VLM-
based approaches rely heavily on large amounts of labelled data and struggle to generalise to unseen
domains [54,127,143,18,13]]. Although some work has explored cross-dataset generalisation 30,47, 26],
this setting remains challenging due to two key issues: (i) target domain videos are often large,
incurring high storage and adaptation costs; and (ii) temporal boundary annotation is labour-intensive.
Moreover, our experiments show that the recent works, e.g., TimeZero [47]] and Temporal-R1 [26],
still perform poorly in cross-domain generalisation despite utilising GPRO to improve the model’s
generalisability with reinforcement learning. To address this, we propose a data-efficient cross-
domain temporal grounding setting and a method that achieves performance comparable to fully
supervised training using only a small number of unlabelled target domain videos. This significantly
reduces resource requirements while improving cross-domain generalisability.

Uncertainty Estimation. Uncertainty estimation aims to capture either data-inherent noise (aleatoric
uncertainty) or model-driven ambiguity (epistemic uncertainty) [3} 23]]. In vision tasks, epistemic
uncertainty is commonly approximated via Bayesian neural networks such as MC Dropout [10} 20],
or through approximate reasoning methods [46| [36]. For VLMs, existing approaches quantify
uncertainty through logit entropy [[13], verbalized confidence enhanced by CoT prompting [49]],
or consistency-based diagnostics [63]]. Recent work also explores semantic-level uncertainty by
clustering outputs and computing entropy in embedding space [9]]. In contrast, our URPA estimates
epistemic uncertainty by computing the standard deviation across multiple rollout predictions, offering
a lightweight and task-aligned signal to guide self-learning in unlabelled target domains.

3 Uncertainty-quantified Rollout Policy Adaptation
3.1 Problem Definition

In training a model for a new target domain video temporal grounding, we consider a labelled
source domain Dy = {V¢ I}V | and an target domain with a small number of unlabelled videos

R

D, = {V}}E |, where I! is the annotated interval for V!, the number of training videos in the source
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Figure 2: Uncertainty-quantified Rollout Policy Adaptation (URPA): During source model training,
we perform supervised GRPO training using labelled videos V. Specifically, the format reward
Riormar €ncourages the model to “think first and then answer,” while accuracy reward Ryo, aligns

the predicted temporal grounding I2™® with the relaxed ground truth I%' for supervised learning. In
target model knowledge adaptation, we adapt the model using K unlabelled target videos. For each

video V;, we first compute the average output over G rollouts to obtain a pseudo label Ift. Then
calculate the standard deviation across these rollouts and transform it into a confidence score c to
quantify uncertainty on pseudo labels, which is then used to weight different pseudo-labels when
constructing a weighted reward function for test-time target model adaptation.

and target domains are NV and K respectively, with K < N. A distribution shift exists between the
source and target domains, i.e. Ps # P;. The model is first pre-trained on the labelled source domain
to learn some general knowledge of video temporal grounding. It then learns to adapt at test-time
without labelled training in the target domain through a data-efficient unlabelled target domain videos.
This real-time cross-domain unlabelled adaptation approach to video temporal grounding aims to
optimise cross-domain knowledge transfer with only a few target videos without any annotations.

3.2 Remark on Group Relative Policy Optimization

In reinforcement learning, Group Relative Policy Optimization (GRPO) is a variant of Proximal
Policy Optimization (PPO) that eliminates the need for a critic function. Instead, it directly evaluates
the quality of predictions using a group of sampled responses. Given a question g, the model generates
G candidate rollout responses o0 = {01, 02, ..., 0¢} through policy sampling. A reward function then
computes scores r = {r1, ..., 7} by comparing each candidate with the ground truth. To normalize
these rewards, GRPO computes their mean and standard deviation. The quality of each response is
estimated by:
r; — mean(r) 1
Sy M
where A; denotes the normalized advantage of the i-th response. GRPO optimizes the policy 7y to
maximize A;, thereby encouraging beneficial deviation from the initial policy. A KL-divergence
regularization term is further incorporated to constrain excessive deviation:

G
max B 0 [(Z ole.. Ai) ~ B Dia (o | mea] , @

i=1

A=

where [ is a regularization coefficient controlling the strength of the penalty. Although GRPO has
shown strong performance on math reasoning tasks, it struggles to generalise under domain shifts,
especially for temporal grounding on unlabelled videos. This is due to both the difficulty of label-free
optimisation and the high storage and adaptation cost associated with large-scale video data. To
overcome these limitations, we introduce a data-efficient cross-domain temporal grounding setting,
which consists of source domain model training and lightweight target domain adaptation.

3.3 Source Model Training

VLMs focus on coarse-grained understanding but lack fine-grained temporal localization capability.
Therefore, post-training is necessary to equip the model with temporal reasoning and grounding
abilities. To this end, we pursue two main objectives. First, we aim to stimulate explicit reasoning



chains within the model, enabling it to perform structured temporal inference. Second, we design
task-specific reward functions to guide the model towards learning accurate temporal grounding,
encouraging outputs that precisely align with relevant video segments.

Format Reward. To facilitate explicit reasoning, following [47]], we introduce a format reward that
encourages the model to structure its outputs according to a specified template. Specifically, we
require the model to present its thought process within <think>...</think> tags, and its final
answer within <answer>...</answer> tags. We use regular expression matching to determine
whether the model’s output adheres to the required format as follows:

1, if output matches format,
Rformat =

. 3
0, if output doesn’t match format. )
Accuracy Reward. A core objective for source training is to design a well-crafted reward that guides
the model to perform reasoning based on reward variations, thereby improving the quality of temporal
grounding predictions. To guide the model towards this goal, we design an accuracy reward based on
the overlap between the predicted and ground-truth temporal intervals.

However, event boundaries in videos are inherently ambiguous, and ground-truth annotations across
datasets often exhibit labelling biases due to human subjectivity. Such biases can lead to performance
degradation when models trained on the source domain are applied to the target domain. To mitigate
this issue, we first relax the ground-truth interval I = [r5 7] by extending both boundaries by a
fixed proportion o of the event duration, yielding the relaxed ground-truth I7":

I9t = [Fen 7] = [max(0, 73" — (7" — 759), min(1, 78 + a(r8 — 9], @)
where 7@ and 72" are normalized timestamps within [0, 1], and « is set to 0.1. Let 10" =

[part, pend] denote the predicted temporal interval. We then compute the relaxed temporal Intersection

over Union (tloU) between 12 and 7€' as:
I8N I2*Y max(0, min(pg™, 75) — max(pie, 7391))
‘I”Sgt U Igredl Inax(pgnd7 7~—§nd) _ min(pztart’ f—sstart)

. &)

Rgou =

where 73" and f;f“d are the relaxed ground-truth boundaries defined in Eq.(@]). A higher R,y
indicates better alignment between the predicted and relaxed ground-truth segments. Thus, the overall
supervised reward function for source domain training is defined as:

Ry = 0.5 X Rormac + 0.5 X Rtlan (6)

Supervised training on the source domain equips the model with basic spatio-temporal reasoning
capability, but it still suffers from performance degradation on the target domain due to the domain
shift between source and target domains, making target unsupervised adaptation essential.

3.4 Target Adaptation

GRPO requires ground-truth labels to compute rewards, which are unavailable in the target domain.
Meanwhile, traditional domain adaptation methods typically assume full access to target domain data
during training. Nevertheless, this assumption becomes impractical for large-scale video tasks due to
substantial storage and computational costs. Thus we consider a more realistic setting where only a
small number of K unlabelled target videos are available for adaptation, with K < V.

While pretraining on the source domain provides the model with general temporal grounding ability,
performance still degrades under domain shift. To bridge this gap, we leverage the multiple candidate
responses generated during GRPO optimization. For each target sample, the policy model samples
G rollout response candidates. Although each individual response may be noisy, their aggregated
statistics offer a more stable approximation. We therefore construct pseudo temporal labels by
averaging predicted start and end timestamps:

G G

~ Stal 1 Stal ~ e 1 cn

7 =5 ) g, =5 2 080, )
J=1 J=1

where (pi*") ;) and (p{™!) ;) denote the predicted timestamps from the j-th sampled response. These
pseudo labels act as soft supervision after processed with Eq.() for test-time adaptation. However,



not all pseudo labels are equally reliable. To evaluate their quality, we estimate prediction uncertainty.
Inspired by Bayesian deep learning, we treat the GG rollout responses as approximate samples from a
predictive distribution, analogous to the Monte Carlo Dropout approach. This allows us to use the
standard deviation of the predicted timestamps as a proxy for uncertainty:

u=0o <{(P?m)<j)}f:1) to ({(P?"d)u)}jgzl) ) ®)

The uncertainty u is then converted into a confidence score ¢ via an exponential decay function:

¢ = exp(—u), ©)

where -y is a hyperparameter that controls the influence of uncertainty on confidence. Finally, this
confidence score is used to weight the contribution of the pseudo labels during reward computation.
Specifically, we scale the temporal grounding reward (Ry,u) by the confidence, while keeping the
format reward unweighted:

Ry = 0.5 X Riormat + 0.5 X Ryou X . (10)

This confidence-aware reward formulation allows the model to better exploit informative pseudo
labels while mitigating the effects of noisy or uncertain predictions, leading to more robust test-time
adaptation in the absence of ground-truth labels.

4 Theoretical Analysis
This section proves that the empirical standard deviation obtained from multiple GRPO rollouts
converges to the Bayesian predictive standard deviation, thereby quantifying epistemic uncertainty.

Theorem 4.1. Fix an input x. Let 7o(7 | x) be the rollout policy learned by GRPO and let p* (1 | x)
denote the Bayesian predictive distribution of the same model class trained on the source data. Assume
(i) rollouts drawn from g are i.i.d.; (i) there exists a constant M < oo such that E, [7'2] <M
and I« [7'2] < M; (iii) the Kullback—Leibler divergence is finite, € = KL(7T9 I p*) < 0o. Draw G

independent rollouts {T7VY% | ~ 7y(- | 2) and define

G
1 ; ~ 1 N
Tg = —G E T(Z), Uc(m) = J 7; ZEZI (T(Z) - TG)Q-

As G — oo and GRPO training drives € — 0, the estimator o¢(x) converges to the Bayesian
predictive standard deviation Stdp« [T | x], providing a consistent measure of epistemic uncertainty.

Proof. For clarity we give the main steps; full details are in the supplementary material Sec. ??.

Step 1: Consistency under the GRPO policy. Let j1, = E,,[7] and 0 (2) = Stdy, [ | z]. Because

the G rollouts {7V} are i.i.d. and E,,[7?] < M (Theorem assumption (ii)), the weak law of large
numbers yields

7e¢ 2 pir, Gc(x) B ox(z) (G—o0). (11)

Step 2: Relating the GRPO and Bayesian standard deviations. With ¢ = KL(7g||p*) (assumption
(iii)), Pinsker’s inequality gives a total-variation bound

mo — p*lTv < /3 & (12)

Using (12), the bounded-moment assumption and Var[r] = E[72] — (E[r])? one obtains the variance
gap bound:
|U72,(x) - af(m)| < 4M+/, o2(z) = Varp[r | z]. (13)

Applying the identity |a — b| < \/|a? — b?| for non-negative a, b, we get:
|ox(2) — ox(z)] < \/AM /e, (14)

Step 3: Convergence to Bayesian predictive standard deviation. GRPO optimisation decreases €
over training, so v/ — 0. Combining (TI) and the above yields

Ga(2) = 0u(2)] < [Ga(@) = ox(@)| +|ox(2) — 0u(2)], (15)

vanishes by m vanishes as e -0



Table 1: Performance comparisons on three cross-domain temporal grounding benchmarks. The best
is in bold.

Method Charades— ActivityNet | ActivityNet—TACoS | TACoS—Charades
R@0.5] R@0.7 R@0.3] R@0.5 R@0.5] R@0.7
Full-dataset Unsupervised Domain Adaptation
CBP [44] 27.46 15.37 25.33 21.79 22.38 11.95
SCDM [55] 28.02 15.84 22.68 17.45 35.95 25.18
CMIN [62] 34.25 18.63 20.51 15.04 28.06 18.22
CSMGAN [29] 36.92 20.04 29.63 18.07 36.45 22.86
2DTAN [61] 39.17 21.76 33.72 21.16 25.81 17.37
DRN [57] 41.39 24.27 32.07 19.96 36.16 24.52
MMN [48] 44.06 24.98 36.94 22.08 33.73 20.04
UDA-TSL [30] 49.48 32.15 42.40 29.83 41.39 28.63
Domain Generalisation
Qwen2.5-7B [53] 15.18 7.90 7.70 2,11 32.93 15.35
+ GRPO (Source Training only) 35.61 16.61 20.80 9.87 53.51 28.69
+ URPA (Source Training only) 36.46 18.78 21.58 10.26 54.40 29.81
Data-Efficient Unsupervised Domain Adaptation
URPA (with 100-shot Target Adaptation) | 40.13 20.88 21.82 10.16 54.78 30.08
URPA (with 200-shot Target Adaptation) | 42.57 21.25 21.97 10.38 55.54 32.04
Method TACoS— ActivityNet | Charades—TACoS | ActivityNet—Charades
R@0.5] R@0.7 R@0.3] R@0.5 [R@05] R@0.7
Full-dataset Unsupervised Domain Adaptation
CBP [44] 18.94 11.93 22.88 19.26 32.82 14.39
SCDM [55] 19.65 11.80 18.97 16.82 52.56 34.82
CMIN [62] 22.17 13.72 19.38 15.34 45.03 31.74
CSMGAN [29] 23.88 14.67 2543 16.12 45.60 32.28
2DTAN [61] 24.90 16.38 30.12 19.81 36.34 22.61
DRN [57] 24.93 18.52 28.60 16.73 50.47 29.02
MMN [48] 28.29 20.86 34.09 19.17 50.78 23.17
UDA-TSL [30] 33.54 26.16 36.42 25.48 60.26 41.03
Domain Generalisation
Qwen2.5-7B [33] 15.18 7.90 7.70 211 32.93 15.35
+ GRPO (Source Training only) 34.82 17.02 12.55 5.13 62.13 36.06
+ URPA (Source Training only) 36.23 18.13 13.91 6.27 63.36 37.47
Data-Efficient Unsupervised Domain Adaptation
URPA (with 100-shot Target Adaptation) | 38.41 19.80 14.49 7.23 64.35 38.76
URPA (with 200-shot Target Adaptation) | 41.83 21.84 16.62 8.25 65.12 39.57

which tends to zero in probability as G — oo and € — 0. Hence
Ga(x) & ou(z), (16)

showing that the rollout standard deviation is a consistent estimator of epistemic uncertainty. [

S Experiments

To evaluate the effectiveness of the proposed method, we conduct experiments on three widely used
temporal grounding datasets: TACoS [38]], ActivityNet Captions [2], and Charades-STA [40].

5.1 Experimental Setup

Datasets. We evaluate our method on three benchmark datasets: TACoS, ActivityNet Captions, and
Charades-STA. ActivityNet Captions contains approximately 20000 untrimmed YouTube videos
annotated with 100000 natural language descriptions. Following the standard split, we use 37417
sentence-video pairs for training, and 17031 for testing. TACoS consists of 127 cooking-related
videos. We adopt the public split, which includes 10146 and 4083 query-segment pairs for training
and testing, respectively. Charades-STA is built on the Charades dataset, containing 12408 training
and 3720 testing moment-query pairs. Codes are given in supplemental materials.

Baselines. To evaluate both cross-domain generalisation and adaptation, we follow the standard
protocol for temporal grounding under domain shift. In each experiment, one dataset serves as the
labelled source domain, while the remaining two act as unlabelled target domains, yielding six cross-
domain configurations. We compare our method under the data-efficient unsupervised adaptation



Table 2: Ablation study on Charades — Activitynet dataset showing the impact of uncertainty
estimation and soft labelling.

Variant R@0.3 | R@0.5 | R@0.7 | mloU
Qwen2.5-7B 25.11 | 15.18 | 7.90 | 18.47
Qwen2.5-7B + Our GRPA Target Adaptation (100-shot) 2.67 1.46 0.68 1.96
Qwen2.5-7B + Source Training with GRPO 5391 | 35.61 | 16.61 | 35.81
Qwen2.5-7B + Source Training with our GRPA 55.23 | 36.46 | 18.78 | 37.64
URPA w/o uncertainty-quantification + w/o relaxed tIOU (200-shot) | 58.58 | 31.15 | 20.75 | 39.86
URPA w/o uncertainty + w/ relaxed tIOU (200-shot) 63.72 | 41.48 | 20.47 |43.10
URPA (200-shot) 64.61 | 42.57 | 21.25 | 43.65

Table 3: Ablation study of GRPO hyperparameters on the Charades — ActivityNet task: (a) effect of
reward scaling factor -y, and (b) effect of rollout count GG during adaptation.

~ [ R@0.3 | R@0.5 | R@0.7 | mloU _ G (rollouts) | R@0.3 [ R@0.5 | R@0.7 | mloU
s | 5006 | 4044 | 2013 | 4025 8 64.61 | 4257 | 2125 | 43.65

' - : ' 16 63.19 | 4178 | 2173 | 42.40
10 | 5912 | 40.13 | 20.88 | 40.46 32 62.56 | 41.65 | 21.54 | 42.15
25 | 58.86 | 39.89 | 19.97 | 40.11 64 60.08 | 4098 | 20.86 | 41.37

(a) Varying  with 100-shot unsupervised adaptation. (b) Varying G with 200-shot unsupervised adaptation.

setting, where the source-pretrained model is adapted using only K = 100 or 200 unlabelled target
videos with our URPA. This setting is contrasted with the following baselines: (1) Full-set adaptation:
The model is trained on the labelled source domain and adapted using the entire unlabelled target
domain. We report results for several state-of-the-art unsupervised adaptation methods, including
CBP [44]], SCDM [55], CMIN [62], CSMGAN [29]], 2DTAN [61], DRN [57], MMN [48], and
UDA-TSL [30]. (2) Domain Generalisation: We evaluate the base Qwen2.5-7B model [53] (without
any fine-tuning), a GRPO-trained model on the source domain, and a model trained using only the
source training phase of our URPA framework. All three are trained exclusively on the source domain
and directly evaluated on the target domain without any access to target data.

Implementation Details. We first fine-tune Qwen2.5-7B on the labelled source domain, and then
perform data-efficient adaptation on 100 or 200 randomly selected samples from the unlabelled target
domain. In all experiments, the maximum prompt length is set to 4096, the maximum response
length to 2048, the number of rollouts to 8, batch size to 16, and we train for 1 epoch. All models are
implemented in PyTorch on 32 NVIDIA V100 GPUs. Codes are in supplemental materials.

5.2 Results and Analysis

Experimental Results. Tab. |1| shows the performance of our method on the unsupervised cross-
domain temporal grounding tasks. We report results using our data-efficient unsupervised adaptation
approach with K = 100 and K = 200 unlabelled target samples. We compare against several
baselines, including: (1) traditional UDA methods trained on full labelled source and unlabelled
target domain data; (2) zero-shot domain generalisation methods trained only on the source domain
and the base Qwen2.5-7B model. Our results demonstrate that data-efficient adaptation with just
a small number of unlabelled target samples can significantly improve the performance of the
source-pretrained model. Compared to full-set UDA methods, our method achieves competitive or
even better performance in several settings. In particular, for TACoS — ActivityNet, TACoS —
Charades, and ActivityNet — Charades tasks, our method outperforms state-of-the-art UDA methods
in R@0.5. These results highlight the effectiveness and efficiency of our approach in realistic cross-
domain scenarios with limited adaptation data. We also compare our approach with data-efficient
target-supervised learning baselines in Appendix ??, further validating its effectiveness.

Ablation Study. In Tab. |2} we present an ablation study on the Charades— ActivityNet cross-domain
temporal grounding task to assess the impact of different components in our framework. The first
row reports the performance of the base model, Qwen2.5-7B [53]], directly applied to the temporal
grounding task on ActivityNet without any adaptation. The poor performance indicates that the base
model lacks inherent temporal localization capabilities. The second row presents the performance of
Qwen2.5-7B adapted to the target domain using our method without any source domain pre-training.
The subpar results suggest that source domain training provides essential task-specific knowledge
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Figure 3: Qualitative Analysis on Charades — ActivityNet.

necessary for effective adaptation. Rows three and four show the results of models pre-trained on
the source domain using the original GRPO algorithm and our improved method, respectively, and
then directly evaluated on the target domain. Both outperform the base model significantly, with our
method achieving better results than the original GRPO. This demonstrates that supervised training
on the source domain aids the model in learning temporal grounding, and our soft accuracy reward
approach mitigates biases introduced by manual annotations during pre-training. The last three rows
analyse different modules in our target domain adaptation strategy, starting from a source-trained
model. In the fifth row, pseudo labels are used directly for adaptation without modification in
Eq.(@) and uncertainty quantification in Eq.(T0), resulting in the lowest performance. In the sixth
row, we apply Eq.(@) to the pseudo labels, which significantly improves results, indicating that
soft label learning helps mitigate the effects of label noise. Finally, the last row introduces our
uncertainty-quantified reward weighting mechanism (Eq[T0) with soft labelling, yielding further
improvements. This confirms the effectiveness of our GRPO-based uncertainty estimation strategy in
guiding test-time adaptation.

Parameter Analysis. We analyse the effect of key hyperparameters on Charades — ActivityNet task
performance. The reward scaling factor +y (used in Eq.(9)) controls the sensitivity to uncertainty: a
larger +y increases the influence of predicted uncertainty on reward weighting. Tab. [3{(a) reports the
results on the 100-shot transfer setting with varying values of . We observe that v = 10 yields the
best performance, but the results are relatively stable across different + values, indicating that our
method is robust to this hyperparameter. Tab. [3(b) investigates the impact of the number of rollouts
G in GRPO during 200-shot adaptation. The performance peaks when G = 8, and further increasing
the number of rollouts does not lead to consistent gains, while incurring higher computational and
memory costs. They suggest that our method is both effective and efficient under practical settings.

Qualitative Analysis. Fig.[3illustrates several qualitative examples from the Charades — ActivityNet
transfer setting. Despite not using any labelled data during target adaptation, our method produces
significantly more accurate temporal grounding than the baseline. Notably, in these cases where the
before adaptation model completely fails to localise the correct segment, our approach is able to
capture meaningful behavioural patterns in the target domain and make precise predictions. These
results highlight the effectiveness of our method in adapting to unseen domains without supervision.

6 Conclusion

In this paper, we propose URPA, a data-efficient method for cross-domain temporal grounding that
leverages the rollout mechanism of GRPO to estimate predictive uncertainty and assess the reliability
of predictions on unlabelled target-domain videos. This allows effective test-time adaptation using
only a small number of target samples. We theoretically demonstrate that the standard deviation
across rollouts approximates epistemic uncertainty. Extensive experiments across six cross-domain
benchmarks validate the effectiveness of URPA in improving temporal grounding under domain shift.
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