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Abstract. Existing video temporal grounding methods typically oper-
ate under a closed-world assumption, relying on the implicit premise that
every natural language query must have a corresponding event some-
where in the video. This always-answer paradigm severely compresses
the decision boundary during training, as models are seldom exposed to
the alternative hypothesis that the queried event may be absent. Con-
sequently, when users ask about specific events that cannot be matched
in the video within an open-world environment, these models exhibit
systematic temporal hallucinations. This may stem from incorrect at-
tribution of textual, visual, or multimodal information, leading them to
confidently generate plausible time frames for events that do not actually
exist. To address this limitation, we propose HRVTG, a test-time adapta-
tion framework that dynamically calibrates the decision boundary of the
model during inference. Built upon a frozen grounding backbone, the pro-
posed framework constructs three types of counterfactual hallucination
probes in a self-supervised manner, targeting the aforementioned halluci-
nations. We dynamically reshape the decision boundary through absten-
tion signals from counterfactual probes and consistency rewards from
genuine queries. This is executed by introducing the GRPO algorithm,
effectively reformulating the task into an online policy optimization prob-
lem in reinforcement learning. Furthermore, we introduce decoupled met-
rics to independently evaluate hallucination resistance and real-event
grounding. Experiments indicate that our method suppresses halluci-
nated responses to fabricated queries. It achieves accurate selective pre-
diction while maintaining strong grounding performance on real events.
The code will be released at https://github.com/CVL-hub/HRVTG.

Keywords: Video Temporal Grounding - Reinforcement Learning - Test-
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Fig. 1: Comparison of three VT'G paradigms under a counterfactual query. For ex-
ample, while the video depicts chopping a potato, the counterfactual query specifies
“cutting a watermelon.” (a) Traditional VTG, trained only on positive samples, ex-
ploits semantic priors around the action “cut” to hallucinate a spurious interval. (b)
Static Relevance VTG learns to output a null-grounding signal via offline training on
predefined negative data, but its decision boundary remains static. (¢) Our HRVTG
calibrates the decision boundary dynamically during inference through self-supervised
counterfactual probes, achieving selective prediction without annotations.

1 Introduction

Video temporal grounding (VTG) is a core capability in modern video under-
standing systems. Given an untrimmed video and a natural language query, a
VTG model is required to return the precise start and end timestamps of the
event described by the query. This capability underpins a wide range of applica-
tions, including video retrieval IEL, highlight extraction ||§|7,
interactive video editing , and agentic systems that must rea-
son about when something happens rather than only what happens.

Early VTG methods predominantly follow an encode-interact-decode
paradigm, encoding video and text separately, computing segment relevance
through cross-modal interaction, and regressing temporal boundaries. More re-
cently, VI'G methods have increasingly adopted multimodal large lan-
guage models (MLLMSs) as backbones and moved toward a generative paradigm,
where timestamps are produced via structured text generation (e.g., the model
first outputs a rationale and then reports “start to end” within an <answer>
field). While this paradigm improves expressivity and reasoning, it also ampli-
fies a long-standing yet overlooked assumption in VT'G, where both training and
evaluation presume that the queried event almost always exists in the video.

This always-answer bias learned under a closed-world setting can induce
temporal hallucinations and yield erroneous outputs in open-world deployment.
Rather than verifying visual evidence, models often exploit semantic language
priors or visual similarities to forcibly align counterfactual queries with mis-
matched video segments, producing confident but spurious intervals (Fig. a))
The absence of selective temporal grounding capability in such scenarios severely
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hinders VT'G deployment in high-reliability settings such as surveillance [27}[41],
medical investigation [63}/65], and robot navigation [7}[23]. Recent studies |10,(17]
45| attempt to calibrate this forced-alignment bias by incorporating predefined
negative samples during offline training (Fig. (b)) However, these methods
inherently learn a static set of fabrication patterns, and this offline calibration
often fails when deployed against video distributions or unseen hallucination trig-
gers. We argue that the core issue is not merely a lack of a designated rejection
class. Rather, it reflects a miscalibrated decision boundary at inference time that
prevents the model from effectively distinguishing genuine evidence-supported
grounding from null-attribution states under insufficient evidence.

To systematically mitigate this forced-alignment bias, we first introduce a
taxonomy of VT'G hallucinations, including text-driven, vision-driven, and multi-
modal joint hallucinations. Guided by this taxonomy, we propose a self-supervised
paradigm to construct counterfactual hallucination probes at test time. These
probes automatically synthesize missing-event scenarios and attach verifiable
pseudo-labels directly from standard positive-only benchmarks, eliminating the
need for additional human annotation. Building on these probes, we propose
HRVTG, a test-time adaptation framework that supports online streaming tem-
poral grounding. We adopt Group Relative Policy Optimization (GRPO) with
verifiable rewards [14] and reformulate grounding as an online policy optimiza-
tion problem, enabling dynamic decision-boundary adjustment during inference.
We introduce multiple rewards: (i) a consistency anchor reward aligns the model
with a frozen strong grounder on genuine queries to preserve grounding abil-
ity; (ii) a counterfactual repulsion reward suppresses temporal hallucinations
triggered by missing events; (iii) an asymmetric KL elastic constraint enables a
controllable trade-off between stability and plasticity. Our implementation reuses
and caches video features to support streaming updates, making test-time cali-
bration practical for deployment. In addition, we introduce two decoupled eval-
uation metrics, Conditional IoU and Balanced Decision Fl-score, to alleviate
the coupling issues of prior metrics. Experimental results show that our model
improves resistance to fabricated events or hallucinations while preserving, or
slightly enhancing, the original grounding ability.

Overall, the main contributions are threefold:

— We propose a taxonomy of temporal hallucinations in VT'G, characterizing
triggers from multiple perspectives, and use it to construct self-supervised
counterfactual probes that yield high-quality missing-event samples.

— We present a GRPO-based test-time adaptation framework that dynami-
cally reshapes the decision boundary through abstention signals from coun-
terfactual probes and consistency rewards from genuine queries, improving
hallucination resistance while preserving real-event grounding.

— We introduce decoupled evaluation metrics that separately assess grounding
precision and selective prediction quality.
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2 Related Work

2.1 MLLMs for Video Temporal Grounding

Early video temporal grounding methods [11}|18}[26}/54}/57,|/61] predominantly
follow an encode-interact-decode paradigm. They encode video and text sepa-
rately, compute segment relevance through cross-modal interaction, and regress
temporal boundaries. While models like Moment-DETR [18] and UMT |[26] es-
tablish a solid foundation, they are often constrained by closed vocabularies and
limited reasoning. To address this, subsequent work incorporates vision-language
pretraining [19,30] and LLMs [40] for semantic enrichment, as exemplified by
query-rewriting frameworks such as ED-VTG [29]. Recent approaches directly
adopt video MLLMs as backbones, reformulating temporal grounding as struc-
tured text generation. VTimeLLM [15] and Grounded-VideoLLM [43| enable
precise grounding through temporal-aware training and discretized time tokens.
To bridge the gap between cross-entropy loss and grounding metrics (IoU), re-
inforcement learning with verifiable rewards has been introduced [20}|28}|49].
VideoChat-R1 [21] and TimeZero |48] apply temporal-aware rule-based rewards
to enhance video reasoning, while Time-R1 [47] further incorporates curriculum
learning and cold-start CoT for more comprehensive performance gains.

However, the generative paradigm solidifies an always-answer bias into a
forced-alignment pattern at inference. Whether trained via SF'T or RL, models
persistently return intervals even for non-existent events, inducing severe tem-
poral hallucinations in open-world deployment. To mitigate this, we propose a
GRPO-based framework that introduces verifiable rewards and counterfactual
hallucination probes at test time. By performing online policy calibration on a
frozen strong grounder, our method learns an adaptive decision boundary resis-
tant to forced-alignment hallucinations.

2.2 Test-time Adaptation

Test-time Adaptation (TTA) leverages unlabeled test data to update a model on-
line, mitigating performance degradation caused by train—test distribution shifts.
Classic paradigms include entropy-minimization updates such as Tent [42] and
continual, streaming-oriented methods such as CoTTA [44]. Early TTA primar-
ily focuses on image tasks [361[37,/60], where TPT [37] treats learnable prompts
as lightweight adaptable components. This idea has also been extended to han-
dle temporal distribution shifts [12}/13], and DTS-TPT [55] further introduces
multi-step temporal sampling and dual semantic consistency for zero-shot action
recognition.

More recent work [52}[561/66] reframes TTA as reinforcement learning with
learnable signals, using self-consistency as a reward. TTRL [66] observes that
consensus mechanisms (e.g., majority voting) can provide unlabeled yet useful
reward cues for inference-time self-evolution. MM-UPT [52] extends this to mul-
timodal settings via pseudo rewards and synthetic questions for continual self-
learning. Our work focuses on calibrating the semantic decision boundary by ap-
plying online continual updates to VI'G during test. Specifically, self-supervised
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counterfactual probes provide verifiable repulsion signals, pushing TTA beyond
distribution adaptation toward debiasing and boundary calibration.

2.3 Selective Prediction in VTG

In real-world applications, user queries often contain counterfactual statements,
mismatched details, or events that do not exist in the video at all. Particu-
larly under the MLLM for video understanding paradigm, models are trained
to generate structured textual outputs, which makes them prone to producing
high-confidence temporal hallucinations and misleading downstream decision-
making. Recent work [10,/17,/45] has framed this behavior as relevance judgment
and query refusal [62]. Conventional VT'G implicitly assumes all samples are pos-
itive. RaTSG [10] extends this into a setting with relevance feedback, enabling
end-to-end prediction that localizes events when present and abstains when ab-
sent. Building on this, CausalVTG [45] explicitly models dataset bias from a
causal perspective and learns less biased cross-modal representations via causal
adjustment, thereby supporting the detection of missing query content. More re-
cently, RA-RFT [17] uses reinforcement learning to unify grounding and refusal
under a single policy-optimization objective, teaching the model to abstain on
hard-irrelevant queries while providing explanations.

Most existing refusal /relevance methods rely on offline-constructed negative
samples or explicit refusal annotations, and they solidify refusal capabilities dur-
ing training. When deployed under new query distributions, domain shifts in
videos, or more deceptive pseudo-evidence segments, models may still produce
temporal hallucinations because they lack dynamic calibration at inference time.
Motivated by this, we propose a taxonomy of temporal hallucinations in video-
text generation for VI'G and use it to construct three types of counterfactual
probes in a self-supervised manner. Based on these probes, HRVTG dynam-
ically examines the model’s decision boundary during inference and performs
on-the-fly calibration via reinforcement learning updates, endowing the model
with immunity to temporal hallucination triggers encountered during inference.

3 VTG Hallucination Taxonomy

Existing video temporal grounding (VTG) methods typically operate under
a closed-world assumption, implicitly presuming that every natural language
query must have a corresponding event interval in the video. This “always-
answer” training bias compresses the model’s decision boundary at inference.
When deployed in open-world settings and faced with counterfactual or unre-
alizable queries, models constrained by forced-alignment bias cannot output a
null-grounding signal, leading to systematic temporal hallucinations. To system-
atically mitigate this issue, we first define a taxonomy of temporal hallucinations
in VTG from the perspective of cognitive mechanisms (Sec. , and further con-
struct counterfactual probes at test time in a self-supervised manner (Sec. [3.2).
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Fig. 2: Overview of our counterfactual probes construction pipeline.

3.1 Temporal Hallucinations in VTG

According to the sources of misattribution produced by multimodal models when
handling video-text alignment, we categorize temporal hallucinations in VTG
into the following three core patterns:

Text-driven Hallucinations. This type of hallucination arises from the model’s
excessive reliance on language priors and surface-level word associations, similar
to language bias observed in VideoQA . When the query reverses key actions,
disrupts temporal order, or tampers with core attributes, the model may still
latch onto shallow semantic cues (e.g., specific nouns or verbs) and forcibly align
them with mismatched video segments. Typical triggers include:

— (i) Fine-grained mismatch: the query reverses action direction or polarity
(e.g., open — close, enter — exit), but the model localizes a similar action
segment in the same scene.

— (ii) Disrupted temporal relations: the query imposes an ordering constraint
(A before B) absent or inverted in the video, but the model still returns the
most similar time window.

— (iii) Attribute/entity substitution: key attributes or entities are replaced with
ones absent from the video (e.g., watermelon — potato), but the model treats
semantically similar segments as valid evidence.

Vision-driven Hallucinations. This type of hallucination is mainly triggered
by global context and redundant visual background. When the target event de-
scribed by the query is removed, but the video retains similar scene backgrounds
or person entities, the model can be misled by coarse-grained visual similar-
ity . This results in seemingly reasonable temporal grounding outputs in
the absence of core action evidence. Typical triggers include:

— (i) Strong context but missing evidence: prerequisite actions (e.g., picking
up a tool, walking toward a location) are present, yet the key action itself is
unseen or does not occur in the video.

— (ii) Repetitive scene consistency: in long videos, recurring person-scene com-
binations cause the model to mistake scene-related segments for evidence.
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— (iii) Inertial alignment under evidence removal: even after the true event
segment is excised, the model searches for the most similar window among
adjacent clips, exposing its insensitivity to missing evidence.

Multimodal Joint Hallucinations. This is the most deceptive pattern, jointly
induced by text and vision. Pseudo-evidence segments in open-world videos can
exhibit high overlap with the queried event in both semantic and visual feature
spaces, yielding abnormally high cross-modal alignment scores. Combined with
naturally phrased queries, the model is led to produce high-confidence intervals
under the illusion that both modalities provide support.

The significance of the above VTG hallucination taxonomy is that differ-
ent hallucination types correspond to different sources of pseudo-evidence and
distortion paths, which in turn determines where the most effective calibration
signals should be constructed.

3.2 Counterfactual Hallucination Probe Construction

To enable stable hallucination resistance without sacrificing real-event ground-
ing, we argue that the key lies not in injecting a large number of manually created
negative samples during offline training, but in ensuring the model continuously
encounters missing-event samples that (i) conform to the current video distri-
bution and (ii) carry verifiable pseudo-labels during inference, to calibrate the
decision boundary on the fly. Therefore, we propose a self-supervised counter-
factual probe construction strategy built upon a frozen strong grounding model.
For each real test-stream sample zP°® = (Vyi, Qori), We automatically generate
a paired counterfactual sample 2/ = (Vif, Qc) with a pseudo-label indicating
event absence. Guided by the VTG hallucination taxonomy introduced above,
counterfactual samples are constructed along three complementary paths.
Textual Alteration. This probe targets text-driven hallucinations by modify-
ing only the query while keeping the video unchanged, thereby exposing forced
alignment induced by language priors. The core objective is to construct a coun-
terfactual query Q. that remains locally similar to the original query Q,,; but is
semantically invalid, ensuring that the corresponding event is strictly absent in
V. This probe checks whether semantic similarity induces the model to produce
temporal hallucinations. Given Q,;;, we generate minimally shifted counterfac-
tuals via three operation modes:

— (i) Action Reversal: change the action direction/polarity while keeping the
subject and scene words as unchanged as possible;

— (ii) Temporal Misalignment: change the event order or temporal logical con-
straints (precedence relations, simultaneous occurrence, etc.);

— (iii) Attribute Hallucination: replace key attributes/entities (object, color,
quantity, body part, tool) to make them inconsistent with the video facts.

To ensure high-precision event absence, we apply a retrieval consistency check
using the frozen strong grounding model to filter generated candidates. This
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probe thereby compels the model to distinguish “superficial semantic similarity”
from “genuine evidence support”, providing a reliable repulsion signal for decision
boundary calibration.

Visual Pruning. This probe specifically targets vision-driven hallucinations by
maintaining Qo; while modifying the video to simulate missing-evidence scenar-
ios. We obtain the evidence interval as Pseudo-GT from high-confidence predic-
tions of the frozen strong grounding model [47]. This interval is then excised
from the video, and the remaining clips are concatenated in temporal order to
yield a video V¢ without the target event.

This probe preserves contextual elements consistent with the original video,

including people, scenes, and preceding/succeeding states, while removing the
decisive evidence interval. It precisely exposes the erroneous tendency of the
model to treat contextual cues as grounding evidence.
Hybrid Fabrication. This probe constructs the most deceptive counterfactual
scenario: a pseudo-evidence clip that closely matches the query is present during
construction but withheld from the final input, and the query itself is generated
from that clip in a self-supervised manner rather than arbitrarily fabricated. The
resulting sample thus simultaneously presents a naturally phrased query and a
video rich in semantically similar background segments, yet devoid of genuine
supporting evidence. Specifically, we first temporarily excise the Pseudo-GT 7,4
from Vg, to obtain Vj,e¢. We then apply the frozen strong grounding model with
the Qori on Vigt to retrieve the most relevant interval pn, as pseudo hard-
negative clip. Next, we use a captioning model to generate a textual description
Qphn from 7,4y, matching the style of Q. Finally, we construct the query video
Vphn by removing 7mpn, from the original Vi while keeping 7, intact.

The three probes construct “event-absent” samples from the textual, visual,
and cross-modal perspectives, covering the most prevalent and high-risk halluci-
nation triggers in open-world VTG [31]. Unlike offline negative-sample training
with fixed fabrication patterns, these probes are generated on-the-fly for each
input video, enabling continuous calibration of the decision boundary toward
genuine evidence auditing throughout inference.

4 Methodology

4.1 Preliminary

Problem Formulation. Given an untrimmed video V' and a text query ¢, an
MLLM-based generative VI'G model takes the prompt z = &(V, q), composed
of system and user instructions along with video-modality tokens. The model
generates an autoregressive completion y = (a1, ...,ar), which defines a policy:

mo(y | @) = [[molar | 2, ac), (1)
t=1

where 6 denotes the policy parameters updated online via a LoRA adapter while
the backbone remains frozen. Here, a; denotes the t-th generated token.
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The model outputs either a time interval within the <answer></answer>
tags, or an evidence-absence signal (i.e., “not found”) when the queried event is
absent. A deterministic parsing function g(-) maps the output to:

7 =g(y) e R?U {0}, (2)

where 7 = (3, ¢é) denotes predicted start and end times, and @ denotes evidence
absence. The absence decision is triggered only within <answer> to avoid mis-
classifying negative sentences in the reasoning chain.

Group Relative Policy Optimization (GRPO). To efficiently calibrate
model behavior in the TTA setting, we introduce GRPO |[14}34], which esti-
mates the advantage baseline by sampling a group of outputs {01, 09, ..., 06} for
the same input z, avoiding the need for a separate value critic network. For each
input x, the policy 7y generates G outputs scored by the reward R(o,x). The
relative advantage A; of each output is:

AT mean(ry, ..., rq)
" ostd(ry, ., mg) e

The core objective function of GRPO is as follows:

= Z < 0 Oz)jx) A —pB- DKL(W0|7Tref)>] ’ (4

old

(3)

,_7(9) = zNS

where WZL(‘O'Z‘L) is the importance sampling ratio, D, is used to constrain the
old \"?

magnitude of policy updates, and 3 is the KL penalty coefficient.

Pipeline. At test time, we process a continuous data stream S = {1, z2,...,z7}.
At each step t, given the real sample xY”° = (Voyi, Qori)t, We construct a paired

counterfactual sample 57 = (Vir, Qcf); in a self-supervised manner (see Sec. 3.2),

where V. or Q. is altered to ensure the target event is absent. Using the frozen

reference policy 7. as an anchor on the mixed stream {z?°%, 57}, we perform

online continual updates via GRPO at each step. We then evaluate the final

adapted model on test data that include queries for non-existent events.

4.2 Verifiable Rewards

Since ground-truth labels are unavailable at test time, we design a rule-based
verifiable reward mechanism that applies different guidance signals according to
the sample type (positive or counterfactual). The total reward r consists of three
components: the consistency anchor reward R, the hallucination repulsion re-
ward Ry, and the format reward Rpyg.

Consistency Anchor Reward. To prevent catastrophic forgetting during adap-
tation, we anchor the model’s behavior on positive samples using the frozen ref-
erence policy 7, .s (i.e., the initial only-positive grounding model). For a positive
sample 2P, m,. greedily decodes a deterministic reference output y..;. We then
compare the current policy’s prediction y with y..¢ via interval IoU, and assign
a positive reward if the overlap exceeds threshold ¢. The definition is:
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Fig. 3: Overview of HRVTG. At test time, genuine samples are paired with self-
supervised counterfactual probes and fed to the policy model 7mp. Online GRPO updates
are guided by a consistency anchor reward Rc. that preserves grounding competence
against a frozen reference m.of, and a hallucination repulsion reward Ry, that encourages
evidence-absence signals for fabricated queries. An asymmetric KL elastic constraint
balances stability on genuine samples with plasticity on counterfactual ones.

max (0, min(é, é,f) — max(§, Syef))

IOU(?Jv yref) = (5>

max (€, éyer) — min($, Syef)

Tcay IOU(y:yref) >6 N T 7é O A Fref 7é 07
0, otherwise,

Rca(?/v yref) = (6)

where § is the IoU threshold and r., > 0. If either side rejects or the interval

cannot be parsed, the reward is 0. We do not apply an explicit negative reward,

to avoid overly aggressive penalties on positive samples during the online stage

that could degrade grounding ability.

Hallucination Repulsion Reward. For counterfactual samples ¢/ constructed
via text or visual tampering, they naturally come with a pseudo-label indicat-

ing non-existence. Therefore, the reward function directly drives the model to

output a specific rejection keyword (e.g., “not found”). The definition is:

The, 9(y) = 0,
Ry (y) = 7
b (9) 0, otherwise, Q

where 7, > 0 is a constant. Note that we do not impose an explicit negative
reward for “outputting an interval”’. Instead, we rely on within-group advan-
tage normalization to make candidates with correct rejection relatively better,
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thereby inducing an implicit contrastive learning effect and reducing the insta-
bility caused by overly strong penalties.

Format Reward. To ensure that the generative VT'G output is structured and
parsable, we add a lightweight format reward that encourages the output to
strictly contain the <answer> tags:

Rimt (y) = I (y matches the required answer tag pattern). (8)

In summary, the final reward for each sample is piecewise defined as:

Rca(y; yrcf) + Otpmt Remt (y), xPos € Xpos,
th(y), fo E ch7

(9)

where ajy is the format reward weight (set to the order of 0.2 in implementa-
tion). The format reward is only applied to positive samples to avoid encouraging
tag-only outputs when evidence is absent.

4.3 Asymmetric KL Elastic Constraint

Standard GRPO uses a single KL penalty coefficient S for all samples. In our
mixed data stream, this is suboptimal: for positive samples xP°°, my should stay
close to .. to preserve grounding; for counterfactual samples % e ¢ often
hallucinates spurious intervals, so mp should deviate and output an evidence-
absence signal. We therefore adopt sample-type-aware asymmetric KL weighting:

p, e AP,
Ax) = 10
(@) {17 e (10)

where A(z) is used as a multiplicative factor on the base KL coefficient 5 (i.e., the
effective KL weight is 8-A(z)), and p > 1 thus enforces stronger KL regularization
on positive samples while allowing greater policy deviation on counterfactual
samples to facilitate hallucination resistance.

5 Experiment

5.1 Experiment Setup

Benchmarks. To evaluate HRVTG on counterfactual hallucinations, we re-
quire samples in which the queried event is absent from the video. RaTSG |[10]
reconstructs two standard benchmarks, Charades-STA [11] and ActivityNet Cap-
tions [16], by pairing each genuine sample with a “no-answer” counterpart (1:1
positive-to-negative ratio), yielding Charades-RF and ActivityNet-RF with test
sets of 3,720 and 34,062 samples, respectively. To further evaluate stability across
all three hallucination types, we apply the probe construction method from
Sec. 3.2 to TVGBench [47], constructing TVGBench-RF, which covers text-
driven, vision-driven, and multimodal joint hallucinations. We split TVGBench
into a TTA set and an evaluation set of 400 samples each.
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Evaluation Metrics. Previous work based on offline-learned rejection [10,[17]
45| universally suffers from metric coupling. When the test set contains many
irrelevant or fabricated queries, a model can inflate its overall score by being
overly conservative (i.e., triggering abstention too frequently), masking degraded
grounding on truly relevant queries. To more accurately assess the ability to
“resist hallucinations without sacrificing grounding”, we redesign the evaluation
metrics to decouple boundary calibration from temporal grounding performance:

— (i) Conditional IoU (mIoUgend). In previous metric systems, whenever
a model outputs an abstention decision for a negative sample (fabricated
query), its IoU is defaulted to 1. This inflates the overall mIoU and makes it
hard to tell whether a model is imprecise in grounding or simply grounding
the wrong target. We therefore compute mIoU only over True Positives (TP),
where both prediction and ground truth are positive, so the score reflects
grounding precision on real events.

— (ii) Balanced Decision F1l-score (Flpalanced). Prior work often relies
on accuracy or a single-class F1 on fabricated samples to assess rejection,
which overlooks the severe class imbalance between positive and negative
queries in open-world settings. Following open-set recognition practice, we
treat answer/refuse as a binary classification task and take the harmonic
mean of Fl-scores for both classes. This penalizes extreme strategies (always
refuse or always answer) and better reflects decision-boundary health.

1
mloUcong = 7P| Z LoU(7;, 71), (11)
€T P
2 F1 1 F1 nswer
FlBalanced = x Refuse X Answe . (12)

F]-Refuse + F]-Answer

Implementation Details. We adopt Qwen2.5-VL-Instruct at 3B and 7B scales
as the base MLLM backbone. During test-time adaptation, we attach a LoRA
adapter to the frozen backbone and perform online GRPO updates. For the
3B model, the learning rates are set to 5 x 1076 on Charades-RF, 1 x 1076
on ActivityNet-RF, and 5 x 107° on TVGBench-RF; for 7B model, they are
2 x 107% 1 x 1079, and 2 x 1072, respectively. The IoU threshold is set to
6 = 0.3 on Charades-RF, and § = 0.2 on ActivityNet-RF and TVGBench-RF.
Across all datasets, we fix 1., = 0.8, rpy = 0.2, agyg = 0.2, and p = 4.

5.2 Main Results

To evaluate our proposed HRVTG framework, we compare it with two baseline
models on the Charades-RF, ActivityNet-RF, and TVGBench-RF datasets. The
Base Model refers to Qwen2.5-VL without downstream VTG fine-tuning. The
Only-positive Model refers to the one fine-tuned exclusively on genuine, positive
VTG samples, representing the traditional always-answer paradigm. The results
are summarized in Tab. [I} Tab.[2] and Tab. 3]
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Table 1: Model Evaluation Results on Charades-RF based on Qwen2.5-VL.

Grounding Hallucination
Model Size| R@0.3 R@0.5 R@0.7 mloU F1 AnsF1_ RfsF1 Bal
Base Model 50.36  25.90 13.67 30.27| 13.64 67.42 22.69
Only-positive Model| 3B | 67.60 38.53 14.90 41.48 | 69.50 33.38 45.12
Our Model 71.24 40.49 15.58 43.29 | 74.86 62.80 68.30
Base Model 29.02 13.20 5.88 19.50| 55.31 73.56 63.14
Only-positive Model| 7B | 72.59 53.43 25.55 48.33 | 81.36 75.40 78.27
Our Model 73.97 54.07 27.01 4894 | 83.00 80.91 81.94

Table 2: Model Evaluation Results on ActivityNet-RF based on Qwen2.5-VL.

Grounding Hallucination
Model Size R@0.3 R@0.5 RQ0.7 mIoU|F1_Ans F1_Rfs F1_Bal
Base Model 17.70 12.60 5.41 17.70| 52.31 73.17 61.00
Only-positive Model| 3B | 38.46 21.95 10.19 26.61 | 73.90 51.22 60.51
Our Model 40.79 23.00 10.89 28.03 | 83.81 84.01 83.91
Base Model 28.33 17.36  9.25 21.34| 46.51 73.15 56.87
Only-positive Model| 7B | 44.15 27.22 14.04 30.85| 85.15 85.43 85.29
Our Model 47.50 28.03 13.03 31.87| 89.37 87.71 88.53

The core challenge of adding hallucination resistance is potential degrada-
tion of real-event localization. On Charades-RF and ActivityNet-RF, HRVTG
preserves and slightly improves grounding. According to our decoupled met-
ric mIoUgong (denoted as mIoU), the 3B model rises from 41.48 to 43.29 and
from 26.61 to 28.03, respectively. This indicates that the consistency anchor
reward retains grounding ability during test-time adaptation, preventing catas-
trophic forgetting. More importantly, gains on Flpajancea (denoted as F1_Bal)
are much larger. Compared with the Only-positive Model, which shows severe
forced-alignment bias and keeps producing evidence for absent events, HRVTG
lifts 3B’s F1 _ Bal from 45.12 to 68.30 on Charades-RF and from 60.51 to 83.91 on
ActivityNet-RF. These results show that counterfactual repulsion signals teach
the model to output null-attribution states for fabricated queries. TVGBench-
RF is more challenging than the above two benchmarks because it contains de-
ceptive text-driven, vision-driven, and multimodal joint fabrications. The very
low 3B Only-positive score reflects how limited-reasoning models fail under such
complex counterfactual triggers. In contrast, HRVTG increases F1 _Bal to 58.83
while improving mloUcgpng from 23.34 to 26.09. This demonstrates that our three
targeted counterfactual probes effectively simulate these extreme cases and pro-
vide strong robustness against complex multimodal misattributions.

5.3 Ablation Studies

We analyze three critical hyperparameters of our framework on the TVGBench-
RF. All ablation experiments are conducted with Qwen2.5-VL-3B.
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Table 3: Model Evaluation Results on TVGBench-RF based on Qwen2.5-VL.

Grounding Hallucination
Model Size| R@0.3 R@0.5 R@0.7 mloU F1 AnsF1_ RfsF1 Bal
Base Model 26.76 14.08 9.86 18.30 | 49.05 58.86 53.51
Only-positive Model| 3B | 32.59 1835 6.33 23.34| 66.18 5.28 9.78
Our Model 40.26 18.53 7.99 26.09 | 66.67 52.65 58.83
Base Model 32.58 19.10 7.87 22.64| 33.78 67.47 45.02
Only-positive Model| 7B | 36.70 24.47 10.37 26.31 | 70.74 42.09 52.78
Our Model 37.65 24.10 12.35 26.93 | 72.17 62.35 66.90

—or mIoUcons b Flasancea o MIOUcons i Flasances o MioUcons b Flosanced

p—

> £ & S S p—" — H
g —'/ L:’, K- g ./~
£ £ £ —
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(a) Learning Rate (b) Anchor loU Threshold (c) Asymmetric KL Weight

Fig. 4: Ablation study of key hyperparameters.

Learning Rate: Fig. a) shows a nonlinear trade-off between conditional
grounding (mIoUgenq) and decision-boundary quality (Flpajanced) as the TTA
learning rate increases. The best Flpajanced (58.83) is achieved at 5 x 1072, while
the highest mIoUcong appears at a larger learning rate, likely due to survivor
bias. With an overly large learning rate, the model becomes too conservative, an-
swers only easy events, and rejects many valid ones, which collapses the decision
boundary. By contrast, the best-Flpajanced setting better balances hallucination
resistance and localization on hard, ambiguous cases. This mismatch suggests
that evaluating open-world grounding only with temporal alignment metrics,
without decision-boundary quality, can be misleading.

Anchor IoU Threshold (0): determines the difficulty of obtaining anchor
rewards during test-time adaptation. If the threshold is too low, the anchor con-
dition becomes overly permissive and fails to distinguish high-quality evidence,
causing drift in mIoUggpq. If it is too high, the model struggles to receive positive
rewards and tends to optimize for blanket rejection.

Asymmetric KL Weight (p): regulates the relative penalty between positive
and counterfactual samples. As shown in Fig. c)7 p =1 (i.e., standard sym-
metric GRPO) yields the lowest scores (21.15 and 53.16), proving that uniform
constraints fail to decouple grounding from rejection. Increasing p to 4 yields
the best results on both metrics, validating that strict regularization on genuine
queries preserves grounding while flexible constraints on fabricated probes en-
hance selective prediction. When p = 8, both metrics drop slightly, suggesting
that overly rigid anchoring on positive samples limits adaptation plasticity.
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6 Conclusion

In this paper, we address the always-answer bias in video temporal grounding,
which induces systematic temporal hallucinations in open-world deployments.
We introduce a taxonomy of VTG hallucinations and construct self-supervised
counterfactual probes via textual alteration, visual pruning, and hybrid fabri-
cation. Building on these probes, we propose HRVTG, a test-time adaptation
framework that dynamically calibrates the decision boundary via GRPO, balanc-
ing consistency anchor on genuine queries with counterfactual repulsion signals
on fabricated ones. Evaluated through novel decoupled metrics, HRVTG signif-
icantly enhances hallucination resistance while preserving real-event grounding
performance, paving the way for more reliable multimodal video understanding.
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