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Figure 1. Overview of TF-TimeCoVe: A Training-Free (TF) Video Temporal Grounding (VTG) pipeline that enhances the zero-shot capabilities of
Multimodal Large Language Models (MLLMs). In Stage 1, given a video V and a natural language query Q, the model drafts candidate moments
using timestamp-interleaved frames and sandwich prompting. In Stage 2 (Chain of Verification), these candidate drafts are individually verified by
re-prompting the frozen MLLM. The final moment is then retrieved based on the generated verification scores.

Abstract

Recent progress in Multimodal Large Language Models has ex-
panded their ability at joint visual-textual interpretation, but pre-
cise Video Tempo Grounding remains a critical challenge. These
models suffer from two primary limitations. First, they lack an ex-
plicit notion of time, resulting in weak temporal perception. Sec-
ond, they rely on single-pass generation paradigms, forcing the
model to predict timestamps without verifying its own outputs.
Furthermore, while Training-Free (TF) approaches eliminate the
computational costs of fine-tuning, they still struggle to bridge
this temporal gap. To overcome these limitations, we introduce
TF-TimeCoVe, a fully TF framework that treats temporal ground-
ing as a draft-then-verify process. Our method builds on the
Chrono blueprint and strengthens temporal awareness through
structured prompting, including query sandwiching, which re-
duces long-context forgetting. We then decouple moment retrieval
into two stages. In the candidate drafting stage, the model pro-
poses plausible temporal windows. In the Chain-of-Verification
stage, we evaluate candidates using three different verification
techniques and produce the final prediction. Through exten-
sive experiments we demonstrate that both 8B and 32B vari-
ants of TF-TimeCoVe significantly outperform all existing TF ap-
proaches. Specifically, our method yields a novel approach and
establishes new TF SOTA scores across three standard bench-
marks for R1@0.5: Charades-STA (+7.5%), ActivityNet Cap-
tions (+9.2%), and the multi-moment QVH dataset (+10.9%).

1. Introduction

The ability to accurately localize specific events within videos,
known as Video Temporal Grounding (VTG), is a core chal-
lenge in Multimodal Artificial Intelligence. Unlike coarse video
understanding, VTG requires precise alignment between natural
language descriptions and fine-grained temporal boundaries. It
forms the foundation for numerous real-world applications, in-
cluding video retrieval, assistive robotics, and downstream tasks
such as video question answering. Crucially, VTG requires
reasoning over visual sequences where relevant events may be
sparse, visually subtle, or temporally ambiguous, making reliable
localization fundamentally more difficult than coarse-grained
video understanding.

Concurrently, the rapid evolution of Large Language Mod-
els (LLMs) has caused a paradigm shift in multi-modal learn-
ing, transitioning the field from task-specific specialists to gen-
eralist Multimodal Large Language Models (MLLMs) such as
GPT-5 [18], Gemini-3 [6] and Qwen3-VL [29]. By leveraging so-
phisticated modality connectors to align visual, auditory, and sen-
sor data with the textual embedding space, MLLMs have demon-
strated remarkable zero-shot capabilities in Video Understanding,
Question Answering, and VTG [13]. Unlike traditional fully-
supervised methods that rely on pre-defined temporal boundary
regression, MLLM-based approaches leverage the inherent lin-
guistic capabilities of LLMs to localize video segments corre-
sponding to natural language queries. To further bridge the gap
between coarse understanding and fine-grained localization, re-
cent works have introduced time-aware visual cues [8, 32] or in-
terleaving of timestamps and frames [16, 33] to effectively bring
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videos and time closer.
Despite these architectural advances, state-of-the-art MLLMs

still struggle severely with precise temporal localization [16, 33].
Rather than relying on robust temporal visual evidence, MLLMs
frequently hallucinate plausible timestamps based on language
priors [1]. This limitation stems primarily from their underly-
ing vision encoders; because they are heavily optimized for static
image-text alignment, these models suffer from pervasive static
feature biases [4, 23]. For example, when tasked with ground-
ing the query "a man opens a refrigerator," MLLMs frequently
utilize the mere spatial presence of the target objects as a short-
cut [21, 24]. Consequently, they confidently anchor their predic-
tions to the earliest frames where the man and refrigerator co-
occur, failing to localize the actual temporal onset of the kine-
matic action. Correcting this object-centric bias through standard
fine-tuning incurs prohibitive computational and data annotation
costs. To circumvent this, recent literature explored different
Training-Free (TF) approaches [11, 16, 20, 25, 27, 32, 34]. While
these methods effectively utilize MLLMs, their VTG precision
remains limited by two primary reasons. First, most TF methods
suffer from a perception-time gap: they process frame embed-
dings to establish semantic similarity with the text but lack an ex-
plicit temporal representation [11, 34]. Second, current methods
predominantly rely on a single-pass generation strategy. Requir-
ing the model to interpret visual content and predict timestamps,
without self-verification [16, 33], which can cause contextual am-
nesia and produce repetitive or degenerate outputs [3].

To overcome these limitations, we do not merely propose a
single heuristic fix, but we systematically explore the compo-
nents required to push TF temporal grounding beyond single-
pass generation. By deconstructing the inference pipeline into
prompt design, temporal grounding cues, verification architec-
tures, and scoring signals, we critically assess how each ele-
ment bridges the gap between general MLLM reasoning and pre-
cise temporal boundary prediction. Following this exploration,
we introduce the Training Free Time Chain-of-Verification (TF-
TimeCoVe) framework, built upon the Qwen3-VL [29] architec-
ture. As illustrated in Fig. 1, TF-TimeCoVe fundamentally shifts
VTG from a purely autoregressive guessing task to a rigorous,
evidence-backed draft-then-verify pipeline [3]. To address the
perception-time gap, our drafting phase instills an explicit feeling
of time [16, 33] to generate candidate windows, actively miti-
gating long-context amnesia via prompt optimization techniques
such as sandwich prompting. Furthermore, to overcome the flaws
of single-pass generation, we discard the standard practice of ac-
cepting initial predictions. Instead, our verification phase evalu-
ates each candidate window independently to filter out temporal
hallucinations. We systematically benchmark multiple verifica-
tion mechanisms, including confidence, semantic similarity, and
their fusion. Crucially, we introduce a novel contrastive mecha-
nism utilizing Textual and Visual Log-Likelihood Ratios to for-
mally measure the model’s underlying support for its own gener-
ated boundaries

Through extensive experiments, we demonstrate that TF-
TimeCoVe consistently outperforms all existing state-of-the-art
(SOTA) TF methods on Charades-STA [5], QVHighlights [12],
and ActivityNet Captions [10]. On Charades-STA, our 32B
model achieves an R1@0.5 of 58.55, marking an absolute gain
of 7.53%. On ActivityNet Captions, it reaches an R1@0.5 of
40.24, yielding a 9.18% improvement. Finally, on the multi-

moment QVHighlights dataset, it achieves 72.58 R1@0.5, a no-
table 10.9% improvement over the best prior TF approach. In
summary, our main contributions are as follows: (1) We intro-
duce TF-TimeCoVe, a fully TF framework that shifts VTG from a
single-pass prediction task to a robust, self-verifying pipeline. To
strengthen the drafting phase, we use structural prompt interven-
tions, such as query sandwiching, to mitigate long-context amne-
sia during dense frame processing. (2) We systematically design
and evaluate multiple zero-shot verification architectures to de-
couple candidate generation from temporal evaluation. Crucially,
we introduce a novel contrastive scoring mechanism based on
Visual Log-Likelihood Ratios, identifying it as an effective dis-
criminative signal for filtering temporal hallucinations in complex
benchmarks like QVHighlights [12]. (3) We demonstrate through
extensive evaluations that our approach establishes a SOTA for
TF VTG across multiple datasets.

Through this systematic exploration, we derive actionable in-
sights and best practices that address key bottlenecks in zero-shot
VTG for MLLMs. TF-TimeCoVe provides a foundation for self-
verifying MLLMs, enabling highly accurate VTG without the
need for fine-tuning.

2. Related Work
2.1. Training-based VTG
Current MLLM-based VTG methodologies can be broadly cate-
gorized into three training paradigms: Pre-training, Fine-tuning,
and Training-Free approaches [26]. Pre-training and Fine-tuning
frameworks typically introduce learnable temporal adapters or
instruction-tuning datasets to align visual features with temporal
concepts explicitly [7, 20, 30, 33].

However, the reliance on large-scale supervision is problem-
atic. Zhang et al. [33] recently exposed significant noise and
ambiguity in standard VTG benchmark annotations. By intro-
ducing the TimeLens-100K dataset, they show that data quality
can substantially alter model rankings, suggesting that previously
reported state-of-the-art improvements may partially stem from
noisy ground truth.

To address this issue, TimeLens modifies existing datasets
such as ActivityNet Captions, Charades-STA, and QVHighlights.
In particular, QVHighlights is reformulated to enforce a single-
moment grounding setting, although the dataset was originally
designed to evaluate multiple-moment grounding. While this im-
proves annotation consistency, it simplifies the task by removing
scenarios where a query corresponds to multiple disjoint tempo-
ral segments. In contrast, our work evaluates VTG in its original
setting using the unmodified QVHighlights benchmark. Further-
more, the authors note that reasoning-intensive VTG scenarios
remain largely unexplored. In particular, they state that certain
grounding tasks may require stronger reasoning capabilities be-
yond simple visual matching. Our approach directly addresses
this challenge by introducing a TF generate-then-verify frame-
work that enables MLLMs to reason over multiple candidate mo-
ments and systematically verify their temporal validity.

Another training-based approach VTimeLLM [7] that is de-
signed to improve temporal understanding of video content by
introducing a boundary-aware three-stage training strategy. The
model integrates a visual encoder and adapter to extract video
features, which are then processed by a large language model
capable of jointly reasoning over visual and textual information.
VTimeLLM presents several limitations: First, the approach re-
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lies on a complex multi-stage supervised training pipeline that
requires large-scale image–text and temporally annotated video
datasets. Training-based approaches also require substantial com-
putational resources and re-training when adapting to new tasks
or datasets. In contrast, our approach follows a TF paradigm that
directly leverages the reasoning capabilities of pre-trained multi-
modal large language models.

2.2. Training-Free VTG
Although in contrast, Training-Free approaches have emerged
as a robust, compute-efficient alternative, bypassing expensive
model updates by exploiting the zero-shot capabilities of frozen
LLMs [27, 34] and temporal reasoning capabilities of off-the-
shelf MLLMs for Video Temporal Grounding [11, 16, 27, 32, 34]
many existing methods remain limited by various constraints.

Two emerging paradigms in this domain are visual prompt-
ing and iterative refinement. Approaches such as NumPro [27]
and TAG [11] reformulate grounding as a visual reasoning task,
overlaying numeric markers or progress bars directly onto video
frames.

Simultaneously, methods like HawkEye [25] adopt a recur-
sive coarse-to-fine strategy to narrow down temporal windows.
However this recursive strategy is optimized to converge on a
single dominant moment, making it not suited for multiple mo-
ment retrieval scenarios (e.g., QVHighlights [12]). In contrast,
our approach generates and evaluates multiple candidate tempo-
ral windows and employs a verification-based scoring pipeline
to select the most plausible moments, enabling more flexible re-
trieval without requiring recursive inference.

The TimeChat [20] model introduces a timestamp-aware
frame encoder that explicitly associates visual content with frame
timestamps and a sliding video Q-Former that compresses video
frames into a variable-length token sequence to handle videos of
different durations. However, the authors note that the generated
outputs still lack richness and fine-grained detail in video sum-
marization. By iteratively generating potential moments and val-
idating them using multiple signals, our method encourages more
precise and detailed grounding of events, enabling the model to
capture richer temporal information without relying solely on
compressed video representations.

VTimeCoT [32] introduces a visual time chain-of-thought rep-
resentation using a video progress bar that is overlaid onto video
frames. However, the authors report that standard Chain-of-
Thought (CoT) reasoning alone performs poorly for temporal
grounding, leading to significant performance degradation sug-
gesting that purely text-based step-by-step reasoning is insuffi-
cient for reliable temporal localization. To mitigate hallucina-
tions in open-ended text generation, recent works propose struc-
tured consistency checks over simple forward passes. Dhuliawala
et al. [3] introduced the Chain-of-Verification (CoVe) framework,
which moves beyond intermediate reasoning steps (CoT) to a
systematic deliberation phase where the model generates self-
correction questions. While these methods enhance logical ro-
bustness in the textual domain, they lack mechanisms to evalu-
ate temporal visual evidence. We bridge this gap by reformulat-
ing CoVe for VTG: our approach grounds verification steps in
candidate-windows evaluation after initially drafting them.

In general LLMs also exhibit a lost-in-the-middle phe-
nomenon [15], where reasoning degrades for mid-sequence input
tokens. MLLMs inherit this performance, creating a critical bot-

tleneck for VTG where target events are uniformly distributed
across video inputs. To counteract this, we employ sandwich
prompting. By bracketing the visual sequence with pre- and post-
prompts, we leverage the model’s inherent recency bias, forcing
the attention mechanism to re-process the query constraints im-
mediately after the multi-dimensional tokens. This ensures the
task definition to remain prominent.

To address all of the limits of the TF approaches, we build
upon Chrono [16], which provides a simple yet effective blueprint
for video temporal representations. Chrono demonstrates that
simply interleaving discrete integer timestamps with visual to-
kens enables image-text pre-trained MLLMs to grasp temporal
boundaries. We adopt the Chrono blueprint because it offers a ro-
bust and flexible representation of time for MLLMs without the
overhead of external tools. However, while Chrono effectively
maps visual content to timestamps, the nature of LLMs decod-
ing can still lead to hallucinations of the visual context [9]. We
bridge this gap by augmenting the Chrono baseline with a sys-
tematic candidate generator for inference-time verification. This
enables the reliable detection of multiple disjoint events within a
strictly TF framework.

3. Method
Our method builds on Multimodal Large Language Models
(MLLMs) in a Training-Free (TF) setting and relies on carefully
designed prompts to maintain temporal alignment across visual
sequences. Therefore, we first outline the prompt-design prin-
ciples used throughout our approach. Based on the explorative
insights from Sec. A.1, we adopt the Short + Sandwich configu-
ration as the prompt template for all approaches in this section. In
the following subsections, we formalize the general task of VTG
(Sec. 3.1), detail the baseline we build upon (Sec. 3.2), and in-
troduce our verification process and overall framework (Secs. 3.3
and 3.4). Finally, we describe the specific verification techniques
implemented within our framework (Sec. 3.5).

3.1. Training-Free Video Temporal Grounding
Given a video V and a natural-language query q describing an
event or action, Video Temporal Grounding (VTG) identifies the
set of temporal intervals [tstart, tend] in V that match the query. The
video V is represented as a sequence of frames {f1, f2, . . . , fT }
sampled at a constant frame rate. In this work, we use a strictly TF
setting: the underlying MLLM remains frozen, with no training
or fine-tuning.

3.2. Chrono Baseline
We use Chrono [16] as our baseline for TF VTG. It introduces
temporal awareness into MLLMs by interleaving absolute integer
timestamps with sampled video frames directly in the input se-
quence. This simple blueprint provides an effective temporal en-
coding mechanism without requiring any additional training [33].

Finding 1: Encoding timestamps as interleaved textual pre-
fix is the essential for VTG.

3.3. JointCoVeVTG
To improve the reliability of VTG predictions in MLLMs, we use
a Chain-of-Verification (CoVe) method [3] as a guiding mecha-
nism. CoVe shows that MLLMs often hallucinate facts, but can

3



MLLM
Interleaved FramesInterleaved FramesInterleaved Frames

[Task prompt]

Q

Q

Video Data V

Query Q
Drafts = {
[ts0 , te0 ],
[ts1 , te1 ],

. . .
[tsm , tem ]}

[Verify prompt]

+ tstart − δ

...

+ tend + δ

Per cand.

Confidence

score

Conf.

Yes No

0.8

0.2
τ

Cos-Sim

x

y

Q

B

θ

NLL

cand+

cand−

selection
Grounded Events

Draft Stage CoVe Stage Frozen Parameters Prompts Drafts

Figure 2. TF-TimeCoVe pipeline overview. Draft Stage: We feed the video and query to a frozen MLLM, which generates initial temporal proposals.
CoVe Stage: We evaluate each candidate using multiple signals, extracting confidence scores and binary answers, measuring semantic alignment via
cosine similarity between the query and generated reasoning, and computing textual and visual likelihood ratios against negative baselines. We then
use these scores to select the final prediction(s).

correct themselves when required to verify their initial assump-
tions. This insight motivates us to integrate an internal verifica-
tion. We refer to this single-pass verification setup as JointCoV-
eVTG. In JointCoVeVTG, we ask the model to propose candidate
moments and verify them within the same prompt. The model
must immediately justify its prediction by answering verification
questions about its proposals. We obtain these questions through
two approaches. The underlying MLLM generates them directly
within the same prompt, or we pre-compute them once using
GPT-4o [17]. Example questions are in the appendix in Fig. 11
as well as the prompts (Figs. 9 and 10). For the pre-computed
variant, we use three verification questions that check temporal
consistency before, during, and after the queried action. Within
the same prompt, we instruct the model to select the most ap-
propriate windows based on its own verification answers. De-
spite promising motivation behind CoVe, JointCoVeVTG over-
loads the model. The query itself, interleaved frames, the mo-
ment proposal, verification questions, and reasoning guidelines
all appear in a single prompt. This joint CoVe approach is similar
to Chain-of-Thought methods. Thus the design does not mitigate
existing biases or shortcut reasoning in MLLMs [21, 24].

Finding 2: JointCoVeVTG remains susceptible to biases,
hallucinations, and shortcut-reasoning errors because it re-
lies on a single-pass generation scheme.

3.4. TF-TimeCoVe Framework

To solve the limitations of single-pass JointCoVeVTG, we split
candidate generation and verification into two passes [2, 14]:

drafting and then verifying. We refer to them as Draft Stage
and CoVe Stage respectively. Building on this two-stage design,
we introduce the Training Free Time Chain-of-Verification (TF-
TimeCoVe) framework (Fig. 2).

Draft Stage Using the Chrono baseline (Sec. 3.2) and prompt
template (6), we prompt the model to generate a high-recall set of
temporal windows that likely contain the queried event.

Finding 3: Candidate Drafting Stage combines times-
tamp interleaving with sandwich prompting to produce
high-recall temporal proposals.

CoVe Stage We now verify each drafted candidate window
xw = [tstart, tend]. By expanding the video segment with a buffer,
we provide temporal context to the model. We set the buffer size
relative to the window length Lw = tend − tstart, constructing

x̃w = [tstart − αLw, tend + αLw], (1)

where α controls the buffer size. Following the Chrono baseline
(Sec. 3.2), we sample frames from x̃w and interleave them with
timestamps. We include the expanded window duration in the
prompt and instruct the model to generate verification signals for
the original window xw. Using these signals, we compute verifi-
cation scores as described in Sec. 3.5. Afterwards we rank can-
didate windows to determine the final grounded moments. For
single-moment retrieval, we select the highest-scoring window;
for multi-moment retrieval, we retain all windows exceeding a
threshold.
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Priority Pattern
(c1, c2, c3 > 50) Description

3 (✓,✓,✓) Complete verification (Start, Action, End)

2 (✓,✓,×) or (×,✓,✓) Core action verified with one boundary

1 (✓,×,✓) or (×,✓,×) Boundary-only or action-only verification

Table 1. Confidence-Based Self-Verification: Pattern Priority Hier-
archy for single moment retrieval. Binary patterns indicate whether ci
yielded a positive response with confidence exceeding the 50% thresh-
old.

3.5. Verification Techniques
We evaluate each drafted candidate window using multiple ver-
ification techniques that capture temporal correctness, semantic
similarity, and text likelihood, forming a solid basis for ranking
and selecting final moments.

Confidence-Based Self-Verification. We use the model’s self-
reported confidence as a verification signal. For each candidate
window xw and query q, we ask the model three binary (yes/no)
temporal questions and request a confidence score confi ∈
[0, 100] for each response ( Fig. 7). We mark a window as verified
if

verified ⇐⇒ (conf2 > 50)∨(conf1 > 50∧conf3 > 50), (2)

where conf1, conf2, and conf3 correspond to confidence scores
for the following query-conditioned temporal questions ( Fig. 11):

1. Start check (conf1): Does q begin at tstart?
2. Core action (conf2): Is q occurring within [tstart, tend]?
3. End check (conf3): Is q completed by tend?

For single-moment retrieval, we rank verified candidates us-
ing the Pattern Priority Hierarchy ( Tab. 1) and break ties with a
weighted mean confidence score:

c̄ = 0.25 conf1 + 0.50 conf2 + 0.25 conf3, (3)

giving more weight to the core action check. If a tie remains, we
select the longest window. For multi-moment retrieval, we retain
all verified windows.

Similarity-Based Verification. We verify each candidate win-
dow by measuring the semantic alignment between the query and
the model’s explanation for the core-action verification question
described in Section 3.5. Specifically, we embed both the query
and the generated reasoning text using a sentence-embedding
model [19] and compute their cosine similarity, producing a simi-
larity score for each window. Based on these scores, we select the
window with the highest value for single-moment retrieval. For
multi-moment retrieval, we keep all windows above a predefined
threshold T .

Confidence-Similarity Fusion Technique. We combine self-
reported confidence and semantic similarity into a single score.
For each candidate window, we compute:

Sλ(xw) = λ C̃(xw) + (1− λ) sim(q, yw), (4)

where C̃(xw) =
C(xw)
100 is the normalized confidence for the core-

action question, sim(q, yw) is the cosine similarity between the

query q and the model’s reasoning yw, and λ ∈ [0, 1] balances the
two signals. We perform final prediction as described in Sec. 3.5.

Likelihood Based Verification. We verify candidate windows
by checking how consistently the MLLM supports its own gen-
erated text across different visual contexts. For each window xw,
we prompt the model to describe it ( Fig. 8) and compute the like-
lihood of this description under multiple visual inputs. This con-
trastive signal provides two verification scores: Textual Negative
Log-Likelihood (TNLL) and Visual Negative Likelihood (VNL).
Again, we rank and select as previously described in Sec. 3.5.

Textual Negative Log-Likelihood Based Verification: Given a
textual description y generated by the underlying MLLM for a
candidate window xw, we compute the token-averaged negative
log-likelihood (NLL) of y when conditioned on the candidate
window xw and on a negative window xn, which serves as a dis-
tractor context for contrastive evaluation. Using teacher forcing
with the underlying MLLM, we compute the TNLL based verifi-
cation ratio as:

STNLL =
1

|y|
[log p(y | xw)− log p(y | xn)] , (5)

This score quantifies the model’s relative support for the candi-
date window. A higher positive value indicates that the model
finds its own description higher compatible with the candidate
window than with the distractor context. When comparing multi-
ple candidate windows, higher scores indicate stronger alignment
with the queried event. In this work, we consider two types of
negative windows xn: (1) non-candidate segments from the same
video and (2) black frames, both having the same length and using
the same sampling strategy as xw. Non-candidate segments act
as soft negatives that share visual context with the candidate win-
dow, while black frames provide context-free hard negatives. We
hypothesize that black frames serve as a stricter visual distractor.
Based on these settings, we define two TNLL-based verification
variants: TNLLSame and TNLLBlack.

Visual Negative Likelihood Based Verification: Inspired by
TNLL based verification, we evaluate candidate windows in the
visual domain. Here we measure the alignment between the gen-
erated textual description and visual representations of the can-
didate window. Given a description y generated for a candidate
window xw, we compute a VNL-based verification score by com-
paring the cosine similarity between the text embedding e(y) and
the visual embeddings of the candidate window e(xw) and a neg-
ative window e(xn):

SVNL = cos (e(y), e(xw))− cos (e(y), e(xn)) , (6)

where cos denotes cosine similarity, and all embeddings e(y),
e(xw), and e(xn) are obtained from the same underlying MLLM.
A higher positive score indicates stronger visual-semantic align-
ment between the generated description and the candidate win-
dow relative to the negative window. When ranking multiple
candidate windows, higher scores reflect greater visual consis-
tency with the queried event. Analogue to TNLL, we define two
VNL-based verification variants: VNLSame and VNLBlack.

4. Experiments
We conduct a series of experiments to evaluate the effectiveness
of our Training-Free (TF) TF-TimeCoVe framework. First, we
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QVHighlights Charades-STA ActivityNet

Method R1@.5 ↑ R1@.7 ↑ R1@.5 ↑ R1@.7 ↑ R1@.5 ↑ R1@.7 ↑
Fine-Tuned
VTimeLLM-13B [7] – – 34.30 14.70 29.50 14.20
TimeLens-7B [33] 63.60 43.70 39.80 14.50 35.20 19.70
Chrono-BLIP [16] 74.77 60.51 69.31 49.29 53.92 35.55

Zero-Shot
HawkEye [25] – – 31.40 14.50 29.30 10.70
TimeChat [20] – – 32.20 13.40 – –
NumPro (Qwen2-VL-72B) [27] – – 36.80 15.90 26.40 14.40
VTimeCoT (GPT4o) [32] 59.74 33.81 51.02 22.45 – –
TFVTG [34] – – 49.97 24.32 27.02 13.39
TAG [11] – – 48.58 26.67 28.91 15.07
Chrono-GPT† [16] 61.68 41.80 28.76 10.99 31.06 17.51

Qwen3-VL-8B (frames only)† 4.58 1.55 22.31 6.48 8.94 3.45
Chrono-Qwen3-VL-8B† 45.68 31.48 32.74 13.58 30.34 17.86
TF-TimeCoVe-8B† 65.94 +4.26 50.06 +8.26 56.16 +5.14 29.38 +2.71 34.26 +3.20 19.64 +2.13

Qwen3-VL-32B (frames only)† 4.13 1.29 9.89 3.23 8.37 3.45
Chrono-Qwen3-VL-32B† 59.42 42.13 26.02 10.08 30.70 18.47
TF-TimeCoVe-32B† 72.58 +10.90 57.10 +15.30 58.55 +7.53 30.46 +3.79 40.24 +9.18 24.27 +6.76

Table 2. Comparison to state-of-the-art (SOTA) methods in Moment Retrieval on QVHighlights, Charades-STA, and ActivityNet Captions.
Prior Training-Free (TF) SOTA is underlined, new TF SOTA is bold. Gains for TF-TimeCoVe are in comparison to prior TF SOTA. † indicates
QVHighlights results are reported on the validation set.

describe the experimental setup ( Sec. 4.1). Next, in Sec. 4.2 we
present quantitative results comparing our method against prior
zero-shot approaches and ablate key components of our two-stage
verification pipeline. Finally, we provide a qualitative analysis
in Sec. 4.3 to illustrate the model’s strengths.

4.1. Experimental Setup
To evaluate our TF VTG approach, we utilize three standard
benchmarks for VTG. Charades-STA from 2017 [5] contains
9,848 videos (avg. duration 30.6s) and 16,128 annotations.
Because we are TF, we evaluate directly on the standard test
split (3,720 annotations). QVHighlights [12](QVH) published in
2021, features 10,148 videos each with a duration of 150s. The
queries often map to multiple moments. We report performance
on the publicly available val split (1,550 videos), as the private
test split has a limited number of submissions. ActivityNet Cap-
tions [10], released in 2017, consists of 20,000 videos (avg. dura-
tion 2 mins) and 72,000 annotated segments. Following standard
practice [16, 22, 28, 31], we perform our zero-shot inference on
the val_2 split (17,031 segments).

To evaluate our approach, we adopt standard metrics for both
single- and multi-moment retrieval tasks. On single-moment
datasets, we measure performance using Recall@τr (R@τr) at
Intersection over Union(IoU) thresholds τr ∈ {0.5, 0.7}. For
the multi-moment QVH dataset, we supplement this by report-
ing the mean Average Precision (mAP) and mAP@τmap and the
IoU thresholds τmap ∈ {0.5, 0.75}.

The backbone of our approach is Qwen3-VL [29] in both 8B
and 32B parameter variants. We benchmark our results against
Chrono-GPT [16] as the primary baseline. Similar to the base-
line we do not perform any fine-tuning or parameter updates. In-
stead, we optimize performance strictly through inference-time

prompting and the introduction of a novel verification and scor-
ing procedure. For consistency, we adopt the sampling strategy of
Chrono-GPT [16] but introduce these modifications: (a) We use a
temperature of 0.7 for candidate generation. (b) In the dedicated
CoVe Stage, we sample frames at 2 frames per second (FPS),
capped by the dataset’s frame limit during drafting. (c) We en-
rich local context by expanding each candidate segment with a
temporal buffer as defined in Eq. (1) using α = 0.2.

4.2. Quantitative Results and Analysis

We evaluate TF-TimeCoVe on three VTG benchmarks and ana-
lyze the contribution of each pipeline component. First, we com-
pare our method with prior zero-shot TF approaches and estab-
lish new state-of-the-art results (see Sec. 4.2.1). Afterwards we
show that moving from single-pass generation to our two-stage
CoVe framework improves performance. Highlighting the bene-
fit of decoupled verification ( Sec. 4.2.2). Finally, we ablate the
two-pass verification techniques in Sec. 4.2.4.

4.2.1. State-of-the-Art Zero-Shot Comparison
We benchmark TF-TimeCoVe against current state-of-the-art
zero-shot TF methods. As detailed in Tab. 2, TF-TimeCoVe-32B
sets a new state-of-the-art for TF VTG. It achieves an R1@0.5 of
72.58% on QVH [12], 58.55% on Charades-STA [5], and 40.25%
on ActivityNet Captions [10], showing absolute improvements
of 10.90%, 7.53%, and 6.76% over existing baselines. Further-
more, while recent TF methods like VTimeCoT [32] and Chrono-
GPT [16] are dependent on proprietary models (e.g., GPT-4o), we
achieve stronger results using fully open-source ones. Notably,
even the smaller TF-TimeCoVe-8B model surpasses all previously
reported zero-shot methods, demonstrating the efficacy and scal-
ability of our framework at lower parameter counts.
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QVHighlights†

Method # Stages R1@.5 R1@.7 mAP mAP@.5 mAP@.75

Chrono-Qwen 1 45.68 31.48 25.70 42.07 25.40
JointCoVeVTG 1 53.29 39.42 31.61 51.02 32.50
TF-TimeCoVe 2 65.94 50.06 39.69 58.59 41.82

Table 3. Ablation of Chain-of-Verification (CoVe) strategies on
QVHighlights using Qwen3-VL-8B. The table compares Chrono-
Qwen against single-pass and two-stage CoVe approaches.

While our focus is on TF methods, we note that TF-TimeCoVe
approaches the performance of fine-tuned baselines. For instance,
TF-TimeCoVe-32B achieves 72.58% R1@0.5 on QVH, narrowing
the gap to Chrono-BLIP [16] (74.77%), a fully fine-tuned model.
These results show that our method pushes open-source models
to achieve competitive VTG performance, while remaining TF.

4.2.2. From Frames-Only to Chrono-Qwen to TF-TimeCoVe
As shown in Tab. 2, performance improves progressively from
frames-only inputs to Chrono-Qwen and finally to TF-TimeCoVe.
Frames-only models lack temporal structure, causing temporal
drift and low recall. To address this, we apply the blueprint of
Meinardus et al. [16] to Qwen3-VL. By interleaving timestamps
with frames, we provide a discrete temporal axis that improves
alignment between the query, frames, and predicted timestamps.
Interestingly, the 8B variants of both the frames-only configu-
ration and Chrono-Qwen outperform their 32B counterparts on
Charades. This observation aligns with TimeLens [33], which
shows that larger models are often more sensitive to noisy in-
puts. We hypothesize that Chrono’s reasoning-heavy prompting
exacerbates this effect. Because VTG is primarily a temporal lo-
calization task rather than a complex reasoning problem, forc-
ing explicit reasoning over noisy frames can distract the model
and degrade localization accuracy, particularly in the 32B vari-
ant. By replacing Chrono’s reasoning-heavy prompting with a
two-stage verification approach, TF-TimeCoVe-32B avoids this
failure mode and achieves superior zero-shot performance across
all three datasets.

4.2.3. From Single-Pass Generation to Two-Stage CoVe
We observe clear performance improvements when we replace
the single-pass generation with our two-stage CoVe framework.
As shown in Tab. 3, Chrono-Qwen achieves an R1@0.5 of
45.68% on QVH. Adding in-prompt verification in the single-
pass JointCoVeVTG variant increases performance to 53.29%
R1@0.5. The largest improvements are achieved once we de-
couple verification from candidate generation: TF-TimeCoVe-8B
reaches 65.94% on R1@0.5, resulting in absolute improvements
of +12.65 over JointCoVeVTG-8B and +20.26 over Chrono-
Qwen-8B. These results show that JointCoVeVTG improves
VTG, and separating drafting from verification further reduces
confirmation bias and stabilizes temporal reasoning.

Finding 4: Applying CoVe even in a single-pass setting al-
ready provides a noticeable performance improvement.

4.2.4. Ablation of Verification-Stage Scoring Techniques
As we observe in Tab. 4, the lightweight signals Confidence, Sim-
ilarity, and their fusion provide only limited verifying power. For

QVHighlights †

CoVe-Strategy T R1@.5 R1@.7 mAP mAP@.5 mAP@.75

1. Draft
All Candidates – 71.94 56.19 44.82 65.72 46.35
Oracle – 77.87 61.61 46.24 68.06 47.80

2. Verify
Confidence 0.5 70.84 54.77 43.38 63.72 45.25
Similarity 0.38 71.1 54.84 43.97 65.09 45.79
Confidence & Similarity 0 68.97 53.35 43.52 64.30 45.28
TNLLAll 0 71.94 56.19 44.82 65.72 46.35
VNLSame 0 69.35 53.94 42.27 61.57 43.69
VNLBlack 0.13 72.58 57.10 44.35 64.16 46.14

Table 4. Ablation of TF-TimeCoVe-32B verification strategies on
QVHighlights. All Candidates uses drafted windows without verifica-
tion. Oracle shows the R1@0.5-based upper bound from all GT-aligned
proposals. aT is threshold. All means same results for both Same and
Black types. Underlined: oracle best; bold: best verification. † indicates
results are reported on the validation set.

all verification techniques we report the best-performing thresh-
olds; however, a threshold of 0 is generally sufficient because
negative scores are naturally filtered out. Confidence based ver-
ification is noisy because the model reports confidence based on
language priors rather than visual temporal evidence, causing it
to underperform the unverified baseline (All Candidates). Simi-
larity based verification delivers comparatively better results, but
it still fails to surpass the unverified baseline since cosine similar-
ity in the text domain captures semantic overlap rather than VTG
correctness. When we combine both signals, the noise from con-
fidence overwhelms the weak corrective signal from similarity,
resulting in the lowest R1@0.5 and R1@0.7 among the three.

The likelihood based signals provide a stronger contrastive
mechanism overall. However, both TNLLAll and VNLSame still fall
below the drafted baseline, where All means same results for both
Same and Black types. In case of VNLSame, same-video negatives
often contain visually similar content, producing too weak con-
trast. TNLLAll fails for a different reason. Textual likelihoods are
dominated by language priors, so replacing the visual context,
even with black frames, barely affects the model’s predicted text
probabilities, which severely limits its discriminative power.

Only VNLBlack produces a clear improvement. By using
black-frame negatives within the same embedding domain, we re-
move all visual structure from the comparison window and force
the model to rely on genuine visual evidence from the candi-
date window. As a result, VNLBlack becomes the only verifica-
tion strategy that outperforms the unverified baseline on R1@0.5
and R1@0.7. Although VNLBlack improves performance, it still
lags well behind the oracle upper bound, with gaps of 5.29% at
R1@0.5 and 4.51% at R1@0.7, indicating significant potential
for further improvement.

4.3. Qualitative Analysis
In Fig. 3, we show quantitative results and demonstrate our TF-
TimeCoVe’s ability to precisely align with ground truth (GT)
boundaries (1), predict and verify multiple discontinuous win-
dows (2), and avoid mislocalizations compared to zero-shot
Chrono-GPT [16] (3). In (1), we use the query “Two men are
looking at tools in Home Depot.” While Chrono-GPT predicts
only a brief fraction of the event, our TF-TimeCoVe draft re-
trieves a broad candidate region that we successfully verify to
match the GT. Here, we observe that our sampling shifts the pre-
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Figure 3. (1,3,4) correct single-window moment retrieval for TF-TimeCoVe. (2) correct multi-window moment retrieval for TF-TimeCoVe. (1,2) are
from QVHighlights, (3) is from Charades-STA, (4) is from ActivityNet.

cise boundaries, but we improve the overall intersection signif-
icantly. Furthermore, in (3), we illustrate a scenario where the
baseline fails completely. It predicts an incorrect segment at the
start of the video, whereas our method correctly localizes the rel-
evant action of the person taking a sandwich out of a dresser.
We consider the frames of the video in Fig. 3 (3) to be very am-
biguous, providing a difficult video for VTG. In (4), we show a
scenario where our drafting step initially produces one accurate
region and one incorrect region (according to GT), but through
our verification process, we refine the final output to align with
the GT.

5. Conclusions and Limitations

We present TF-TimeCoVe, the first framework to introduce
Chain-of-Verification into zero-shot Video Temporal Grounding.
Our novel approach reformulates localization as a draft-then-
verify pipeline. By explicitly separating candidate generation
from verification, we address two fundamental limitations of
prior Training-Free methods: weak temporal awareness and re-
liance on unverified single-pass predictions. Our approach inte-
grates timestamp-interleaved frames, sandwich prompting to mit-
igate long-context forgetting, and a Chain-of-Verification stage
that evaluates candidate windows using confidence-based checks,
semantic consistency, and contrastive likelihood ratios.

Across Charades-STA, ActivityNet Captions, and QVHigh-
lights, we achieve new state-of-the-art performance among
all Training-Free approaches, improving R1@0.5 by (+7.5%),
(+9.2%) and (+10.9%), respectively. Additionally we close the
performance gap to fine-tuned methods. Our TF-TimeCoVe-32B
reaches 72.58% R1@0.5 on QVHighlights, approaching Chrono-

BLIP (74.77%). These results demonstrate that inference-time
verification substantially improves zero-shot temporal grounding
without fine-tuning, directly achieving our research objective.

Despite these improvements, two stage verification process in-
creases inference cost. Furthermore, performance remains con-
strained by the reasoning capacity of frozen MLLMs. Verifica-
tion thresholds and strategies also require further investigation
and refinement. Identifying verification techniques and thresh-
olding rules that generalize reliably across datasets remains an
open challenge.

Overall, TF-TimeCoVe demonstrates that structured
inference-time verification is a powerful and underexplored
tool for improving zero-shot Video Temporal Grounding. We
believe this work provides both practical improvements and
conceptual guidance for future research on zero-shot Video
Temporal Grounding.

As future work, we plan to fine-tune a lightweight verifier for
the verification stage to improve efficiency and robustness while
preserving the training-free nature of the overall pipeline. Addi-
tionally, we are curious how fine-tuning an open-weights model
using our approach affects the results. Future work should also
focus on moment retrieval for longer videos, a setting that re-
mains largely unsolved. The central challenge lies in represent-
ing a very large number of frames within a single sequence with-
out overwhelming the model’s context window or causing severe
forgetting. This raises important questions about how to design
scalable frame sampling strategies and how to preserve temporal
coherence over long horizons.
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TF-TimeCoVe: Zero-Shot Video Temporal Grounding via Chain of Verification

Supplementary Material

A. Additional Content
A.1. Explorative Approaches

Charades-STA

Prompt CoT R1@0.5 R1@0.7

Short ✗ 46.83 21.08
Short ✓ 29.27 13.09
Long ✗ 46.72 20.99
Long ✓ 27.85 12.04

Table 5. Ablation of Chain-of-Thought (CoT) on (✓)/off(✗) and Short vs
Long. Qwen3-VL-8B is the backbone.

To better understand the source of improvements achieved by
TF-TimeCoVe, we analyze how performance evolves from the
original Chrono [16] baseline to our final TF-TimeCoVe approach.

A.1.1. Evolution of the Baseline: Prompting Foundations
Prompt Length. We first compare Short and Long prompt tem-
plates using Qwen3-VL-8B. Both depicted in Fig. 4 and Fig. 5 re-
spectively. As shown in Table 5, shorter and more direct prompts
outperform longer variants, suggesting that concise instructions
help the model focus on temporal localization rather than pro-
cessing unnecessary context, not relevant for the target.

Explorative Finding 1: Short prompt outperforms Long
variants.

The CoT Penalty. Enabling Chain-of-Thought (CoT) reason-
ing is detrimental in this zero-shot setting. On Charades-STA,
adding the instruction Think step by step causes R1@0.5 to drop
from 46.83% to 29.27% as seen in Table 5. This indicates that
reasoning step distracts the model from generating precise times-
tamps. This behavior is expected, as VTG is primarily a percep-
tion task [33] rather than a reasoning one.

Explorative Finding 2: CoT consistently harms VTG per-
formance.

A.1.2. The Impact of Sandwiching and Visual Temporal Cues
Building on the prompting foundations discussed above, we fur-
ther refine the prompt structure by evaluating two strategies. First,
we explore Sandwiching [15], which first presents the query at
the beginning and repeats it at after the interleaved frames of the
prompt. This sandwiching helps to reinforce the query instruc-
tion. Second, we investigate Visual Temporal Cues (inspired by
NumPro [27]), where frame indices are rendered directly onto the
images to provide explicit temporal cues.

Sandwich Prompting. This modification proves to be a key im-
provement. By repeating the query at the end of the long video
context, we mitigate the effect of long-context amnesia, where the
model may lose focus on the initial query. As shown in Table 6,

this simple restructuring significantly improves temporal local-
ization performance, boosting R1@0.5 on QVHighlights from
52.60% to 62.58%.

Explorative Finding 3: Sandwich prompting is essential for
mitigating long-context forgetting in VTG.

Visual Temporal Cues. Inspired by Wu et al. [27], we ex-
amine imprinting frame numbers directly onto video frames.
However, combining these visual numbers with interleaved tex-
tual timestamps introduces conflicting temporal signals and ulti-
mately confuses the model rather than improving VTG. The mis-
match arises because textual timestamps encode time, while im-
printed numbers encode frame order. As shown in Table 6, con-
figurations with imprinting consistently underperform their coun-
terparts without imprinting.

Explorative Finding 4: Adding visual temporal cues on
top of interleaved textual timestamps decreases the model’s
temporal understanding.

B. An overview of the different prompts and modi-
fications

User

[Frame at t1 seconds: f1] [Frame at t2 seconds: f2] [...]
[Frame at tF seconds: fF ]
The video lasts duration seconds.
Query: query.
Given the video and the query, find the relevant window.
Relevant window: Answer only with the window in for-
mat [start, end], for example [5, 12]. Do not add any other
text.
Assitant

Figure 4. Short prompt provided to Qwen3VL for single-window mo-
ment localization. Blue text represents variables.
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QVHighlights † Charades-STA ActivityNet

Sandwich Imprinting R1@.5 R1@.7 mAP mAP@.5 mAP@.75 R1@.5 R1@.7 R1@.5 R1@.7

✗ ✗ 52.60 36.60 29.90 47.80 30.20 46.83 21.08 31.21 19.29
✗ ✓ 50.71 35.48 28.72 45.52 28.43 42.06 18.17 30.64 18.82
✓ ✗ 62.58 46.97 37.44 57.06 38.87 48.63 20.05 33.52 20.30
✓ ✓ 53.48 37.55 31.73 50.08 31.52 36.88 14.09 27.51 15.95

(b) Sandwiching & Imprinting

Table 6. Ablation of Sandwich and Imprinting of visual timestamps on the frames are explored. ✓highlights when the technique is used, while ✗shows
the opposite. Qwen3-VL-8B is the backbone.

User

[Frame at t1 seconds: f1] [Frame at t2 seconds: f2] [...]
[Frame at tF seconds: fF ]
The video lasts duration seconds.
Query: query.
Given the video and the query, find the relevant window.
The frames were sampled uniformly from the video.
If you think the event does not take place in the video,
give your best guess, as otherwise the evaluation will be
marked as incorrect. Never provide an empty list for
<your answer>. The descriptions of moments are some-
times imprecise, so retrieve the closest moment. If you
don’t see an event remotely similar to the description,
guess what is the most likely moment given the context.
For instance, for cutting onion this could be between the
time we see that the scene takes place in the kitchen and
the time we see the onions being boiled in the pan.
The answer should be in the format of a list indicating
the start and end of a window of moment, [start_window,
end_window], for instance [0, 1]. If you detect multiple
windows for the same moment, choose the most relevant
one. It’s important your final answer only contains one
window. It’s important that your answer is in this format,
otherwise the evaluation will fail.
Output ‘ANSWER: <your answer>’ in the format speci-
fied above. For instance, for cutting onion this could be
between the time we see that the scene takes place in the
kitchen and the time we see the onions being boiled in the
pan. It is very important that the answer is in this format,
otherwise the evaluation will fail.
Assitant

Figure 5. Long prompt provided to Qwen3VL for single-window mo-
ment localization. Blue text indicates dynamic variables injected at run-
time.

User

Task: Given the video and query, find all relevant win-
dows.
Query: "query".
Video Stream (Duration: durations):
[Frame at t1 seconds: f1] [Frame at t2 seconds: f2] [...]
[Frame at tF seconds: fF ]
You are given a video with multiple frames. The numbers
after each video frame indicate its sampling timestamp
(in seconds).
Please analyze the provided frames to find ALL occur-
rences of the query.
Query: "query".
Prioritize Recall: It is better to include 2 extra seconds of
context than to cut the action short(before and after the
action, not just before).
If the action seems to start at 10s, start your window at 8s
to catch the preparation.
The video might be noisy. If you see the action at 10s,
12s, and 15s, assume it is ONE continuous event from
10s to 15s. Do not break it into fragments.
If you find a small window (e.g., [7, 8]) that is already in-
side a larger window (e.g., [1, 33]), DISCARD the small
one. Keep only the widest, most complete window.
Return ONLY the raw list of windows in the format:
[[start, end], [start, end], ...].
Example: [[5, 15], [40, 65]]
Assitant

Figure 6. TF-TimeCoVe drafting prompt with sandwiching, focusing
on recall, provided to Qwen3VL for multi-window moment localization.
Blue text indicates variables.
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User

Evidence-Based Scoring Guidelines (0-100)
Use these three zones to determine your score. You may choose any integer within the appropriate range.
• Zone 1: NEGATIVE / CONTRADICTED (Score 0 - 49)

◦ Definition: The visual evidence either contradicts the question (proving it false) or shows the subject is absent.
◦ Guidance:

§ 21-49 (Probably No): The condition appears absent, but there is a small element of confusion (e.g., A similar
object is present, but likely not the correct one).
• Threshold: UNCERTAIN / INSUFFICIENT (Score 50)

◦ Definition: The question cannot be confidently answered with "Yes" or "No" due to lack of evidence. The view might
be fully occluded, the lighting too dark, or the camera cuts away at the exact moment of interest. It is a "toss-up."
• Zone 2: POSITIVE / SUPPORTED (Score 51 - 100)

◦ Definition: The visual evidence supports the condition described in the question.
◦ Guidance:

§ 51-75 (Likely Yes): The condition is likely true, but the evidence is imperfect (e.g., distant view, brief glimpse,
or partial occlusion).

§ 76-100 (Definitely Yes): The condition is clearly visible and unambiguous. The visual evidence leaves no
doubt.
Instruction: Evaluate the strength of the visual evidence. First, decide if the evidence leans Positive (>50) or Negative (<50).
Then, assign a precise integer to reflect your certainty.
[Frame at t1 seconds: f1] [Frame at t2 seconds: f2] [...] [Frame at tN seconds: fN ]
TASK: Action Verification
You are verifying a specific candidate window: [start to end]
Query: "query"
I have provided frames specifically from start to end below:
Answer these specific questions based on the visual evidence:
1. At start, question_1?

- Visual Evidence: [Describe what is actually visible in the frames]
- Answer: [Yes/No]
- Confidence: [0-100]

2. Between start and end, question_2?
- Visual Evidence: [Describe what is actually visible in the frames]
- Answer: [Yes/No]
- Confidence: [0-100]

3. At end, question_3?
- Visual Evidence: [Describe what is actually visible in the frames]
- Answer: [Yes/No]
- Confidence: [0-100]

After answering, for each answer, provide the scores and confidences in a list.
- Format: [Answer number, Confidence score]
- Example: If Q1 is Yes (90%) and Q3 is No (20%), output: [[1, 90], [3, 20]]
- Constraint: At the end output the list.
Assitant

Figure 7. Confidence-based verification prompt provided to Qwen3VL during TF-TimeCoVe Confidence and Similarity verification. Blue text
indicates variables, including window boundaries and context-specific verification questions. Note: Timestamps, start, and end are relative to the
original video length.
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User

[Frame at t1 seconds: f1] [Frame at t2 seconds: f2] [...]
[Frame at tN seconds: fN ]
In five sentences, describe what happens in this video seg-
ment.
Assitant

Figure 8. Description prompt provided to Qwen3VL. This is then used
for Likelihood methods. The model is asked to unconditionally de-
scribe the visual content of a drafted segment. Blue text indicates vari-
ables. Note: Interleaved timestamps are relative to the original video
length

User

Task: Given the video and query, find the relevant win-
dow.
Query: "query".
Video Stream (Duration: durations):
[Frame at t1 seconds: f1] [Frame at t2 seconds: f2] [...]
[Frame at tN seconds: fN ]
Instructions:
Based on the video above, find the candidate start and end
timestamps for the action of "query".
Strictly check your candidate window against these Veri-
fication Questions: "questions".
Adjust the start/end seconds based on your answers to the
questions above to maximize precision.
Output only one window in format [start, end], for exam-
ple [5, 12].
Assitant

Figure 9. JointCoVeVTG with pre-generated questions prompt for
single-window moment localization. Blue text indicates variables.

User

Task: Given the video and query, find the relevant win-
dow.
Query: "query".
Video Stream (Duration: durations):
[Frame at t1 seconds: f1] [Frame at t2 seconds: f2] [...]
[Frame at tN seconds: fN ]
Instructions:
Based on the video above, find the start and end times-
tamps for ALL occurrences of the action of: "query".
Strictly check each candidate window against these Veri-
fication Questions: "questions".
You must catch ALL relevant moments. If the action hap-
pens multiple times, list every single occurrence.
Adjust the start/end seconds based on your answers to the
questions above to maximize precision.
Output only the windows in format [[start, end], [start,
end]], for example [[5, 12], [120, 125]].
Assitant

Figure 10. JointCoVe with pre-generated questions prompt for multi-
window moment localization. Blue text indicates variables.

User

Query: A girl and her mother cook while talking over
FaceTime.
Start check: "At start second, is the girl beginning to
cook while initiating a FaceTime call with her mother?",
Core action check: "Between start and end seconds, are
the girl and her mother actively cooking and conversing
via FaceTime?",
End check: "At end second, have both the cooking
activity and FaceTime conversation concluded?"

Assitant

Figure 11. Example of pregenerated questions derived from a query in
QVHighlights. Blue text (Blue) indicates variable placeholders.
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C. Additional Ablations
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Table 7. Two-Stage CoVe ablation for Qwen3-VL-8B and 32B. All Candidates uses drafted windows directly; oracle selects multiple candidates based
on GT. T is threshold.

QVHighlights †

CoVe-Strategy Model T R1@.5 R1@.7 mAP mAP@.5 mAP@.75

1. Draft

All Candidates
8B – 66.39 50.45 40.33 59.92 42.26
32B – 71.94 56.19 44.82 65.72 46.35

Oracle
8B – 71.48 54.84 41.56 61.98 43.52
32B – 77.87 61.61 46.24 68.06 47.8

2. Verify

Confidence
8B 0.5 65.87 49.48 39.33 58.57 41.39
32B 0.5 70.84 54.77 43.38 63.72 45.25

Similarity
8B 0 66.39 50.45 40.33 59.92 42.26
32B 0.38 71.1 54.84 43.97 65.09 45.79

Confidence & Similarity
8B 0 65.29 49.61 39.74 59.56 41.73
32B 0 68.97 53.35 43.52 64.30 45.28

Textual-LR (all types)
8B 0 66.39 50.45 40.33 59.92 42.26
32B 0 71.94 56.19 44.82 65.72 46.35

Visual-LR (same)
8B 0 65.94 50.06 39.69 58.59 41.82
32B 0 69.35 53.94 42.27 61.57 43.69

Visual-LR (black)
8B 0 65.94 50.06 39.69 58.59 41.82
32B 0.13 72.58 57.10 44.35 64.16 46.14

Table 8. Two-Stage CoVe ablation for Qwen3-VL-8B and 32B on
Charades-STA. All Candidates uses drafted windows directly; Oracle se-
lects the most fitting moment with prior knowledge of GT.

Charades-STA

CoVe-Strategy Model R1@.5 R1@.7

1. Draft

All Candidates
8B 56.61 29.95
32B 58.87 30.19

Oracle
8B 57.15 30.11
32B 59.62 30.40

2. Verify Stage

Confidence
8B 56.16 29.38
32B 58.55 30.46

Similarity
8B 54.97 28.79
32B 57.69 29.87

Confidence & Similarity
8B 55.32 28.84
32B 58.01 30.16

Textual-LR (same)
8B 55.4 29.46
32B 57.58 29.54

Textual-LR (black)
8B 55.13 29.35
32B 57.74 29.54

Visual-LR (same)
8B 55.32 29.33
32B 57.45 29.41

Visual-LR (black)
8B 55.05 29.25
32B 57.37 29.33

Table 9. Two-Stage CoVe ablation for Qwen3-VL-8B and 32B on Activ-
ityNet. All Candidates uses drafted windows directly; Oracle selects the
most fitting moment with prior knowledge of GT.

ActivityNet

CoVe-Strategy Model R1@.3 R1@.5

1. Draft Stage

All Candidates
8B 34.98 20.84
32B 40.72 24.68

Oracle
8B 37.38 21.71
32B 43.84 25.85

2. Verify Stage

Confidence
8B 34.26 18.47
32B 40.24 24.27

Similarity
8B 31.95 19.15
32B 37.70 22.90

Confidence & Similarity
8B 32.66 19.49
32B 38.29 23.16

Textual-LR (same)
8B 32.75 19.64
32B 38.18 23.20

Textual-LR (black)
8B 32.75 19.64
32B 38.18 23.20

Visual-LR (same)
8B 32.26 19.44
32B 38.01 23.24

Visual-LR (black)
8B 32.35 19.46
32B 39.62 23.92
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QVHighlights Charades-STA ActivityNet

Method R1@.5 ↑ R1@.7 ↑ R1@.5 ↑ R1@.7 ↑ R1@.5 ↑ R1@.7 ↑
Fine-Tuned
Chrono-BLIP [16] 75 61 69 49 54 36

Zero-Shot
VTimeCoT (GPT4o) [32] 60 34 51 22 – –
TAG [11] – – 49 27 29 15
Chrono-GPT† [16] 62 42 29 11 31 18

Qwen3-VL-32B (frames only)† 4 1 10 3 8 3
Chrono-Qwen3-VL-32B† 59 42 26 10 31 18
TF-TimeCoVe-32B† 74 +12 57 +15 59 +8 30 +3 40 +9 24 +6

Table 10. Comparison to state-of-the-art (SOTA) methods in Moment Retrieval on QVHighlights, Charades-STA, and ActivityNet Captions.
Prior Training-Free (TF) SOTA is underlined, new TF SOTA is bold. Gains for TF-TimeCoVe are in comparison to prior TF SOTA. † indicates
QVHighlights results are reported on the validation set.

QVHighlights Charades-STA ActivityNet

Method R1@.5 ↑ R1@.5 ↑ R1@.5 ↑
Fine-Tuned
Chrono-BLIP [16] 75 69 54

Zero-Shot
VTimeCoT (GPT4o) [32] 60 51 –
TAG [11] – 49 29
Chrono-GPT† [16] 62 29 31

Qwen3-VL-32B (frames only)† 4 10 8
Chrono-Qwen3-VL-32B† 59 26 31
TF-TimeCoVe-32B† 74 +12 59 +8 40 +9

Table 11. Comparison to state-of-the-art (SOTA) methods in Moment Retrieval (R1@.5) on QVHighlights, Charades-STA, and ActivityNet
Captions. Prior Training-Free (TF) SOTA is underlined, new TF SOTA is bold. Gains for TF-TimeCoVe are in comparison to prior TF SOTA. †
indicates QVHighlights results are reported on the validation set.
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