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Abstract. Zero-shot video moment retrieval (ZMR) aims to overcome
the limitations of traditional approaches that require large-scale datasets
annotated with text and its relevant temporal spans. Despite advances in
pre-trained vision–language models (VLMs) and multimodal large lan-
guage models (MLLMs), existing ZMR methods still heavily depend on
query-to-video content similarity, making them vulnerable to modal-
ity and language-style gaps. These gaps lead to unreliable span pro-
posals and unstable moment retrieval results. To address this issue, we
propose Self-Similarity-based Moment proposal and Scoring (Self-SiMS)
that instead exploits intrinsic relationships within videos, enabling ro-
bust span generation and scoring. By deriving self-similarity only from
the video content, we circumvent the noisy and mismatched patterns
of query–frame or query–caption similarities, thereby mitigating both
modality and language-style gaps. Furthermore, we introduce a query-
aware MLLM-based reasoning stage to further sharpen alignment be-
tween text and video. Extensive experiments demonstrate that Self-SiMS
achieves the state-of-the-art performance across ZMR benchmarks.

1 Introduction

With the rapid expansion of multimedia content, video has become a primary
medium for obtaining information. Consequently, retrieving specific moments
from videos relevant to natural language queries has garnered significant atten-
tion across both academia and industry. A central task in this area is video
moment retrieval (VMR) [2, 7, 15, 37], which aims to localize the most relevant
temporal segment in a video based on a given text query. This task remains par-
ticularly challenging due to the need to pinpoint precise moments within videos
that often contain multiple semantically similar scenes.

Previous studies have primarily focused on training VMR models using datasets
annotated with temporal spans. However, such approaches require extensive
manual labeling, which is both costly and labor-intensive. To overcome this limi-
tation, recent research has explored zero-shot video moment retrieval (ZMR) [27,
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Fig. 1: Comparison of different similarity computation for candidate span generation.
(a) Query–Frame similarity suffers from a modality gap between textual and visual
features, producing low and flat similarity signals. (b) Query–Caption similarity allevi-
ates modality issues but introduces a language-style gap, yielding noisy and inconsistent
similarity patterns. (c) Our method leverages intra-video self-similarity, avoiding such
modality and language-style gaps, and produces more stable boundary scores.

28,34,38,41], leveraging vision-language models (VLMs) [17,18] and multimodal
large language models (MLLMs) [8, 32, 33] pretrained on large-scale data to
perform retrieval without additional supervision. Although these methods have
shown promising performance in ZMR, they still face a critical limitation stem-
ming from the unreliable query-based similarity score used to generate and score
candidate spans (i.e., moment proposals). Specifically, existing methods [38, 41]
rely on the similarity between text query and video contents, represented by
either visual features or MLLM-generated captions. However, these similarities
are inherently affected by modality and language-style gaps, leading to the gen-
eration of unstable spans. Fig. 1 conceptually summarizes how each approach
computes similarity scores and visualizes the score tendencies observed at the
video instance level when applying each method.

As illustrated in Fig. 1(a), methods based on query–frame similarity [41] are
affected by the modality gap between textual and visual representations. Even
inside the ground-truth moment, the similarity can remain low and flat, making
it difficult to distinguish the relevant temporal region from the surrounding con-
text. Query–caption similarity [38] partially alleviates this issue by converting
visual content into text, as shown in Fig. 1(b). However, it introduces a language-
style gap between human-written queries and MLLM-generated captions. Even
for visually similar frames, the captions may focus on different aspects of the
same scene, such as objects, actions, or fine-grained sub-events. For example,
given the query "Two men are looking at tools in Home Depot," captions may
alternately emphasize "holding a hammer" or "reaching for something." These
descriptions can be valid, but their inconsistent focus leads to noisy and unstable
query–caption similarity trajectories.
To avoid relying on such query-dependent signals, we use query-independent
intra-video self-similarity for span generation. As shown in Fig. 1(c), we com-
pute self-similarity maps from both frame features and MLLM-generated cap-
tion features, and derive boundary scores by detecting changes in their temporal
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Fig. 2: Illustration and comparison of the Inner-to-Outer Ratio (IOR). (a) The IOR
measures how much higher the similarity is within the ground-truth (Inner) region than
in the surrounding (Outer) area. The middle and right examples illustrate how the Inner
and Outer regions are obtained from query-based similarity scores and from the self-
similarity map, respectively. (b) Comparison of IOR distributions on the QVHighlights
validation set shows that our method achieves consistently higher IOR values than
query–frame and query–caption similarities, indicating stronger discrimination between
relevant and irrelevant segments.

similarity patterns. These boundary scores are then used to generate candidate
spans. Since this process depends only on the internal structure of the video,
rather than query–frame or query–caption matching, the resulting spans are less
affected by modality and language-style gaps.

While these trends are discovered at the instance level, similar patterns
emerge at the dataset level as well. To further examine these trends at the
dataset level, we define the Inner-to-Outer Ratio (IOR) as a quantitative mea-
sure. Fig. 2(a) illustrates the definition of IOR, which measures how much higher
the similarity is within the ground-truth (Inner) region than in the surrounding
(Outer) area. An IOR above 1.0 indicates stronger similarity within the ground-
truth span, whereas lower values imply weak discrimination, thereby measuring
how well each method separates relevant from irrelevant segments. Fig. 2(b)
reports the IOR distributions on the QVHighlights validation set as a represen-
tative example. The query–frame similarity exhibits IOR values concentrated
around 1.0, corresponding to the flat similarity patterns observed earlier and in-
dicating that the modality gap leads to weak discrimination between inner and
outer regions. The query–caption similarity shows a broad and unstable distribu-
tion, reflecting the noisy similarity trajectories caused by inconsistent alignment
between queries and generated captions. In contrast, our method yields IOR val-
ues consistently above 1.0, indicating that it effectively captures intrinsic video
structure and produces discriminative similarity scores across the dataset.

Building on this idea, we propose Self-Similarity-based Moment Proposal and
Scoring (Self-SiMS), which leverages intra-video self-similarity for both candi-
date generation and span scoring. For span generation, self-similarity provides
query-independent temporal structure, avoiding unstable query-frame or query-
caption signals. For span scoring, we first use the most reliable query-caption
signals within each span and then refine the score with self-similarity to reflect
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internal content consistency. This design reduces the effect of noisy query-caption
alignment while preserving temporally coherent candidate spans.

Finally, to accurately select the final span from semantically similar span
candidates, we introduce a query-aware MLLM-based re-ranking step. In this
stage, representative frames from each span are directly evaluated against the
query using an MLLM with a yes/no prompt. Instead of computing similarity
after independently generating representations for the query and video, we lever-
age the MLLM’s query-aware capabilities to further reduce both modality and
language-style gaps, resulting in more accurate span scoring.

To sum up, our contributions are as follows:

– We first explicitly identify and address the modality and language-style gaps
in zero-shot video moment retrieval (ZMR), where mismatches between text
queries and video contents, whether visual features or MLLM-generated cap-
tions, can lead to inaccurate span scoring.

– To mitigate these gaps, we propose Self-Similarity-based Moment proposal
and Scoring (Self-SiMS). To the best of our knowledge, our work is the
first to leverage temporal self-similarity for generating candidate spans in a
training-free ZMR, and to score these spans using intra-video relations.

– We further introduce a query-aware MLLM re-ranking step, where candi-
date spans are directly evaluated against the text query using an MLLM to
mitigate the gaps above.

– Our method achieves the state-of-the-art performance on ZMR benchmarks,
demonstrating the effectiveness of combining Self-SiMS with query-aware
MLLM re-ranking in mitigating modality and language-style gaps and im-
proving ZMR.

2 Related works

Video moment retrieval. Video moment retrieval (VMR) aims to retrieve
relevant temporal segments from an untrimmed video given a natural language
query. Early work treated this as a query-to-segment matching problem using
joint video–text feature learning and alignment techniques [2,7,14]. With the in-
troduction of large-scale datasets such as ActivityNet [3] and QVHighlights [15],
subsequent methods explored attention mechanisms, cross-modal transformers,
and contrastive learning for improved localization [15, 18, 24, 31, 37, 39]. Recent
approaches also leverage pre-trained vision–language models (VLMs) such as
BLIP [18], BLIP-2 [17], and instruction-tuned video models [26, 40], achieving
strong results in moment retrieval and highlight detection. However, these ad-
vances still rely on large-scale span annotations, motivating research into weakly-
supervised and zero-shot retrieval.

Zero-shot video moment retrieval. Traditional VMR approaches rely on
densely annotated datasets that precisely align queries with video moments [15,
31], but such annotations are costly and labor-intensive, motivating research
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into zero-shot video moment retrieval (ZMR) [27, 34]. Early zero-shot methods
leveraged pretrained VLMs such as CLIP [28] to compute query–frame similar-
ity without training data [27], yet they struggled to capture temporal relation-
ships. Moreover, recent studies show that off-the-shelf multimodal large language
models (MLLMs) can achieve competitive zero-shot performance without addi-
tional training [6,9,23,35]. Despite these advances, existing methods still rely on
query–video content similarity using either visual features or MLLM-generated
captions for candidate span generation and scoring, which makes them vulner-
able to modality and language-style gaps and limits precise moment localization.

Modality and language-style gaps in text-visual alignment. Pretrained
VLMs [17, 18, 28] trained on large-scale text–image pairs have advanced cross-
modal understanding, yet a modality gap remains, causing inaccurate similar-
ity matching. Prior works address this by introducing learnable gap parame-
ters [36], enhancing semantic modeling [22], or generating captions with MLLMs
to bridge text and visuals. However, MLLM-generated captions inherently create
a language-style gap with human-written queries, which some studies mitigate
by augmenting queries with complementary descriptions [20, 38]. Despite these
prior efforts, ZMR still suffers from both gaps, often leading to unreliable span
generation and scoring. Therefore, we propose a novel framework that leverages
video-intrinsic self-relationships to mitigate them jointly.

Self-similarity for temporal boundary modeling. Self-similarity has been
studied as a fundamental cue for capturing internal relational patterns in images
and videos [29]. Building on this idea, recent works exploit temporal similarity
to obtain pseudo temporal proposal during training. PSVL [27], a training-based
MR method, constructs a frame-wise self-similarity matrix to discover pseudo
event regions and pairs them with pseudo queries, which are then used to train
a localization model. Similarly, another training-based video grounding frame-
work [12] segments videos using a temporal similarity matrix and trains a ground-
ing model by aligning the resulting pseudo proposals with pseudo language fea-
tures in a pretrained vision-language space. In contrast, we alleviate modality
and language-style gaps in a training-free manner: we derive query-agnostic can-
didate spans from intra-video self-similarity and perform span scoring, thereby
reducing reliance on unstable query-dependent similarity scores.

3 Method

3.1 Overview

Given an untrimmed video V = {vi}Li=1 with L sampled frames and a tex-
tual query Q, zero-shot video moment retrieval aims to localize the temporal
span aligned with Q without requiring any training. Fig. 3 illustrates the overall
pipeline of Self-SiMS. We first extract frame features F f and frame-wise caption
features F c, and use them to build two temporal self-similarity maps, Mf and
M c. These maps are merged into a unified self-similarity map M , from which
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Fig. 3: The overview of our Self-Similarity based Moment proposal and Scoring (Self-
SiMS). First, features from the frames and captions are extracted to construct two
distinct self-similarity maps, Mf and Mc, which are then aggregated into a unified map,
M . Each frame is then evaluated with a boundary score computed using a contrastive
kernel, and candidate spans are generated in temporal order (Sec. 3.2). Next, the spans
are ranked based on query-matching span score SQ, which is computed by averaging
the top-kS query-caption scores. In addition, the self-matching span score SS is derived
from the unified Self-similarity map M and then combined with the former score (Sec.
3.3). Finally, the MLLM-based reranking is applied to the top-ranked spans by asking
whether each query-frame pair is relevant, and the probability of the ’Yes’ answer is
used as the score (Sec. 3.4).

we compute boundary scores with a contrastive kernel and generate candidate
spans. Each candidate is then scored by combining the Query-Matching Span
Score SQ, computed from the top-kS query–caption similarities within the span,
and the Self-Matching Span Score SS , which measures internal span consistency
using M . The combined score S ranks the candidates, and the top-kC spans are
further re-ranked by an MLLM through a query-aware Yes/No verification.

Span Boundary Scores. Inspired by the event boundary detection method
proposed in [11], we calculate self-similarity to construct the Temporal Self-
similarity Matrix (TSM), M ∈ RL×L. First, we apply ℓ2-normalization to the
extracted features, F f for frames and F c for captions, resulting in F̂ f and F̂ c,
respectively. Then, the TSMs for the frames and captions are computed as Mf =
F̂ f (F̂ f )⊤ and M c = F̂ c(F̂ c)⊤. To integrate both modalities, we construct the
unified TSM M by equally weighting Mf and M c, i.e., M = 1

2 (M
f +M c).

To evaluate whether a frame is likely to be a boundary, we examine a local
patch of the self-similarity map around that frame. Intuitively, a good boundary
separates two temporally coherent regions. Frames before the boundary should
be similar to each other, frames after the boundary should also be similar to each
other, but frames across the boundary should be less similar. The contrastive
kernel captures this pattern by rewarding within-side similarities and penalizing
cross-side similarities. Specifically, the kernel K ∈ RNK×NK has positive weights
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in the top-left and bottom-right quadrants, negative weights in the top-right and
bottom-left quadrants, and zeros in the central row and column. The boundary
score of the i-th frame is computed as

bi = Pi ⊙K, (1)

where Pi is an NK ×NK patch of M centered at the diagonal position (i, i), and
⊙ denotes element-wise multiplication. The TSM is zero-padded so that this
operation can be applied uniformly to every frame.

Candidate Spans. To generate candidate spans from the boundary scores,
we define a set of instance-wise dynamic thresholds T = {τ1, τ2, . . . , τNT }, which
adapt to the intra-video context variability measured from the frame features F f .
Based on this variability, videos with more diverse contexts are assigned lower
thresholds for finer temporal partitioning, whereas more homogeneous videos
receive higher thresholds for coarser segmentation. This variability-aware de-
sign removes the need for manual threshold tuning and generalizes well across
datasets. Detailed formulations are provided in the Appendix. For each τj ∈ T ,
we construct boundary set Bj containing the indices of frames that are both
above the threshold and correspond to local maxima of the boundary scores:

Bj = { i | bi ≥ τj , bi ≥ bi−1, bi ≥ bi+1 } ∪ {1, L}. (2)

Here, the two extreme frames, 1 and L, are included to ensure that the candidate
spans cover the entire duration of the video. By the boundary set, we obtain a
candidate span En formally defined as:

En = {i | esn ≤ i ≤ een}, 1 ≤ esn < een ≤ L, (3)

where each pair (esn, een) is formed by two successive frame indices in the temporal
order within the same boundary set Bj , thereby ensuring that the resulting
different spans do not overlap. Finally, the set of all candidate spans across
thresholds is formally denoted by

E = {E1, E2, . . . , ENs
}, (4)

where Ns denotes the total number of candidate spans. Note that each En in
this set refers to the corresponding candidate span and can be referred to as the
“n-th span” in subsequent descriptions.

3.2 Span Scoring with Self-Similarity Awareness

To identify the relevant candidate span, each span should have its relevance
score with the query. Previous approach [38] computes this score by averaging
the frame-level similarities between the query and captions. However, such mean-
based scoring is unreliable, as query–caption similarity often exhibits noisy and
inconsistent distributions due to the language-style gap.
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To mitigate this limitation, we use the top-kS frame-level similarities within
the span for scoring, which are robust to the corruption induced by the language-
style gap. In addition, to enhance the reliability of scoring, we propose the Self-
Matching Span Score, derived from TSM. Finally, each candidate span is scored
by combining the Query-Matching Span Score and the Self-Matching Span Score.

Query–Matching Span Score. Given a textual query Q, we extract the query
feature F q using the same encoder employed for the caption features F c. Then,
the cosine similarity between the query feature and caption features is calculated
to produce the frame-level scores Sf ∈ RL as follows:

Sf
i =

F q · F c
i

∥F q∥ ∥F c
i ∥

, (5)

where F c
i and Sf

i denote the caption feature and frame-level score of the i-th
frame, respectively. The Query-Matching Span Score (QMS), denoted as SQ, is
defined as the mean of the top-kS frame scores within each span. Specifically,
for the n-th span En, containing the indices from the start to the end frames es

n

and ee
n, the score is computed as follows:

SQ
n =

1

kS

een∑
i=esn

1
[
i ∈ IEn

kS

]
Sf
i , (6)

where IEn

kS
is a set of indices with the top-kS highest frame-level scores defined

in Eq. (5) within En. This approach prioritizes the most relevant frames over
the average, helping to mitigate noise in the query–caption similarity by using
the most reliable scores. As a result, the span score more reliably reflects each
span’s relevance to the query.

Self-Matching Span Score. However, relying solely on a subset of sampled
frames inherently limits the ability to capture alignment between the query and
the full temporal context of a span. To address this issue, we leverage the previ-
ously computed TSM used in span generation to evaluate contextual consistency
within the span while reducing the influence of the language-style gap. The Self-
Matching Span Score (SMS), denoted as SS , is defined as the mean similarity
between the key frame, which is the frame with the highest frame-level score in
the span, and all other frames within that span. Let κn denote the index of the
key frame in the span En, that is,

κn = argmax
i∈En

Sf
i . (7)

Then, SMS for the n-th candidate span is calculated as

SS
n =

1

|En|
∑
j∈En

Mκn,j , (8)
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where Mi,j denotes the element of the TSM M at the position (i, j). As a result,
candidate spans that are longer yet include inconsistent contexts are suppressed
through reduced span scores. Finally, the total score Sn of the candidate span
is weighted sum of SQ

n and SS
n as follows:

Sn = (1− α)SQ
n + αSS

n , α ∈ [0, 1], (9)

where α is a hyperparameter for the span score weights.

3.3 Query-Aware Gap Reduction via MLLM Re-Ranking

Recent remarkable advances in multimodal large language models (MLLMs) have
demonstrated exceptionally strong cross-modal reasoning ability, making them
effective for re-ranking tasks [5,10,19,30]. Building on this, we further reduce the
language-style gap between queries and MLLM-generated captions by refining
candidate spans through MLLM-based re-ranking.

Concretely, we re-rank the top-kC candidate spans from the initial scoring
stage, ranked according to their span score S. Let S(m) and E(m) denote the m-
th highest span score and its corresponding candidate span, where 1 ≤ m ≤ kC .
Within each selected span, we sample NR representative frames according to
their query–caption similarity score. Further details of the NR frame sampling
process are provided in the Appendix. Then, each representative frame is evalu-
ated by the MLLM using a Yes/No prompt, and the resulting logits are converted
into probabilities via softmax. The resulting Yes probability is used as Sr

i , denot-
ing the frame-level re-ranking score for the i-th frame. By averaging the top-kR
highest values from the set of frame-level re-ranking scores Sr

i , we compute the
span-level re-ranking score SR

(m). Finally, S∗
(m), the final score of E(m), is defined

as a weighted combination of the initial span score S(m) and the MLLM-based
re-ranking signal SR

(m):

S∗
(m) = (1− β)S(m) + β SR

(m), β ∈ [0, 1], (10)

where β is a weighting parameter. This re-ranking process leverages the MLLM’s
cross-modal reasoning to directly verify semantic alignment between the query
and candidate captions, rather than relying solely on similarity scores, enabling
query-aware reasoning and more reliable selection of the most relevant spans.

4 Experiments

4.1 Experimental Setup

Datasets. We evaluate our method on four widely used benchmarks. QVHigh-
lights [15] includes user-generated videos with fine-grained highlight annotations.
Charades-STA [7] contains indoor daily activities paired with temporal sentence
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Method Setting QVHighlights test QVHighlights val
R1@0.5 R1@0.7 mAP@0.5 mAP@avg R1@0.5 R1@0.7 mAP@0.5 mAP@avg

Moment-DETR [15] FS 52.9 33.0 54.8 30.7 54.2 33.4 55.4 31.1
UMT [21] FS 56.4 40.8 53.1 35.4 - - - -
CPL [43] WS 30.8 10.8 22.8 - - - - -
CPI [13] WS 32.3 11.8 23.7 - - - - -
TFVTG‡ [41] ZS 21.6 8.0 20.1 7.9 21.0 7.4 19.2 7.3
Moment-GPT [38] ZS 58.3 37.7 55.1 35.0 58.9 38.6 55.7 35.9
Self-SiMS (Ours) ZS 59.7 42.2 59.2 38.3 61.0 43.2 60.5 39.3

Table 1: Comparison on QVHighlights test and validation sets. FS: Fully Supervised,
WS: Weakly Supervised, ZS: Zero-Shot. ‡: Reproduced with the same LLM and FPS
with ours.

descriptions. ActivityNet-Captions [14] covers diverse human activities with tem-
porally aligned captions. Additionally, we incorporate TVR [16], which features
long-form videos and complex natural language queries, to further validate the
generalizability of our approach across varied video–language domains.

Metrics. Following prior zero-shot video moment retrieval (ZMR) works, we
evaluate our method using standard metrics tailored to each dataset. For QVHigh-
lights, we report Recall@1 at IoU thresholds of 0.5 and 0.7, along with mAP@0.5
and the average mAP across multiple thresholds. These metrics jointly reflect
the retrieval accuracy and the quality of segment ranking. For Charades-STA,
ActivityNet-Captions, and TVR, we adopt R1@0.3/0.5/0.7 and mean IoU (mIoU),
which evaluate both temporal localization precision and the alignment between
predicted and ground-truth segments.

Implementation Details. We set the frame rates of QVHighlights, Charades-
STA, ActivityNet-Captions, and TVR to 0.5, 1, 1, and 1 fps, respectively. Fol-
lowing prior work [38], we use 0.5 fps for QVHighlights, and we set the remaining
datasets to 1 fps for consistency. We employ LLaMA-3.2-11B-Vision-Instruct [8]
for both video frame captioning and the final re-ranking stage. For scoring,
the number of top scores is fixed at 3 for both initial span scoring (kS) and
re-ranking (kR). We re-rank the top-kC candidate spans with kC = 5. In the
re-ranking stage, NR frames are sampled from each span, set to half of the span
length with lower and upper bounds of 10 and 30, respectively. The weighting
parameters for the final span score, α and β, are set to 0.1 and 0.5, respectively.
All experiments are conducted on an NVIDIA RTX A6000 GPU.

4.2 Comparison With the State-of-the-Arts

Tabs. 1,2, and 3 report the performance of various ZMR methods across bench-
mark datasets. In Tab. 1, Self-SiMS outperforms existing ZMR baselines across
all evaluation metrics on the QVHighlights. Note that TFVTG‡ was reproduced
using the same large language model (LLM) employed in our framework, since
TFVTG does not officially provide LLM rephrasing output for QVHighlights.

Tab. 2 presents the performance comparison on Charades-STA and ActivityNet-
Captions. To ensure fairness, we reproduced TFVTG† at 1 fps, as the original



Mitigating Modality and Language-Style Gaps for ZMR 11

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

VTimeLLM [9] FS 55.3 34.3 14.7 34.6 44.8 29.5 14.2 31.4
Moment-DETR [15] FS 62.1 48.2 25.3 42.3 52.6 32.5 15.3 37.8
CNM [42] WS 50.0 36.2 14.2 34.2 51.3 30.3 11.4 33.9
CPL [43] WS 56.0 38.1 20.3 37.8 52.4 30.9 12.0 32.6
TFVTG† [41] ZS 64.7 29.8 9.8 38.2 49.9 26.8 12.6 34.2
TFVTG‡ [41] ZS 64.8 30.0 10.1 38.4 49.5 26.5 12.3 34.0
Moment-GPT [38] ZS 58.2 38.4 21.6 36.5 48.1 31.1 14.9 30.8
Self-SiMS (Ours) ZS 62.7 39.7 21.0 41.9 49.9 28.2 13.8 34.7

Table 2: Comparative evaluation on Charades-STA and ActivityNet-Captions. ZS:
Zero-Shot. †: Reproduced results with the same FPS with ours. ‡: Reproduced with
the same LLM and FPS with ours.

Method TVR
s f R1@0.3 R1@0.5 R1@0.7 mIoU
40 1.0 13.1 6.0 3.0 15.1

TFVTG‡ [41] 50 0.5 14.4 6.9 2.7 15.4
20 0.5 21.7 9.6 4.0 18.6

Ours - - 26.6 13.5 6.1 20.2

Table 3: Comparison on TVR validation dataset. For the baseline methods, s
(stride) and f (max stride factor) are dataset-specific hyperparameters as reported
in TFVTG [41].

results were reported at 3 fps. TFVTG achieves relatively high R@0.3 and mIoU
but exhibits clear drops at higher IoU thresholds (R1@0.5 and R1@0.7), as its
query–visual similarity often results in overly long spans. Conversely, Moment-
GPT performs better at higher thresholds but worse at R@0.3 and mIoU, in-
dicating that its query–caption similarity produces precise yet unstable short
matches. In contrast, our Self-SiMS overcomes these issues by producing more
consistent spans aligned with the ground-truth, achieving the highest mIoU and
more reliable temporal localization while maintaining competitive recall.

Tab. 3 summarizes the evaluation on the TVR dataset. As the official imple-
mentation of Moment-GPT is unavailable, we omit its results for fairness. For
TFVTG, we report multiple configurations using the hyperparameters s (stride)
and f (max stride factor) as specified in the original paper, ensuring a fair
comparison. Our Self-SiMS consistently surpasses the baseline across all param-
eter settings, marking a substantial improvement. Moreover, while the baseline
requires dataset-specific hyperparameter tuning, Self-SiMS delivers strong per-
formance with a single configuration, highlighting its robustness.

4.3 Ablation Studies

Length of Candidate Spans Analysis.
Fig. 4 illustrates the candidate span length distributions on Charades-STA

(left) and ActivityNet-Captions (right). The ground-truth (GT) distribution is
indicated by the red dashed line. This analysis helps explain the performance
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Fig. 4: Histogram of all span lengths on Charades-STA (left) and ActivityNet-Captions
(right).

Method Oracle-mIoU (%) Avg. # Span Cand.
TFVTG 38.16 8.38
Moment-GPT 65.01 7.62
Self-SiMS (Ours) 71.13 6.46

Table 4: Comparison of Oracle mIoU
on the QVHighlights validation set.
Avg. # Span Cand. denotes the aver-
age number of span candidates across
on dataset.

5.00.0 1.0 2.0 3.0 4.0 0.0 1.0 2.0 3.01.5 1.5 2.5

Query-Frame sim. Query-Caption sim. Self-sim. (Ours) IOR = 1

Inner > Outer

Fig. 5: Inner-to-Outer Ratio (IOR) distri-
butions on Charades (left) and ActivityNet-
Captions (right).

differences observed on these two datasets, particularly the recall tendencies in
Tab. 2. TFVTG, affected by the modality gap, produces uniform similarity scores
with weak temporal distinction. Consequently, it often produces excessively long
spans, achieving relatively high R@0.3 but exhibiting clear degradation under
stricter IoU thresholds. Conversely, Moment-GPT suffers from a language-style
gap, leading to noisy and unstable similarity score distribution. These sharp,
unstable peaks often yield overly short spans that perform better under tight
criteria such as R@0.7 yet fail to capture full GT intervals. In contrast, our Self-
SiMS generates balanced spans that align more closely with the GT distribution
by leveraging self-similarity free from such modality and style gaps, resulting in
higher mIoU and more consistent temporal localization performance.

Effectiveness of Span Generator. To validate the effectiveness of our span
generator, we evaluate Oracle mIoU on the QVHighlights, comparing against
TFVTG [41] and Moment-GPT [38]. Oracle mIoU is defined as the mean IoU
obtained by selecting the candidate span with the maximum overlap with the
ground truth, reflecting the quality of the span candidates. As shown in Tab. 4,
our method achieves an Oracle mIoU of 71.13, outperforming both baselines.
Moreover, although this performance generally increases with a larger number
of candidate spans, our method achieves the best results despite requiring the
lowest average number of candidates (6.46). This improvement demonstrates
that our method generates more reliable spans by capturing the intrinsic struc-
ture of the video while avoiding modality and language-style gaps.

Inner-to-Outer Ratio Distribution. Fig. 5 reports IOR distributions on
Charades-STA and ActivityNet-Captions, where higher IOR values indicate stronger
separation between the ground-truth span and surrounding background. Self-
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Method R1@0.5 R1@0.7 mAP@0.5 mAP@avg
Mean scoring 55.7 40.9 56.7 37.1
QMS 59.5 42.1 59.4 38.6
+ SMS 60.3 42.9 59.6 38.7

+ Re-ranking 61.0 43.2 60.5 39.3

Table 5: Scoring component analysis
of our scoring methods. QMS denotes
the Query-Matching Score, and SMS
denotes the Self-Matching Span Score.

Model Component MLLM / LLM #Params Runtime
TFVTG Rephrasing GPT4-Turbo [1] ≥ 100B (est.) –

Moment-GPT
Rephrasing LLaMA3 [8] 8B 6.3s
Captioning MiniGPT-v2 [4] 7B 249.4s
Reranking V-ChatGPT [25] 7B 7.4s

Ours Captioning LLaMA3.2-V [8] 11B 140.7s
Reranking LLaMA3.2-V [8] 11B 13.0s
Captioning MiniGPT-v2 [4] 7B 249.4s
Reranking MiniGPT-v2 [4] 7B 9.7s

Table 6: Comparison of MLLM/LLM usage,
model scale, and per-video runtime across
TFVTG, Moment-GPT, and our method.

SiMS shows higher and more stable IOR values, demonstrating that its self-
similarity-based boundary scores capture temporal segments more reliably and
lead to robust localization.

Scoring Component Analysis. We conduct an ablation study on the QVHigh-
lights validation set to analyze the contribution of each component in our pro-
posed scoring and re-ranking pipeline, with the results presented in Tab. 5. The
baseline adopts naive mean scoring, which averages all frame-level scores within
a span, as in prior methods. Replacing mean scoring with the Query-Matching
Span Score (QMS) yields improvements across all metrics, supporting our hy-
pothesis that employing the most relevant signals is more effective than relying
on the average of noisy query-caption scores. Adding the Self-Matching Span
Score (SMS) on QMS further increases performance, particularly for recall-based
metrics such as R1@0.5 and R1@0.7, indicating that incorporating the entire
span context through self-similarity enables more precise localization of ground-
truth moments. Finally, incorporating MLLM re-ranking on top of QMS with
SMS yields additional gains across all metrics by leveraging the MLLM’s ability
to understand cross-modal information. This demonstrates that each component
of the pipeline contributes effectively to the overall performance.

Complexity comparison. We compare the per-video runtime of TFVTG [41],
Moment-GPT [38], and our method using 100 randomly sampled videos from
Charades-STA [7]. Since non-MLLM/LLM components, such as our scoring
stage, are lightweight (0.194s per video), we focus on MLLM/LLM-dependent
stages and use a frame batch size of 1 for both captioning and reranking.
Tab. 6 summarizes the model configurations and runtimes. TFVTG uses GPT-4
Turbo [1] for query rephrasing. Its runtime cannot be directly measured because
it is accessed through a commercial API, and its model size is estimated to ex-
ceed 100B parameters. Moment-GPT employs three separate models for query
rephrasing, captioning, and reranking, resulting in a total footprint of 22B pa-
rameters. In contrast, our default setting uses a single LLaMA-3.2-Vision [8]
model family for both captioning and reranking, reducing the model footprint
to 11B parameters. Furthermore, reranking is computationally efficient because
it evaluates only a small number of sampled representative frames. To ensure
a fair comparison under the same MLLM, we additionally replace LLaMA-3.2-
Vision with MiniGPT-v2, which is also adopted by Moment-GPT. Under this
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Fig. 6: Qualitative results on QVHighlights (left) and Charades-STA (right).

setting, the captioning cost is identical to that of Moment-GPT, while the rerank-
ing stage is slightly faster than when using LLaMA-3.2-Vision. Detailed perfor-
mance results obtained with MiniGPT-v2 are provided in the supplementary
MLLM ablation study. Notably, our method achieves comparable or superior
performance while using the same MLLM backbone.

4.4 Qualitative results

We provide a qualitative comparison in Fig. 6, illustrating span localization
results, TFVTG [41], Moment-GPT [38], and our method, along with the corre-
sponding span candidate score distributions. TFVTG, which relies on query–visual
frame similarity, generates overly long and inaccurate spans due to the modal-
ity gap that hinders fine-grained semantic alignment. Moment-GPT, which in-
stead depends on query–caption similarity, suffers from a language-style gap
that produces inconsistent similarity maps and hampers accurate localization.
In contrast, Self-SiMS leverages boundary scores derived from the self-similarity,
enabling robust localization of the correct spans.

5 Conclusion

In this paper, we first define the modality and language-style gaps in zero-shot
video moment retrieval (ZMR), and quantify their impact using the Inner-to-
Outer Ratio (IOR), which measures how well a similarity score separates the
ground-truth span from the surrounding background. To mitigate these gaps, we
propose Self-Similarity-based Moment Proposal and Scoring (Self-SiMS), which
leverages intra-video self-similarity for both span generation and scoring. Ex-
periments and ablations show that Self-SiMS mitigates errors from unreliable
query-dependent similarity and achieves robust performance, demonstrating self-
similarity as an effective cue for training-free ZMR.
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