CaptAin: Caption-driven Alignment for Bridging Modality Gaps in Partially
Relevant Video Retrieval

Supplementary Material

We have organized the supplementary materials into the
following sections. In Section I, we provide more imple-
mentation details, as well as evaluation datasets, and the
experimental environment. In Section 2, we further present
the results of hyperparameter experiments and include ad-
ditional visualization results.

1. More Implementation Details

1.1. Details of Prompts in GL-ACG

Fig. 1 depicts the three prompts employed in GL-ACG.

(1) Video Summary Generation Prompt. Uniformly
sampling 72 frames from the video, this prompt synthesizes
the full content to produce more detailed, comprehensive
global captions than segment captions. When generating
captions, 5 random training set queries are used as refer-
ences to avoid style-inconsistent outputs, inconsistent data
distribution, and heightened modality alignment challenges.

(2) Video Segment Description Prompt. For atomic
event description, this prompt processes U = 5 equal tem-
poral segments of the video, each uniformly sampled to ex-
tract 12 frames. It also incorporates in-context learning (as
with Video Summary Generation Prompt) to mimic the na-
tive dataset’s query style.

(3) Redundancy-Aware Merging Prompt. Since split-
ting videos into 5 equal segments may cause event over-
lap between adjacent segments (see Tab. 6 in the main pa-
per), which impairs the construction of positive and neg-
ative samples in L;; and accuracy of TTME, this prompt
feeds the 5 initial local captions into the captioner to merge
overlapping content between adjacent ones. It ensures each
final local caption describes a relatively independent atomic
event (enhancing subsequent utility) while requiring the re-
tention of at least two captions to avoid conflation into a
global summary.

1.2. Details of Video-Text Matching

Since the Video-Text (V-T) Matching differs from the base-
lines, we take the V-T Matching process of MS-SL [2] as an

example. The V-T Matching score F,; is:
For(V,T) = o Fo(V,T) + (1 —0) Fu(V,T), (1)
Fo(V,T) = max{cos(s;, T)} £, (2)
Fo(V,T) = cos(a, T), 3)

where F; and F, denote segment-query and frame-query
matching score, respectively. {s;}X, denote K segment
video features. Here, K is set to 32. T is a text query fea-
ture. a is an aggregated frame feature. o is set to 0.5 in MS-
SL.

1.3. Details of £,

Since our CaptAin is plug-and-play and applicable to vari-
ous approaches, L, is actually inconsistent across different
baselines. Here, as in the main paper, we use MS-SL [2] as
an example to introduce L,,. Following MS-SL, we jointly
use the triplet ranking loss [1, 3] and InfoNCE loss [6, 7].
The triplet ranking loss is defined as:
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where m denotes the margin constant, we set it to 0.2 fol-
lowing [2]. Here, F4 (-, -) represents applying either F or
Fa. The losses £ and £!® denote the use of F, and F,
as the matching score, respectively. Besides, {V;,T;} rep-
resents a positive video-text pair, while V;~ and T, denote
negative video and text samples corresponding to V; and
T;, respectively. Negative samples are initially selected ran-
domly within each batch and become the hardest negative
samples after 20 epochs. B is the batch size.
The InfoNCE loss in MS-SL is defined as:
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where 7 is a learnable temperature coefficient. The losses
L5 and £7¢ denote the use of F, and F, as the matching
score, respectively.
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Video Summary Generation Prompt

Your task is to generate a concise paragraph
describing the main content of the entire video,
based on the sampled frames. Use simple words
and short sentences, following the style and
length of the provided examples. Focus on the
main actions, subjects, or events, and avoid
complex vocabulary or unnecessary details. The
description will be used in video retrieval.

Here are reference examples:
{examples}

Please ensure that the pronouns used in the
description are correct.

Now, summarize the provided video frames in
one paragraph. Output only the paragraph.

Video Segment Description Prompt

Your task is to generate a concise caption that
describes the key content of these continuous
video frames as a whole. Avoid overly detailed
descriptions and focus on the core actions,
subjects, and events. Each caption should be a
short, straightforward sentence, similar to how
users would search for a video.

Here are examples of user search queries for
video segments, which reflect the desired style
and length of your output:

{examples}

Based on these examples, generate a caption for
the provided video frames that adheres to the
same simple, direct language and length. Do not
include additional explanatory details or
elaborate on the background elements.

Redundancy-Aware Merging Prompt

Given a list of video caption segments (each with
start_time, end_time, and caption) which is in
chronological order, merge only adjacent
segments whose captions are semantically
overlapping or describe the same event. Do not
merge segments that are just temporally adjacent
but describe different content.

After merging, ensure the total number of
captions is at least 2. For each merged segment,
combine all information from the original
captions (must avoiding information loss!), avoid
redundancy, and write fluent, simple English.

Input segments (JSON array):
{segments}

Only return the merged captions in JSON format.

Figure 1. Prompts in GL-ACG: The Video Summary Generation Prompt is used to generate a global caption for each video; the Video
Segment Description Prompt is used to generate 5 local captions for each video; and the Redundancy-Aware Merging Prompt is used to
merge these 5 local captions based on the overlap between adjacent ones.

The overall Ly, of MS-SL is:
Lgg =LY + L 4w L1 + wo L1, (6)
where w; and wo are set to 0.02 and 0.04, respectively.

1.4. More Details of Datasets.

We evaluate our CaptAin on three PRVR datasets:
Charades-STA [4], ActivityNet-Caption [5] and YouCook2-
PRVR. The details of these datasets are as follows:
Charades-STA consists of 6,670 untrimmed videos paired
with 16,128 sentence descriptions. On average, each video
contains about 2.4 temporal moments, and each sentence
corresponds to a specific segment within the video. The av-
erage video duration is around 30 seconds, while each an-
notated moment typically covers only a small portion of the
entire video, which aligns well with the partially relevant
retrieval setting. Following the split protocol adopted by all
previous PRVR methods, we use 5,538 videos with 12,408
captions for training, and 1,334 videos with 3,720 captions
for testing.

ActivityNet-Captions contains approximately 20K
untrimmed YouTube videos with a total duration exceeding
849 hours and an average video length of 118 seconds.
Each video is associated with 3—4 natural language descrip-
tions, each describing a semantically meaningful temporal
segment. On average, each moment lasts about 36 seconds,
covering roughly 30% of the video duration, which makes
the dataset suitable for partially relevant video retrieval.
Following the data splits used in all prior PRVR works,
we use 9,043 videos with 33,721 captions for training and
4,430 videos with 15,753 captions for testing.

Table A. Effect of In-context Learning (ICL) in prompts.

Charades-STA

GL-ACG ‘ R@l R@5 R@I0 R@I00 SumR
wlo ICL 2.8 9.7 16.1 57.1 85.7
w/ICL 34 113 177 58.7 91.1

YouCook2-PRVR is built from the YouCook?2 [8] dataset,
with an important difference in dataset utilization com-
pared to traditional Text-to-Video Retrieval (T2VR) tasks.
Previous T2VR tasks pair each text query with specific
trimmed video segment timestamps for retrieval, whereas
YouCook2-PRVR removes all timestamp annotations and
requires models to retrieve the entire untrimmed video for
each query, leading to a more challenging and realistic re-
trieval scenario. The dataset contains 2,000 instructional
cooking videos across 89 recipes and 15,433 sentence de-
scriptions. The videos are relatively long, with an average
duration of 315.4 seconds, while the relevant content typ-
ically occupies only 6.3% of the video, further increasing
the task difficulty. The original YouCook2 dataset is di-
vided into training, validation, and testing subsets, contain-
ing 10,337, 3,492, and 1,604 sentence descriptions, respec-
tively. In our experiments, only the training and validation
subsets are used for model training and evaluation, as the
testing set does not release corresponding sentence descrip-
tions for retrieval evaluation.



Query: 'the person sits on a chair next to a sink. ' | Query: 'a person runs into the bedroom'

'A person is in a bathroom, [| 'A person stands by a sink washing shoes, then
walks towards a chair in a small room,
eventually standing and facing a wall.'

'A person in a blue vest || ‘A person falls onto a bed and rolls around
walks quickly through || playfully, then lies on the bed, gets up, and walks
a dimly lit hallway.’

Local
caption

Local

caption initially sitting and

holding shoes."

towards a door.

'A person sits on a chair in a small room with tiled walls and a sink. They
stand up, pick up a pair of shoes, and walk towards a shelf holding various
items.'

Global
caption

Global 'A person runs into a room, jumps onto a bed, and then gets up to walk
caption| towards a door and closes it.'

() (®)

Figure 2. Visualizations show that query information is fragmented across local captions, reducing their matching scores. Global captions
aggregate this information, addressing the issue and improving retrieval performance. (a): Rank improves from 12 (w/o global caption) to
1 (w/ global caption). (b): Rank improves from 18 to 1.

| Query: 'person sit on a bed. ' | | Query: 'person sits in a chair' |

'A person sits in a chair,
flipping through
documents'

'A person enters a
room and picks up a
pillow from the bed. '

Local ['A person adjusts
caption | something near a door. '

Local |'A person adjusts clothing || 'A person puts a

'person sits on the bed' . .
P ! caption | next to a table.' bag on the chair.'

'A person enters a room and sits down on a red chair. They open a bag and
take out some items, placing them on a purple table. The person then picks
up a book from the table and begins reading.'

(a) (b)

Global | 'A person enters a room through a doorway, closes the door behind them, Global
caption | and then sits down on a bed with a green sheet and colorful pillows. ' caption

Figure 3. Visualizations show that global captions are often overly long and disperse query-relevant details across multiple sentences,
reducing information density after global embedding compression and lowering matching scores. In contrast, local captions concisely
capture the query content, addressing this issue and improving retrieval. (a): Rank improves from 13 (w/o local captions) to 1 (w/ local

captions). (b): Rank improves from 12 to 1.

Table B. Effect of 1 in TTME on Charades-STA.

Iz R@l1 R@5 R@10 R@100 SumR
0.0 32 10.3 16.5 572 87.2
0.1 33 10.6 17.0 58.0 88.9
0.2 32 11.1 17.2 58.4 90.0
0.3 34 11.3 17.7 58.7 91.1
0.4 33 11.3 17.8 58.7 91.1
0.5 33 11.0 17.9 58.3 90.5
0.6 3.1 10.6 17.7 58.3 89.7
0.7 2.8 10.4 17.4 58.0 88.6
0.8 2.9 10.1 16.9 57.8 87.7
0.9 2.7 10.0 16.2 572 86.1
1.0 2.4 9.5 15.4 56.0 83.3

2. Additional Experiments and Visualizations

Similar to the ablation studies, we perform additional ex-
periments on the Charades-STA dataset.

Effect of in-context learning in prompts of GL-ACG.
As shown in Tab. A, without in-context learning, gener-
ated captions fail to match the style of the original dataset’s
query sentences. This mismatch hinders the model’s ability

to accurately grasp and follow the intended language pat-
terns during training, increasing learning difficulty as the
model must additionally adapt to semantic biases caused by
style differences. This led to a SumR drop from 91.1 to 85.7
on Charades-STA.

Effect of 1 in TTME. As shown in Tab. B, we conducted
hyperparameter experiments on the weight coefficient y in
the Text-Text Matching Score. The best performance was
achieved when p = 0.3, with SumR reaching 91.1. In con-
trast, when ¢ = 0.0 and ¢ = 1.0, the SumR values were
87.2 (-4.28%) and 83.3 (-8.56%), respectively, highlighting
the complementary roles of local and global captions. To
further demonstrate the necessity of both captions, we pro-
vide visual examples (see Fig. 2 and Fig. 3).

As shown in Fig. 2(a), for the query “the person sits on a
chair next to a sink,” local captions only partially match the
query (e.g.,sitting” or “sink & chair”’), whereas the global
caption captures the full context, improving the rank from
12 to 1. In (b), for the query “person runs into the bedroom,”
local captions offer partial matches (e.g., “walks quickly
through” or “bed”), while the global caption boosts the rank
from 18 to 1. However, global captions are not always supe-
rior to local captions. In Fig. 3(a), for the query “person sits



Query: 'a person opens the bathroom door using the doorknob'

'A person walks through a hallway | 'A woman stands in a doorway, holding the door open with

Locf’] towards a door and then kneels and | one hand while struggling to open it, eventually retrieving a
Caption L ' N L ooe
leans against it in a room. blue bottle from inside.
llllllllllllllllllllllllllllllllllllllll‘llllllllllllllllll
V-T Score
R1 Video
Global 'A person is seen kneeling and pushing aga door trying to open it. They then stand up and
Caption continue pushing appearing to struggle with the door."
Local 'A person enters a dimly lit room, walks | 'A person walks into a room, picks up a purple object

Caption into a bathroom and approaches a door. from a table and stands by a counter, looking on it.'
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Global 'A person wearing gloves opens a door and enters a bathroom. They walk towards a counter, pick
Caption up a purple object and then turn around to exit the room."
(a)

Query: ‘The person opens the door to the bathroom'

Local
Caption

'A person washes their hands at a sink." 'Person exits the bathroom.'

V-T Score
R1 Video

Global 'A person stands at a bathroom sink and washing their hands with soap and water. They use a green
C 0‘,3 sponge to scrub thoroughly before rinsing their hands under running water. After drying their hands,
aption they turn off the faucet and walk out of the bathroom.'
Local 'A person walks through a hallway towards a bathroom and 'A person places items inside a
Caption enters a shower. cabinet and reaches for items in it.'
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AL

Video

Global

Caption 'A man walks through a bathroom, opens a door and looks inside."

(b)

Figure 4. Visualizations demonstrate the role of TTME. Without TTME, V-T matching fails to align with the queries, leading to low
retrieval ranks—27 in (a) and 24 in (b). With TTME, the combined information resolves these mismatches, improving all ranks to 1.

Table C. Effect of n in F on Charades-STA.

n R@1 R@5 R@10 R@100 SumR

0.0 25 8.6 14.2 52.1 713
0.1 2.7 9.7 15.6 54.3 82.3
0.2 2.8 10.2 16.6 55.8 854
0.3 3.0 10.1 17.0 57.0 87.2
0.4 3.1 10.5 17.5 574 88.6
0.5 33 10.9 17.5 582 89.8
0.6 33 10.9 17.8 58.5 90.5
0.7 34 11.3 17.7 58.7 91.1
0.8 34 11.6 17.4 58.5 91.0
0.9 33 11.5 17.5 583 90.7
1.0 33 11.4 17.1 584 90.2

on a bed”, the global caption is lengthy and yields sparse
information after compression, resulting in lower perfor-
mance. In contrast, the concise local caption (“person sits
on the bed”) fully aligns with the query, improving the rank
from 13 to 1. In (b), for the query “person sits in a chair”,
the overlong global caption dilutes key information during
compression, while the local caption (“A person sits in a
chair”’) matches precisely, boosting the rank from 12 to 1.

Effect of 1 in TTME. As shown in Tab. C, moderately in-
corporating Text-Text (T-T) matching scores significantly
boosts performance. The best result is at = 0.7, with
SumR reaching 91.1—17.8% higher than without T-T ( =
0.0, SumR=77.3), demonstrating TTME’s effectiveness. Vi-
sual examples in Fig. 4 illustrate this: limited cross-modal
alignment causes poor Video-Text (V-T) matching, while

Table D. Effect of loss weight A; in L.

M | R@l  R@5 R@I0 R@100  SumR

0.30 2.0 7.8 133 51.6 74.7
0.35 23 7.8 13.8 514 75.3
0.40 2.4 8.1 13.7 51.2 75.3
0.45 2.5 8.6 14.2 52.1 71.3
0.50 24 8.8 14.2 51.9 772

Table E. Effect of loss weight A2 in L.

A2 ‘ R@1 R@5 R@10 R@100 SumR

0.6 23 7.6 13.8 523 759
0.7 22 8.0 14.0 51.5 75.7
0.8 2.1 8.6 14.1 51.0 75.8
0.9 2.5 8.6 14.2 52.1 71.3
1.0 2.4 8.1 14.2 514 76.0

captions describe videos better. In (a), V-T alone ranks
the correct video 27th; adding T-T scores lowers irrelevant
videos’ ranks (their captions lack “bathroom”) and raises
the correct one to Rank 1. In (b), V-T mismatches “opens
the door to the bathroom” with an “walk out of the bath-
room” video, but T-T corrects this, moving the true match
from Rank 24 to 1.

Effect of \; and )5 in £. As shown in Tables D and E,
SumR peaked at \; = 0.45 before slightly declining. For
A2, SumR increased steadily, reaching its highest value at
0.9 before a minor drop. The optimal performance was
achieved at Ay = 0.45 and Ay = 0.9.



Table F. Effect of WWin Ly on Charades-STA.

w ‘ R@l1 R@5 R@10 R@100 SumR
2 22 8.0 13.8 51.8 75.7
5 2.5 8.6 14.2 52.1 71.3
8 2.4 8.5 14.4 51.9 77.2

Effect of VW in L. As shown in Tab. F, when the maxi-
mum window length W = 2, the number of constructible
negative samples is much lower than at W = 5. Increas-
ing to WW = 8 yields no further improvement. Additionally,
larger window sizes strengthen the correlation between pos-
itive and negative samples, leading to lower-quality nega-
tives. Therefore, W = 5 is selected as optimal.

Effect of o and 3 in HCA. Since positive and negative
samples in the intra-contrastive loss share inherent homol-
ogy (i.e., they are not entirely unrelated), we adopt small
margins in the triplet loss: @ = 0.2 and § = 0.1, to avoid
overly harsh supervision. We find that the intra-contrastive
loss does not excessively separate these samples—an ex-
pected outcome, as their intrinsic similarity calls for mod-
erate, not extreme, separation. Consequently, the gap be-
tween positive and negative samples already falls within the
range defined by « and $3, and increasing these values fur-
ther yields no additional effect.
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