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A. Experimental Details

To ensure a fair comparison across all models and datasets,
we conduct all experiments in a consistent computa-
tional environment and with standardized training proto-
cols. Specifically, we use 8 NVIDIA A100 GPUs for model
finetuning and 1 GPU for evaluation. The procedure follows
the implementation details and setup described in UMT [4].

Model finetuning. We follow the training setup of
UMT [4], with modifications only to the batch size and
training dataset. For both video-caption and clip-caption
finetuning, we use a batch size of 128 across all datasets. In
the video-caption setting, each video is paired with multi-
ple captions that reflect different aspects of the content, in-
cluding the original, salient, and surrounding descriptions.
For clip-caption finetuning, each segmented clip is similarly
matched with a set of semantically diverse captions. This
one-to-many pairing strategy enables the model to learn
fine-grained spatial and temporal alignments across various
caption types.

B. Dataset Details

B.1. Caption Generation

To generate high-quality captions, we first design a prompt
instructing GPT-4o to describe both salient and surrounding
contexts within a video clip, with five complete sentences
for each type. This prompt, shown in Fig. S1, enables
the model to extract not only prominent foreground objects
and actions but also subtle background details such as color,
weather, and viewpoint. While GPT-4o can process multi-
ple images with a text prompt, we utilize this capability to
handle a sequence of frames as a coherent video. This al-
lows the model to perceive spatio-temporal continuity and
produce richer, context-aware captions.

*Corresponding author.

Text Prompt for Caption Generation.

System Prompt
You are extracting visual information from a video.

User Prompt
Please describe both the salient and surrounding
information in the video in five complete sentences
each.
salient information is what people will pay the most
attention to in the video, such as objects and their
actions located at the center.
Surrounding information is something people
would easily miss, such as detailed color, material,
count, and location of the object or text, back-
ground, weather, or viewpoint.
All the information must not be imagined or
guessed; only information that can be clearly seen
and judged when watching the video must be
described. The output format must be as follows:
{“salient”: [“sentence1”, ..., “sentence5”], “sur-
round”: [“sentence1”, ..., “sentence5”]}
These are the frames from the video. [images
tokens]

Figure S1. Example prompt used to instruct GPT-4o.

B.2. Quality Analysis of Generated Captions
Although GPT-4o shows strong robustness to explicit biases
in vision inputs, it still has certain limitations. Prior work
reports occasional implicit biases [7] and emotion-related
biases [3]. To assess potential biases in GPT-4o, we sample
50 videos and analyze 950 captions. Under strict evaluation
criteria, 20 captions are found to contain subtle or ambigu-
ous biases across categories such as object presence, action,
direction, display effects, and gender.

Common issues include misinterpreting visual effects
(e.g., water ripples) as real motion or extracting unclear spa-
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tial details in low-visibility scenes. To address these cases,
we regenerate the biased captions with GPT-4o for better
alignment.

B.3. Dataset Statistics
We further analyze the semantic relationships between
all caption types by computing pairwise distances using
Sentence-BERT embeddings. As shown in Table S2, orig-
inal captions are semantically close to salient captions yet
exhibit lower diversity, as reflected in their smaller pairwise
distances. In contrast, their substantially larger distances to
surrounding captions indicate that they primarily describe
overarching salient elements rather than the surrounding
context. Consequently, they tend to overlook contextual de-
tails that are essential for fine-grained video understanding.

Moreover, the distances between salient and surrounding
captions are substantial, even though they are temporally
aligned. This demonstrates that our dataset distinguishes
between salient elements and rich surrounding details, of-
fering diverse and complementary information. These find-
ings validate the richness of our annotations and highlight
the suitability of our dataset for evaluating models across
different levels of semantic granularity.

C. Additional Experiments
In this section, we provide additional analysis on the rela-
tionship between model performance and video properties,
using the correlation matrix introduced in Sec. C.1. We also
report extended evaluation results for UMT [4] and Intern-
Video2 [8] on our datasets in terms of Recall@1, 5, and
10, as detailed in Sec. C.2. Furthermore, Sec. C.3 presents
baseline results for LSMDC-SS and DiDeMo-SS that were
omitted from the main paper. Finally, Sec. C.4 provides
qualitative comparisons between the pretrained model and
our proposed baseline.

C.1. Video Properties and Performance
We analyze the correlation between model performance and
video properties, in Figs. S2 and S3. We use the following
key properties of the video: the number of clips in the video,
duration per clip, number of frames in the video, frames per
second, duration of the video, and file size. In MSRVTT-
SS, as shown in Fig. S2, we observe that two video prop-
erties have a strong correlation with retrieval performance.
This trend is consistent in LSMDC-SS and DiDeMo-SS, as
shown in Fig. S3, where we again observe that two factors
are particularly influential: the number of clips and the av-
erage clip duration. Based on these findings, we visualize
their effects in Fig. 3 of the main paper.

Video-level Analysis. The overall results show that there
is a negative correlation between the number of clips per

Table S1. Zero-shot text-to-video retrieval results of GRAM
and CLIP4Clip on MSRVTT-SS. The results show a consistent
performance drop from original to salient and, more noticeably,
to surround queries. This highlights the challenge of retrieving
videos based on fine-grained surrounding details.

Model Query R@1 R@5 R@10

GRAM
Original 53.50 75.00 83.40
Salient 49.60 67.20 72.70
Surround 16.30 27.40 30.80

CLIP4Clip
Original 30.90 54.20 63.30
Salient 20.20 38.20 47.50
Surround 8.90 20.40 27.90

video and model performance, i.e., as the number of clips
increases, performance decreases. These findings suggest
that high temporal complexity reflected in a large number
of clips reduces performance. In contrast, longer clip dura-
tions are positively correlated with performance, likely be-
cause short clips provide insufficient context for the model
to understand. This is because the model struggles to cap-
ture the context in shorter clips.

Clip-level Analysis. To further examine the impact of
temporal complexity, we also analyze a correlation matrix
based on the clip database, as shown in Fig. S2. Com-
pared to the video-based analysis, the correlation between
the number of clips and clip duration is much weaker in
the clip-based analysis. This suggests that using clip-level
representations helps reduce the negative effects of scene
transitions on performance.

C.2. Additional Evaluation Results

We evaluate UMT [4] and InternVideo2 [8], regarding the
salient and surrounding contexts in Sec. 4.1 of the main
paper. The full version of Tables 6 and 7 of the main pa-
per can be found in Table S3 and S4, respectively. These
extended results are consistent with those presented in the
main paper.

In addition, we report results of GRAM [2] and
CLIP4Clip [5], two representative video retrieval mod-
els. GRAM is a recent model that achieves SOTA specif-
ically on MSRVTT in the zero-shot setting, while In-
ternVideo2 remains the leading model on LSMDC and
DiDeMo. CLIP4Clip serves as a widely used standard
baseline in video-text retrieval. As shown in Table S1,
GRAM and CLIP4Clip exhibit the same trend observed in
other models. This consistent pattern across UMT, Intern-
Video2, GRAM, and CLIP4Clip highlights that retrieving
videos based on fine-grained surrounding context remains
a significant challenge. It further supports the need for our
dataset and evaluation setup to advance spatio-temporal un-
derstanding in video retrieval.



C.3. Additional Results of Baselines
Finetuning with video-caption pairs. The simplest base-
line is finetuning the model with video-caption pairs that
include both salient and surrounding captions. The result
of MSRVTT-SS is in Table 8 of the main paper, and other
datasets are in Table S5.

Finetuning with clip-caption pairs. We finetune the
model using clip-caption pairs and evaluate its performance
on the clip database. The results for MSRVTT-SS are in Ta-
ble 9 of the main paper, while results for other datasets can
be found in Table S6.

Most of the finetuned models exhibit improved perfor-
mance after the finetuning process. However, when com-
pared to the models finetuned with video-caption pairs, per-
formance on the original query is lower for MSRVTT-SS
and LSMDC-SS. This may be because DiDeMo [1] has
multiple clip-wise captions per video, while MSRVTT [9]
and LSMDC [6] datasets include only one query per video.
As a result, finetuning with video pairs may be more ef-
fective for the original query. Overall, the results suggest
that finetuning with clip-caption pairs helps the model deals
with both temporal complexities and spatial details.

C.4. Qualitative Results
We compare the retrieval results of the existing zero-shot
model with those of our baseline finetuned on video-caption
pairs, as shown in Fig. S4. The results show that while the
zero-shot model struggles to retrieve videos based on sur-
rounding context, our baseline successfully identifies the
correct video for such queries. For instance, although the
zero-shot model fails to capture temporal details, our base-
line correctly detects the red cushion, which appears only
briefly in the video as a surrounding object. In addition, for
salient object queries, our baseline retrieves highly relevant
dog-related videos consistently within the top 2 to top 4 re-
sults, unlike the zero-shot model. These results demonstrate
a clear improvement in spatio-temporal understanding by
our baseline.
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Table S2. Semantic distance between caption types. We report semantic distances between different caption types (original, salient,
surround) using Sentence-BERT embeddings. The results reveal that original captions are semantically closer to salient captions but distant
from surround captions, indicating that original captions lack diverse surrounding details. Additionally, despite temporal alignment, salient
and surround captions exhibit clear semantic separation, suggesting that our dataset captures complementary spatio-temporal information
with fine-grained detail.

Diversity Query
MSRVTT LSMDC DiDeMo

Original Salient Surround Original Salient Surround Original Salient Surround

Train
Original 0.720 0.937 1.062 - 1.218 1.300 0.632 0.977 1.105
Salient 0.916 0.755 0.952 0.966 0.738 0.983 0.961 0.672 0.980
Surround 1.012 0.929 0.789 1.051 0.967 0.783 1.048 0.933 0.745

Validation
Original 0.726 0.932 1.058 - 1.217 1.304 0.641 0.981 1.097
Salient 0.920 0.748 0.959 0.964 0.742 0.974 0.958 0.686 0.976
Surround 1.024 0.937 0.783 1.060 0.965 0.756 1.039 0.936 0.748

Test
Original - 1.190 1.290 - 1.224 1.300 0.638 0.971 1.103
Salient 0.920 0.754 0.955 0.966 0.750 0.982 0.958 0.671 0.990
Surround 1.022 0.933 0.786 1.048 0.972 0.766 1.045 0.939 0.749

Original Salient Surround

Video
Database

Clip
Database

Figure S2. Correlation matrix of MSRVTT-SS. This is a correlation analysis using the pretrained UMT-L model on video and clip
databases. The number of clips shows a negative correlation with Recall, while the duration per clip shows a positive correlation. These
correlations are reduced when using the clip database, suggesting that clip-level retrieval mitigates the negative impact of scene transitions.
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Figure S3. Correlation matrix of LSMDC-SS and DiDeMo-SS. This figure presents a correlation analysis using the pretrained UMT-L
model. Similar to the MSRVTT-SS results, the number of clips shows a negative correlation with Recall, while the duration per clip shows
a positive correlation.

Table S3. Comparison of Recall (R) and Recall per Video (R/V). This is the extension version of the Table 6 of the main paper. Based
on the same retrieval results, the value of R/V is larger than the original R regardless of the model and datasets.

Model Query Metric
MSRVTT-SS LSMDC-SS DiDeMo-SS

R@1 R@5 R@10 R@1 R@5 R@10 R@1 R@5 R@10

UMT-L
Salient R 26.09 42.77 50.02 27.99 48.74 56.46 35.45 56.48 64.49

R/V 37.16 54.66 61.34 32.34 54.03 61.52 48.08 72.20 79.35

Surround R 12.47 23.69 29.71 13.19 27.60 35.41 16.58 31.96 39.15
R/V 18.48 32.12 38.77 15.64 31.59 40.24 21.05 39.19 46.88

InternVideo2
Salient R 34.23 52.97 60.78 32.20 54.34 61.84 41.80 63.56 71.83

R/V 44.55 62.78 69.45 36.35 59.13 66.55 54.34 77.47 84.42

Surround R 17.31 32.46 39.91 16.00 33.90 41.83 20.24 38.14 46.94
R/V 23.28 39.78 47.11 18.43 37.87 46.24 25.95 46.47 55.13



Table S4. Zero-shot performance comparison of video database and clip database. This is the extended version of Table 7 from the
main paper. We color the result gray when switching from the video database to the clip database if the Recall increases by less than 5 or
decreases. If the Recall increases by more than 5, we highlight the result in blue.

Model Query Database
MSRVTT-SS LSMDC-SS DiDeMo-SS

R@1 R@5 R@10 R@1 R@5 R@10 R@1 R@5 R@10

UMT-L

Original
Video 40.14 63.76 71.87 25.70 42.50 51.70 22.18 42.30 50.29
Clip 39.17 59.39 66.27 26.81 47.01 53.85 25.29 39.42 48.18
∆ (−0.97) (−4.37) (−5.60) (+1.11) (+4.51) (+2.15) (+3.11) (−2.88) (−2.11)

Salient
Video 26.09 42.77 50.02 27.99 48.74 56.46 35.45 56.48 64.49
Clip 39.18 58.68 66.38 35.68 57.32 65.34 47.36 67.47 74.77
∆ (+13.09) (+15.91) (+16.36) (+7.69) (+8.58) (+8.88) (+11.91) (+10.99) (+10.28)

Surround
Video 12.47 23.69 29.71 13.19 27.60 35.41 16.58 31.96 39.15
Clip 18.23 33.57 40.69 15.62 32.25 40.62 24.04 38.86 45.76
∆ (+5.76) (+9.88) (+10.98) (+2.43) (+4.65) (+5.21) (+7.46) (+6.90) (+6.61)

InternVideo2

Original
Video 52.25 74.47 82.18 31.80 52.40 59.10 20.46 41.25 51.26
Clip 47.81 68.40 77.16 32.80 53.96 60.13 25.07 44.29 51.71
∆ (−4.44) (−6.07) (−5.02) (+1.00) (+1.56) (+1.03) (+4.61) (+3.04) (+0.45)

Salient
Video 34.23 52.97 60.78 32.20 54.34 61.84 41.80 63.56 71.83
Clip 47.44 67.38 74.46 40.55 62.91 71.00 55.10 74.02 80.38
∆ (+13.21) (+14.41) (+13.68) (+8.35) (+8.57) (+9.16) (+13.3) (+10.46) (+8.55)

Surround
Video 17.31 32.46 39.91 16.00 33.90 41.83 20.24 38.14 46.94
Clip 23.58 40.11 47.75 19.89 39.14 47.67 28.70 45.00 52.31
∆ (+6.27) (+7.65) (+7.84) (+3.89) (+5.24) (+5.84) (+8.46) (+6.86) (+5.37)

Table S5. Video-caption finetuning results. We finetune UMT-L on the train set of LSMDC-SS and DiDeMo-SS and evaluate the text-
to-video retrieval performance on the test set of each dataset with a video database.

Query Model
LSMDC-SS DiDeMo-SS

R@1 R@5 R@10 R@1 R@5 R@10

Original
Zero-shot 25.70 42.50 51.70 22.18 42.30 50.29
Video ft. 30.90 50.20 59.70 23.43 45.53 56.56

(+5.20) (+7.70) (+8.00) (+1.25) (+3.23) (+6.27)

Salient
Zero-shot 27.99 48.74 56.46 35.45 56.48 64.49
Video ft. 40.51 64.99 72.73 36.64 61.06 70.34

(+12.52) (+16.25) (+16.27) (+1.19) (+4.58) (+5.85)

Surround
Zero-shot 13.19 27.60 35.41 16.58 31.96 39.15
Video ft. 28.35 54.68 64.47 18.60 37.32 47.17

(+15.16) (+27.08) (+29.06) (+2.02) (+5.36) (+8.02)



Table S6. Clip-caption finetuning results. We finetune UMT-L on the train set of LSMDC-SS and DiDeMo-SS and evaluate the text-to-
clip retrieval performance on the test set of each dataset with a clip database.

Query Model
LSMDC-SS DiDeMo-SS

R@1 R@5 R@10 R@1 R@5 R@10

Original
Zero-shot 26.81 47.01 53.85 25.29 39.42 48.18
Video ft. 31.32 50.54 58.76 25.18 42.19 49.85
Clip ft. 27.10 47.06 54.65 25.94 44.63 54.45

Salient
Zero-shot 35.68 57.32 65.34 47.36 67.47 74.77
Video ft. 46.10 69.57 77.17 46.57 69.08 76.68
Clip ft. 45.85 69.50 76.98 45.53 69.20 77.00

Surround
Zero-shot 15.62 32.25 40.62 24.04 38.86 45.76
Video ft. 32.17 58.92 68.58 25.03 42.97 51.29
Clip ft. 33.42 60.41 69.97 26.97 45.92 54.51

Text Query

Retrieved Video Ranking

Original Q A young girl petting a dog that is laying on a couch.

(top1) (top2) (top3) (top4)

(top403)

(top1) (top2) (top3) (top4)

Surround Q There is a white object with some red on it in the background possibly a pillow or cushion.

Salient Q A small puppy is standing on a brown couch, interacting with a person lying down.

Zero-Shot Our Baseline (Video-caption finetuning)

Figure S4. Qualitative comparison between zero-shot and our baseline. We compare the retrieval results across original, salient, and
surrounding context queries. The left side shows the retrieval results from the existing model, while the right side shows the results from
our baseline. For each query, we rank the retrieved videos and show whether the ground-truth video is successfully retrieved.


