Follow the Saliency:
Supervised Saliency for Retrieval-augmented Dense Video Captioning

Supplementary Material

In this Appendix, we present additional experiments, de-
tailed formulations, and qualitative results to further sup-
port our findings on the proposed STaRC. Specifically, §A
provides additional analyses and experiments on Supervised
Saliency Training, §B presents extended formulations and
studies for Saliency-Guided Segmentation and Retrieval
(SGSR), and §C additional qualitative results and visualiza-
tions, particularly focusing on experiments regarding Slid-
ing Window Self-Attention (SWSA) module.

A. Supervised Saliency Training

§A.1 analysis the impact of hyperparameters (A, 7) in the
saliency loss and §A.2 offers visualizations of predicted
saliency scores.

A.1. Saliency Loss Hyperparameters

The hyperparameters A and 7 significantly impact saliency
learning performance, as shown in Figure A.1. These hy-
perparameters appear in our saliency loss formulation (??
and ??), where 7 controls the softmax temperature and A
weights the saliency loss. YouCook?2 [8] achieves best per-
formance at A = 6.0, while ViTT [1] performs best at
A = 2.0. For the temperature parameter 7, 0.5 provides
optimal performance.

A.2. Qualitative Analysis of Saliency Scores

We visualize the predicted saliency scores from the trained
highlight detection module in Figure A.2. Saliency scores
are high within ground truth event boundaries and low in
non-event regions. Quantitative analysis confirms that event
regions show significantly higher mean scores than non-
event regions, demonstrating effective separation of impor-
tant frames from background.

B. Saliency-Guided Segmentation and Re-
trieval

§B.1 provides detailed equations for the saliency-aware
OT-based segmentation method in SGSR, including Kan-
torovich OT matching, Gromov-Wasserstein OT, fused
OT objective, and the balanced-unbalanced constraint that
uniquely differentiates SGSR from prior OT-based formula-
tions such as ASOT [7], along with hyperparameter exper-
iments. §B.2 presents the saliency weighted pooling equa-
tion and qualitative segmentation results with retrieved cap-
tions.
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Figure A.1. (a-b) CIDEr performance for different saliency-
loss weights A. Results on YouCook2 and ViTT showing how
different values of A influence the strength of supervised saliency
learning and overall caption quality. (¢) CIDEr performance in
YouCook2 validation set for different temperature values 7.
This figure visualizes model sensitivity to different 7 values used
in the loss formulation.

Preliminary. Given frame spatial features X* ¢ R"™*P
and learnable anchors A = {a; }5(:1 € REXD we solve for
a soft assignment matrix 7' € FV <X where T;; denotes the
probability that frame ¢ belongs to prototype j.

B.1. OT-based segmentation method

Saliency-aware Kantorovich OT matching. We formu-
late the OT problem using the Kantorovich objective [6].
Let the anchor and frame marginals be defined as p = % 1r
and q = % 1k

minimize Fxor(CF, T) := (C*, T). (1)

T€Tp.q

The visual affinity between frames and anchors is mea-
sured using cosine similarity. To incorporate saliency infor-
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Figure A.2. Visualization of predicted frame-level saliency scores. Black lines show predicted saliency scores overlaid with ground truth
event boundaries (green regions). Saliency scores are higher within event regions than in non-event regions. This separation confirms that
the model successfully learns to align saliency prediction with true event boundaries.

mation, we introduce a bias term weighted by p using the
saliency prior ps. This yields the following cost matrix:

sT
n

125 ll2lla; 2

x aj

Chi=01- ) = Wps,.- )

Temporal consistency via Gromov-Wasserstein OT. To
enforce smooth temporal structure, we adopt the Gromov-
Wasserstein (GW) OT [5]. Let C¥ capture temporal prox-
imity between frames and C'* captures the structural rela-
tionship between prototypes. We define [F] := {1, ..., F'}.
The GW objective is then formulated as:

Faw(C",C%T):= > L(Chp, Chi)TniTrr. (3)

n,FeE[F]
JKeA

Fused GW Optimal Transport Objective. The final
SGSR objective combines visual matching and structural
consistency as Fused GW OT objective:

fpgw(c, T) = Oéfc,w(cv, ce, T)—F(I—Oé)]:](o’[‘(ck, T)
“)

Unbalanced OT. Unlike ASOT, we reverse the bal-
anced/unbalanced configuration to better suit the DVC
task. Specifically, we apply unbalanced OT for frame-level
matching using saliency scores as the marginal constraint p,
while the anchor marginal remains balanced, as formulated
in Equation (5):

TI‘Iéi% Frew(C, T) + ’yDKL(TTlK Hps). 4)

This configuration enables the transport mass to follow
the saliency distribution, allowing the model to adaptively
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Figure A.3. Performance comparison of SGSR under different
OT configurations. We evaluate Balanced (B) and Unbalanced
(UnB) OT for both frame-side and anchor-side matching. The con-
figuration with UnB for frames and B for anchors achieves the best
performance across all metrics.

allocate attention to salient regions. As shown in Fig-
ure A.3, this reversed configuration achieves the best per-
formance for our task. Therefore, our SGSR setting of ap-
plying unbalanced OT with saliency score constraints for
frames and balanced OT for anchors proves to be optimal
for DVC.

Hyperparameter Analysis. Except for the saliency-
related terms p and ~y, we keep all other OT parameters
identical to ASOT. We set the unbalanced regularization co-
efficient p to 0 during both training and inference. This im-
proves CIDEr from 79.61 to 80.53. We analyze different p
and y combinations in Figure A.4. The best performance is
achieved at ;4 = 0.1 and v = 0.3. This shows that moderate
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Figure A4. CIDEr performance heatmap across different
combinations of saliency weight ;; and temporal-consistency
weight . Each cell shows the CIDEr score obtained under a spe-
cific i and y configuration in the SGSR objective.

Datstore Type \ YouCook?2 (val)

‘ CIDEr METEOR SODAc¢ BLEUA4
CC3M 76.65 13.63 10.53 6.63
CoCo 7731 1357 1066 667
Hierarchical [4] 77.28 13.59 10.42 6.59
In-domain 80.53 13.86 10.73 6.75

Table A.1. Ablation study on different datstores used for retrieval.

saliency weighting and temporal consistency work best for
our task.

B.2. Retrieval process

Representative Segment Features for Retrieval. After
obtaining the optimized transport plan 7™, we generate seg-
ments. We rank all segments using the scoring and select the
top-k segments for retrieval. For each selected segment, we
construct a representative feature by aggregating its frame
embeddings using a saliency-weighted average to empha-
size informative frames.

Let s; = [ 7, f5) denote the frame indices assigned to
segment j. The representative feature is computed as:

s ZTLGSJ' ps,n m’fl
j= et (6)
ZnESj ps,n

8

These k representative features are then used for retrieval
following the mechanism described in ??. As shown in 2?2,
the saliency-weighted pooling leads to more accurate seg-
ment representations for retrieval. This results in consistent
improvements in overall DVC performance compared to the
uniform averaging strategy used in previous work [2—4].
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Figure A.5. Qualitative comparison of retrieved captions un-
der different segmentation strategies. (a) Ground truth segments
and captions. (b) Segments from uniform sampling (HICM?2 [4])
and their retrieved captions. (c) Segments from adaptive sampling
(Sali4Vid [2]) and their retrieved captions. (d) Our SGSR produces
segments that align more closely with true event boundaries and

retrieves more relevant captions.
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Figure A.6. Visualization of the Semantic Prototypes.

In addition, we evaluate retrieval performance under dif-
ferent datastores to assess the robustness of our method. As
reported in Table A.1, SGSR consistently maintains state-
of-the-art performance.

Segment and Retrieved Captions Qualitative Results.
We qualitatively compare segments and retrieved captions
in Figure A.5. While prior methods [2, 4] often produce
misaligned or drifting segment boundaries, our saliency-
guided transport yields segments that align more closely
with ground truth event durations. The retrieved captions
are also semantically more relevant to the video content,
validating the effectiveness of SGSR. In SGSR, we define K
learnable anchor embeddings as semantic prototypes, where
each anchor serves as a general temporal placeholder rep-
resenting an individual event. During optimal transport,
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Figure A.7. Architecture of the SWSA module. SWSA refines X
through local self-attention without linear projections over sliding
windows, where overlapping regions are averaged and residually
added to produce refined features X’.

frames are assigned to the anchor with the highest feature
similarity, forming temporally coherent segments. We visu-
alize the learned anchor assignments in Figure A.6, show-
ing that the anchors consistently capture meaningful event
boundaries.

C. Additional Analysis and Experiments

Feature Refinement. The architecture of SWSA is on the
Figure A.7.

Given the input features X € and a set of window
sizes {wy, wq, w3}, we compute local self-attention within
each window. For a window of size w, the segment starting
at position ¢ is denoted as Xj;.;4,, € Rw*D The attention
output for this segment is computed as:

RFXD

Xi‘i+wXT‘+
P M 2 Xm. w- 7
\/B + (7N

Since windows overlap, each frame n may appear in
multiple windows. We average all attention outputs that
cover frame n, weighted by the number of overlapping win-
dows C,,:

At = softmax (

Al (8)

N 1
fog %
" (w,i): n€li,i+w)
where C, is the number of windows covering frame n, and

Aﬁf”’“ is the attention output at position n from the window
of size w starting at ¢. The final refined representation is
obtained via a residual connection:

X' = X + LayerNorm(X). 9)

Feature Difference between Training and Inference. In
STaRC, we use refined features from SWSA differently dur-
ing training and inference. During training, the refined fea-
tures X’ are used only as input to the highlight detection

Method | PT | CIDEr SODA_c F1

TimeChat cvrr24 e 11.0 34 19.5
VTG-LLM aaAI25 v 13.4 3.6 20.6
TRACE icLr25 v 35.5 6.7 31.8
TimeExpert 1ccv2s v 39.0 7.2 335
Ours | v | 80.53 10.73 34.34

Table A.2. Comparison with VLM methods on the YouCook?2 val-
idation set

module, while the decoder receives original features X.
During inference, the refined features X’ are used both as
input to the highlight detection module and as decoder in-
put. To analyze the refinement impact, we measure frame-
to-frame transition sharpness in Figure A.8, by comput-
ing L2 distances between consecutive frame embeddings.
Refined features X’ produce sharper transitions at event
boundaries compared to X, while non-event regions show
smaller transitions.

Comparison with Vision-Language Models. We also
compare with recent Vision-Language Models (VLMs) on
the DVC task. As shown in Table A.2, even powerful VLMs
struggle to produce accurate event boundaries and captions
simultaneously. This suggests that general-purpose VLMs
are not yet sufficient for DVC, and task-specific architec-
tures remain essential.

D. Failure case and limitations

STaRC occasionally produces redundant captions despite
precise localization (a challenge shared by existing DVC
methods). OT-based retrieval is effective overall but can
introduce noise in some segments (Figure A.9), which we
leave for future work.
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Figure A.8. Frame transition sharpness comparison between original and refined features. For each video in the YouCook?2 validation
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stronger semantic contrast and clearer event boundaries than original features.
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