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Supplementary Material

In the supplementary material, we provide more details
and more experimental results of our work. We organize the
supplementary into the following sections.

e In Section A, we present a detailed description of our
proposed OVG-HQ-Unify framework, which consists of
the feature extraction, memory-guided multi-modal fu-
sion module, memory-guided moment prediction module.

* In Section B, we provide results on ICQ-Highlight dataset
and results of the ablation experiments.

* In Section C, we provide a comprehensive description of
the process used to construct our hybrid-modal queries
dataset, QVHighlights-Unify. Additionally, we showcase
some examples of the samples we generate.

* In Section D, we analyze the diversity, realism, and con-
struction reliability of our dataset, and provide a statistical
comparison with existing benchmarks.

* In Section E, we present additional experimental results,
including the utility of multimodal queries for existing of-
fline grounding methods.

A. More Details of Model and Implementation

We provide the implementation details in this section. We
will release the collected dataset, source code and trained
models upon acceptance.

A.1. Details of Feature Extraction

This section introduces the feature extraction process, as
shown in Figure A. The feature extraction module accepts
arbitrary combinations of multi-modal queries and current
video window as input, and outputs query features and
video features via the query feature extractor and the video
feature extractor. When a query includes multiple modal-
ities, learnable modality tokens are inserted at the begin-
ning of each query feature sequence to enable the model
to distinguish different modalities. Below, we separately
introduce the video feature extractor and the query feature
extractor we employ.

A.1.1. Video Feature Extractor

We process streaming video through a sliding window of
size L seconds advancing at M = 2-second intervals. At
each time step ¢, the CLIP image encoder [8] extracts fea-
tures from current frame, with overlapping window features
computed once and cached. For initial windows containing
fewer than K frames, we left-pad zero vectors to maintain
the feature matrix dimensionality F,, € RE*DPv,

A.1.2. Query Feature Extractor

1) Text Query: The CLIP text encoder [8] generates textual
features F';.

2) Segment Query: Employing the video feature extractor
with 2-second sampling intervals to obtain F;.

3) Image Query: The CLIP image encoder [8] extracts fea-
tures F';, which are duplicated temporally to match the seg-
ment query length.

A.2. Memory-guided Multi-modal Fusion Module

We employ a two-layer Transformer Decoder [7] to fuse the
video features and query features, resulting in query-aware
video representations F,, € REv*D " Subsequently, we
input Fy, into two layers of residual block composed of
parametric memory blocks, integrating historical informa-
tion to obtain memory-guided features F,,, € R¥vxD We
set Kyip=16. The detailed process is illustrated in Figure A.

A.3. Memory-guided Moment Prediction Module

We employ a two-layer Transformer Decoder [7] to decode
the memory-guided features. First, the Anchor Embed-
dings and the Anchors’ center and width coordinates are
used as queries for the Decoder. Through this decoding pro-
cess, we obtain the anchor features and the refined anchor
center and width coordinates. Second, the anchor features
produced by the Transformer Decoder are input into a clas-
sifier and a regressor to obtain classification and regression
results. Third, these results are passed to subsequent para-
metric modules, where they are combined with historical
information to generate optimized predictions. We employ
4 anchor queries with lengths of 1, 2, 4, 8. The detailed
procedure is illustrated in Figure B.

A 4. Implementation Details

We use PyTorch 2.0.0 and 1 4090 GPUs for our experi-
ments. The model weights are initialized using Xavier ini-
tialization [2]. We optimize the model parameters using the
AdamW [6] optimizer, with an initial learning rate of le-4
and a weight decay of le-4. The model is trained for 30
epochs; The batch size is set to 256. In the focal loss [10],
we set « = 0.9 and v = 2, and apply a dropout rate of
0.5. In the distillation process, the temperature for the KL
divergence is set to 2. During training, only anchors with
a temporal Intersection over Union (tloU) greater than 0.5
with the ground truth are considered training samples.
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Figure A. Detailed illustration of the Input Data, Feature Extractor, and Memory-guided Multi-modal Fusion Module. “Linear
x N” indicates N consecutive linear layers coupled with Layer Normalization.
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Figure B. Detailed illustration of Memory-guided Moment Prediction Module.

B. More Ablation Study Results

B.1. More results on ICQ-Highlight dataset and
Comparisons with hybrid-modal retrieval
methods.

To further validate effectiveness of our approach, we
conducted comprehensive experiments on the ICQ-
Highlight [12] dataset containing abundant complemen-
tary image-text query pairs. Following the summarization
paradigm proposed in [12], we employ a MLLM (LLaVA-
mistral-1.6) [4, 5] to convert paired image-text inputs into
unified textual queries. As demonstrated in Table A, when
feeding these synthesized textual queries into models pre-
trained on QVHighlights, our method significantly outper-
forms the TwinNet baseline across all four image style
categories in evaluation metrics, thereby conclusively val-
idating the efficacy of our model design. Notablly, our
proposed QVH-HQ-Unify framework achieves state-of-the-
art performance across all four image style when directly
processing raw multimodal queries from ICQ-Highlight.
This demonstrates the remarkable advantages of our unified
framework in cross-modal semantic fusion, which effec-

tively captures complementary semantic information from
heterogeneous image-text queries.

Table A. Comparison between our model and TwinNet
across four distinct styles.

Method scribble  cartoon cinematic  realistic
TwinNet-MLLM 18.97 18.62 17.45 18.37
Ours-MLLM 19.95 20.34 19.53 19.08
Ours-QVH-HQ-Unify ~ 21.98 22.35 21.25 22.07

C. Dataset Construction Details

Our dataset is constructed based on QVHighlights [3],
which originally contains only text queries and raw videos.
To expand the modalities of queries, we enrich the dataset
by incorporating additional types of queries.

C.1. Detailed construction pipeline

In this section, we present the construction processes of the
four types of queries: Retrieved image (Image-R), gener-
ated image (Image-G), generated video segment (Segment-
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Figure C. Examples of our constructed QVHighlights-Unify dataset.

G), and complementary text-image (Text-C and Image-C)
as shown in Figure C:

e Image-R Query: Using the original text queries from
the QVHighlights dataset, we retrieved ten semantically
matching images from the internet. We then employed the
advanced vision-language model, InternVL [1], to com-
pute the similarity scores between these ten images and
the text. The image with the highest similarity score was
selected as our final choice.

Image-G Query: Consistent with the method in ICQ-
Highlight [12], we generate images in four styles: scrib-
ble, cartoon, cinematic, and realistic. We carefully design
specific prompts for each style. By combining the text
queries from QVHighlights with these prompts, we use
the text-to-image generation model Stable Diffusion [9]
to produce images in these four different styles.
Segment-G Query: Each text query in the QVHighlights
dataset is input into GPT-40 to generate a longer, richer,
more detailed text description. This generated text is then
fed into the text-to-video model CogVideoX-5B [11] to
produce a 6-second video, serving as the generated seg-
ment query.

During our review of the generated data, we identify a
small number of low-quality generated segments. Specif-
ically, we find that the model occasionally generates
meaningless pure white videos, whose file sizes are gen-
erally less than 150KB. To address this issue, we first fil-

ter out low-quality segments based on their file size, con-
sidering any segment smaller than 150KB as low quality.
For all such segments, we re-extract the original video
frames and generate more detailed, and semantically sim-
ilar text queries. We continue generating new segments
until their file sizes exceed 150KB. Subsequently, we
manually review all the segments and, when necessary,
adjust the input text for CogVideoX-5B to ensure that the
generated segments meet all required standards.
Image-C and Text-C: Drawing inspiration from the data
construction methodology of ICQ-Highlight [12], we cre-
ated Image-C and Text-C pairs through a text modifica-
tion process. Specifically, the revised text queries (e.g.,
replacing “Swimming” with “Dancing”) were fed into
the [9] Stable Diffusion model to generate correspond-
ing Image-C, while the modification deltas between orig-
inal and revised texts were formulated into Text-C (e.g.,
“The action is swimming, not dancing”). This procedural
alignment ensures that: (1) Image-C visually embodies
the semantics of the revised text through diffusion-based
synthesis; (2) Text-C textually articulates the modifica-
tion intent.



EEEEESEESEEEEEE LD .S S SR EE .S S
3 1 S 3 T i

@‘n‘F\p g

<

-, - - -. -
e .

scribble

realistic inematic
Image-Gc

[ gy

\( . . AY
i The action is |

talks to a cop. ,:I\ talks, not runs.,:

Segment-G Text Text-C

(a) An example of our generated dataset queries.

@ User-Annotated
® Image-R ® Image-G

(b) t-SNE of image features.

Figure D. Qualitative and quantitative analysis of our constructed dataset. (a) An example of different query modalities
generated for a single event. (b) A t-SNE visualization showing the feature space overlap between ground-truth frames (GT),
retrieved images (Image-R), and generated images (Image-G), confirming their semantic alignment.

D. Analysis of Dataset and Query Reliability

D.1. Diversity and Realism of Multi-modal Queries

To ensure the realism and diversity of our dataset, the con-
struction process is grounded in genuine human behav-
iors and interests. The text queries in the base QVHigh-
lights dataset were collected via Amazon Mechanical Turk,
where annotators described events they found interesting af-
ter watching entire videos. This methodology ensures the
queries reflect natural human curiosity and language. Con-
sequently, the multi-modal queries derived from these text
descriptions inherit a high degree of realism and diversity,
representative of real-world user scenarios.

To further simulate user behavior and mitigate biases in
the visual query construction, we employed two distinct
pipelines. For the retrieval pipeline (Image-R), we emu-
late a user searching for a relevant image online. We first
perform a broad image search and then use the InternVL
model to select the image most semantically aligned with
the text query, a process shown to correlate highly with
human preference (see Section D.2). For the generative
pipeline (Image-G), we generate images in four distinct vi-
sual styles (scribble, cartoon, cinematic, and realistic) to en-
hance diversity and promote model generalization, as illus-
trated in Figure D.

To empirically validate that our generated and retrieved
queries align with real user intent, we used CLIP to extract
features for Image-R, Image-G, and a ground-truth frame

Table B. Statistical comparison with existing datasets.

Dataset Text Query Image Query Segment Query
QVHighlights 10.3K 0 0
ICQ-Highlight 1.5K 6.2K 0

Ours 19.0K 26.3K 8.8K

from the user-annotated video segment for the same text
query. A t-SNE visualization of these features, shown in
Figure D (b), reveals a strong overlap in the feature space.
This indicates that our constructed visual queries effectively
capture diverse user intentions and are semantically consis-
tent with user-annotated ground truth content.

D.2. Reliability of the Dataset Construction Pipeline

The quality of our dataset relies on the foundational mod-
els used in its construction. To validate the reliability of
using InternVL for ranking retrieved images (Image-R), we
conducted a human evaluation. We randomly selected 200
text queries and had human annotators manually rank the
top 10 retrieved image candidates for each query based on
semantic similarity. The Pearson correlation coefficient be-
tween the manual rankings and the InternVL rankings was
0.86, indicating a very strong positive correlation. Further-
more, the top-3 consistency, where both methods yield the
identical top three results in the same order, reached 96%.
These results demonstrate that InternVL’s automated rank-
ing aligns closely with human judgment, confirming the



Table C. Effect of multimodal queries on representative of-
fline video grounding methods, evaluated on R} 5. Adding
visual queries (+Image-R or +Segment-G) consistently im-
proves performance over text-only queries.

Method Publication  Text +Image-R +Segment-G
Moment-DETR ~ NeurIPS21  53.94 55.28 (+1.34) 55.37 (+1.43)
QD-DETR CVPR23  62.68 64.12(+1.44) 64.03 (+1.35)
TaskWeave CVPR24 6426 6537 (+1.11) 65.84 (+1.58)

method’s reliability and scalability for dataset construction.
For all generated queries (Image-G and Segment-G), a man-
ual filtering process was also applied to ensure high quality
and semantic relevance, as detailed in Section 4.2.

D.3. Statistical Comparison with Existing Datasets

Our QVHighlights-Unify dataset significantly expands
upon existing benchmarks for video grounding by incorpo-
rating a greater number of modalities and a larger volume
of query samples. Table B provides a statistical compari-
son with the original QVHighlights and the ICQ-Highlight
datasets. Our dataset not only includes the original text
queries but also introduces multiple new visual query types
(retrieved images, generated images) and video segment
queries, resulting in a more comprehensive and practical
benchmark for the OVG-HQ task.

E. Additional Experimental Results

E.1. Utility of Multimodal Queries in Offline
Grounding Methods

To demonstrate that the benefit of hybrid-modal queries is
not limited to our online framework, we adapted three repre-
sentative offline video grounding methods (Moment-DETR,
QD-DETR, TaskWeave) to accept multimodal inputs. We
augmented their architectures with image and video en-
coders alongside their original text encoders and evaluated
them on our dataset. As shown in Table C, providing visual
queries (Image-R or Segment-G) in addition to text consis-
tently improves the performance of these established offline
methods. This confirms the general utility of using hybrid-
modal queries for video temporal grounding tasks.
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