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ABSTRACT

The WHU-NERCMS team participated in the Ad-hoc Vedio Search (AVS) and Video Question

Answer(VQA) tasks at TRECVID 2025. For AVS task, we continued to use multiple visual semantic

embedding methods, combined with ranking aggregation techniques to integrate different models and

their outputs to generate the final ranked video shot list. For VQA task, we propose to use the VLM

model to generate answer that serve as baseline answer. The answer is then embedded in the same

vector space with the four options, and then compute the similarity of these vectors to sort the results.

1 AVS TASK

1.1 Introduction

The AVS task aims to return a list of similarity ranking results as accurately as possible from large video datasets

based on given text ad-hoc queries. This year’s dataset is still V3C2[1], a dataset that contains 9,760 videos with a total

of 1,300 hours.Following last year’s approach, we used multiple models to generate the base ranking and then reorder

the results to get better results. This year we have adopted some new models for getting better basic search retrieval.

1.2 Method

We used the following Language-Image pre-trained models to construct our system. Overall, we generally continue

to use the Language-Image pre-trained models that performed well last year.

*Both authors contributed equally to this research.
†Corresponding author.
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Figure 1: AVS framework

1.2.1 Embedding Models

This year, we employed the following model to generate the base ranking. The BEIT3 and InternVL models are

newly adopted this year.

CLIP[2]: RN50x4, RN50x16, RN50x64, RN50, RN101, ViT-B/16, ViT-B/32, ViT-L/14.

SLIP[3]: ViT-Small, ViT-Base, ViT-Large, ViT-Base(CC3M), ViT-Base(CC12M).

BLIP[4]: ViT-B(COCO), ViT-B(Flickr30k), ViT-L(COCO), ViT-L(Flickr30k).

BLIP-2[5]: BLIP2(COCO).

LaCLIP[6]: LaCLIP(CC12M).

BEiT3[7]: BEiT3-base.

InternVL[8]: InternVL-14B-Flickr30K-FT-364px.

For all the models mentioned, we extract feature vectors for each keyframe in the dataset and store them in a

database for retrieval. When a user submits a text query, we extract the relevant text vectors and compute their similarity

with the stored model features.

For different pretrained models of the same type, we sum the similarity scores for the same keyframes, ensuring

they are between 0 and 1 with Min-Max Normalization. This can be expressed by the following formula:
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sidi = norm

∑
p∈M

sidp

 (1)

Here, "id" represents the shot id corresponding to the keyframe, "i" denotes the i th model type , and "p" refers

tovarious pre-trained models of the same type. Following this calculation, we generate five lists of similarity scores.

Additionally, we employed the Stable Diffusion v2-1 to construct the "mean image query." It was used to generate

1,000 images based on the given text queries. Subsequently, we extracted the visual features of each image using CLIP’s

VIT-B/32. The mean similarity score was calculated by averaging the similarity between the features of these 1,000

images and the visual features in the dataset.

1.2.2 Ranking Aggregation

Through different cross-modal models, we obtain multiple score lists si, with wi as an appropriate weight. The

final score sid for a query is calculated as:

sid =
∑

wis
id
i (2)

For the Ranking Aggregation, we have adopted the following approaches. In addition to the traditional parameteri-

zation, we also used the unsupervised RA method, the HPA[9] method.

1.3 Conclusion

The results are shown in the table below.

Table 1: AVS Results

Run_ID
infAP

Weight(B3:B:B2:C:I:L:S:D)
2024 2024+2025

F_1 – – –

F_2 0.246 0.230 1:1:1:1:1:1:1:1

F_3 0.177 0.137 HPA[9]

F_4 0.246 0.230 6:16:4:10:5:3:3:3

Table 2: Model of the abbreviation in our method

Abbreviation Description Abbreviation Description

B3 BEiT3 B BLIP

B2 BLIP2 C CLIP

I InternVL L LaCLIP

S SLIP D Diffusion
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2 VQA

2.1 Introduction

Video Question Answering (Video QA) stands as a pivotal task at the intersection of computer vision and natural

language processing, aiming to enable machines to comprehend video content and answer natural language questions

about it. This task presents significant challenges, primarily due to the necessity for temporal modeling to understand

actions and causal relationships across frames, effective multimodal fusion to jointly reason over visual and textual

information, and managing the high computational complexity of processing lengthy videos. Furthermore, answering

often requires commonsense reasoning beyond the pixels and involves mitigating dataset biases that might lead models

to rely on spurious patterns rather than genuine understanding.

2.2 Method

Our framework is shown in the figure 2 .
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Figure 2: VQA framework

The model VideoLLaMA[10] based on QWEN2.5 is used to generate the base answer. Then, in the Answer

Generation task, we used two models for generating results.In the Multiple Choice task, we found that the results

generated using the 7B model contained more information and were more conducive to word embedding.

In the word embedding session, we embed the generated answer and the four options into the same vector space,

then perform cosine similarity computation on the word vectors of the answer and the four options, and sort the results

to get the final results.
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2.3 Conclusion

The results of the AG are shown in Table 3, and the results of the MC are shown in Table 4.

Table 3: VQA AG Results

Run_ID METEOR BERTScore STSscore

1 0.234 0.865 0.302

2 0.231 0.866 0.300

3 0.238 0.863 0.298

Table 4: VQA MC Results

Run_ID Top1Correct MRRScore

1 0.527 0.706
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