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1 Open-source Codes

Our code is available at https://anonymous.4open.science/r/Video-RAG-97DA by links to
Anonymous GitHub.

2  Decouple Query

In the initial phase of the proposed Video-RAG, we employ a decouple prompt, denoted as P, to
guide the LVLM in generating retrieval requests. In this section, we present one example of a prompt
designed for multiple-choice questions, as illustrated in Figure 3]

3 Sub-set of Video-MME

As outlined in the implementation details, we randomly sampled a subset of the Video-MME [2]
dataset to evaluate a computationally resource-intensive, agent-based method with long-context
LVLMs. Specifically, we selected 10% of the full dataset, comprising 30 short, 30 medium-length,
and 30 long videos. Each video contains three multiple-choice questions. Importantly, we ensured
that the performance ranking of the methods on the subset mirrored that of the full dataset. As shown
in Tables [I|and 2] we evaluated four distinct 7B models Chat-Univi-v1.5 [4], LLaVA-NeXT-Video
[LO], LongVA [9], and Long-LLaVA [8] using a frame sampling rate of 16 for both the subset and
the full set. Our results indicate that the performance rankings remained consistent across both
evaluations.

Table 1: Performance of Video-MME sub-set.

Method |Short Medium Long|Overall
Chat-Univi-v1.5 [4] 50.0 333 17.8 | 33.7
LLaVA-NeXT-Video [10] | 54.4 333 233 | 37.0
LongVA [9] 56.7 50.0 389 | 485
Long-LLaVA [8] 58.9 522 400 | 504

4 Results on Video-MME Sub-Set

We examine Video-RAG against two representative methods in terms of inference time, GPU resource
requirements, and overall performance. Given that GPT-based Agent methods are resource-intensive,
we randomly sampled a sub-set of the Video-MME [2] for evaluation, as described in Section
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Table 2: Performance of Video-MME full-set.

Method |Short Medium Long|Overall
Chat-Univi-v1.5 [4] 45.7 39.0 35.7| 40.1
LLaVA-NeXT-Video [10] | 51.1 41.8 36.8| 432
LongVA [9] 60.8 452 414 | 49.1
Long-LLaVA [8]] 593 493 444 51.0

/\ LongVA (16 frames) + Video-RAG
\

=
S
1

\ y Saving 150GB of GPU Memory

14% better
Long-LLaVA LongVA (128 frames)
I (16 frames) <
- D ‘/’7\ -
504 \\ I\ LongVA (384 frames)
A\

[ __ L LongVA (16 frames)

// /\j : GPT-Based Agent method

~___— () ) : Long-Context LVLM
40 VideoAgent (2 fps) @: our VideoRAG

T T T i T T T T T T
20 40 60 80 100 120 140 160 180 200

GPU Resource Requirements (GB)

Overall Performance in Video-MME sub-set (%)

Figure 1: The comparison of our Video-RAG with two common approaches. The size of the bubbles
represents the total time consumed for completing inference on the Video-MME [2] sub-set.

Bl As demonstrated in Figure [I] VideoAgent [1]], a typically GPT-based Agent method, requires
significant time to process video and deliver suboptimal performance. Meanwhile, LongVA [9],
a representative long-context LVLM, shows limited improvement from increasing the frame rate
and even experiences performance degradation. Integrating our Video-RAG into the 16-frame
LongVA results in substantial performance improvements while reducing GPU resource consumption.
Specifically, with only increasing 8GB GPU memory compared to the base (16-frames LongVA),
we achieve 11.5% overall performance improvement, while outperforming another long-context
LVLM Long-LLaVA-7B [8] in 16-frames setting by 9.6% with less GPU memory requirements
and compatible total inference time. These results demonstrated that our Video-RAG is lightweight
with lower computing overhead than the other typical methods. Moreover, we provide detailed time
consuming to construct three types of databases (which can be built in parallel) and inference per
query, as shown in Table[3]

Table 3: Overall performance, databases construct and average inference time (include building databases) per
query (#Time) in Video-MME-mini.

. w/o subs w/ Video-RAG
Model ASR OCR  DET Total Time ‘#Time Overall| #Time Overall
VideoAgent - - - - 14min 47.7 -

LongVA-16fs |21min 2min 3min max(21, 2, 3)=21min Is 48.5 Is+ 60.0
LongVA-128fs|21min 16min 16min max(21, 16, 16)=21min| 8s 54.1 8s + 63.3
LongVA-384fs|42min 48min 24min max(42, 48, 24)=48min| 20s  53.7 |20s + 63.6

5 Details of Similarity Score Calculation

In the process of using the RAG system to retrieve auxiliary texts extracted from videos, we define a
similarity threshold ¢ to ensure the selection of relevant texts. Specifically, we employ FAISS-based
[S]] similarity to select OCR and ASR texts, while CLIP [[6] similarity is used for keyframe selection.
In our implementation, the similarity threshold ¢ is set to 0.3. As for OCR and ASR selection, For
any given list of the retrieve request R and auxiliary texts A, the Contriever [3] framework maps the
text to a text embedding as:

E,, = Contriever(A;), ¢=1,2

g Ly ey
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E,., = Contriever(R;), i=1,2,...,n

The average embedding of the retrieve request is then computed as:
1 n
E?" = ﬁ z; E?"i,
i=

After that, the embedding of the request and the list of auxiliary texts is normalized:
E,, E
Eai = i; ET ==
| Ea,| | Bl

The similarity between the query embedding E,. and the document vector E, is computed using the
inner product, the FAISS library is employed to efficiently perform this search and return the indices
of the auxiliary texts meeting the criterion:

S(E,Ey)=E, -E,, >t

As for object detection, we use CLIP to select the video keyframe. During this process, we first
filter the object detection request R, to ensure they correspond to CLIP-sensitive physical entities,
avoiding the inclusion of abstract concepts. Specifically, if it is a single word, direct part-of-speech
filtering is applied; if it is a compound word, certain rules are followed to check for compliance, such
as whether it is an adjective plus a noun, or a noun plus a noun. We use the Spacy library to achieve
this. After this, we put the text “A picture of" before each object detection request.

Then, we extracting embedding from both the video frames F and the detection request R j¢:

EFj :CLIP(Fj), ]: 1,27...,’[7’1/
Er, = CLIP(Rye,), i=1,2,...,n
The similarity between each video frame and the detection retrieve requests is computed using the

dot product between the image and text feature embeddings. For each frame F;, and for each retrieve
request Eg,, the similarity score is given by:

Sij = Er, - ER,
where - denotes the dot product. The final similarity score for each frame is the average similarity

across all requests:
1 Z

This computes the mean similarity for each frame across all text descriptions, resulting in a similarity
vector S = [S1,52,...,5,]. The similarity scores are adjusted by a scaling factor «, which is
computed based on the number of frames m and a base frame number b (which is set to 16 and 4.0,
respectively) to adapted different video sampling rate of LVLMs:

m
a=L0x—
b b
where (3 is a predefined scaling parameter.
Next, the similarity scores are scaled and normalized to ensure that they sum to 1:

grorm _ a X Sj
J - S
Zk:1 k

where S7°"™ represents the normalized similarity score for frame F;.

The final step is to select the keyframes based on the normalized similarity scores. A threshold ¢ is
applied to the normalized similarities, such that frames with similarity scores above the threshold are
selected as keyframes:
Keyframe: F; if S;™ >t
Thus, the set of selected keyframes is given by:
Frey ={F; | " >t,j=1,2,...,m}
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6 More Ablation Studies

Effect of different components of Video-RAG. We evaluate the performance across sub-tasks
within Video-MME [2], as shown in Figure|2| The results reveal that object detection auxiliary texts
significantly enhance spatial perception and object counting, while OCR auxiliary texts specifically
improve performance on text recognition tasks. Additionally, ASR auxiliary texts contribute to a
general improvement in inference tasks, underscoring the critical role of audio transcription in video
understanding. Given that audio transcription is considerably more time-consuming than character
recognition or object detection, these texts should be selected based on the requirements of the
application.

Action
. Recognition .
Object Attribute
Recognition Perception
OCR Spatial
Problems Perception
Counting = 80706050 %3020100 Temporal
Problems Perception
Temporal Information
Reasoning Synopsis
Spatial Object
Reasoning X Reasoning
Action
Reasoning
Long-LLaVA Long-LLaVA+DET+0OCR
Long-LLaVA+DET  =—— Long-LLaVA+DET+OCR+ASR

Figure 2: Performance on 12 sub-tasks in Video-MME [2] benchmark after applying different
components in Long-LLaVA.

Besides studying the inference of different components of Video-RAG in the Video-MME [2]
benchmark, we also experiment with a different type of video benchmark. We first evaluate LLaVA-
Video in MLVU [12] and LongVideoBench [7] in both 7B and 72B scale with the 64-frame setting,
results are shown in Table[d As demonstrated, when all components are combined, we get optimal
performance in both datasets, including 7B and 72B scales. Specifically, the performance in MLVU
[12] even declined when the RAG system was not implemented.

Table 4: Ablation study in MLVU and LongVideoBench.

7B 72B
MLVU LVB |MLVU LVB

70.8 56.6| 73.1 61.9
71.0 56.5| 734 63.2
713 56.8| 73,5 634
v | 724 58.7| 73.8 654
v | 703 583| 729 64.0

RAG DET OCR ASR

SNENEN

SNENENEN
(\

Then, to better point out the role of DET and OCR, we evaluate Video-RAG in VNBench [[11] with
Long-LLaVA-7B [8]. VNBench is a synthetic benchmark designed to evaluate models’ long-context
abilities, covering tasks such as retrieval, ordering, and counting. VNBench randomly inserts stickers
or text into the video that has nothing to do with the original content of the video, thus typically



Decouple Prompt of the Multiple-choice Question

To answer the question step by step, list all the physical entities related to
the question you want to retrieve, you can provide your retrieve request to
assist you by the following JSON format:

{

"ASR": Optional[str]. The subtitles of the video that may relavent to the
question you want to retrieve, in two sentences. If you no need for this
information, please return null.

"DET": Optional[list]. (The output must include only physical entities, not
abstract concepts, less than five entities) All the physical entities and their
location related to the question you want to retrieve, not abstract concepts. If
you no need for this information, please return null.

"TYPE": Optional[list]. (The output must be specified as null or a list
containing only one or more of the following strings: ‘'location', 'number’,
‘relation’'. No other values are valid for this field) The information you want
to obtain about the detected objects. If you need the object location in the
video frame, output "location"; if you need the number of specific object,
output "number"; if you need the positional relationship between objects, output
"relation”.

}

## Example 1:

Question: How many blue balloons are over the long table in the middle of the
room at the end of this video? A. 1. B. 2. C. 3. D. 4.

Your retrieve can be:

{
"ASR": "The location and the color of balloons, the number of the blue
balloons.",

"DET": ["blue ballons", "long table"],
"TYPE": ["relation", "number"]

}

## Example 2:

Question: In the lower left corner of the video, what color is the woman wearing
on the right side of the man in black clothes? A. Blue. B. White. C. Red. D.

Yellow.

Your retrieve can be:

{
"ASR": null,
"DET": ["the man in black", "woman"],
"TYPE": ["location", "relation"]

}

## Example 3:

Question: In which country is the comedy featured in the video recognized
worldwide? A. China. B. UK. C. Germany. D. United States.

Your retrieve can be:

{
"ASR": "The country recognized worldwide for its comedy.",
"DET": null,
"TYPE": null

}

Note that you don't need to answer the question in this step, so you don't need
any infomation about the video of image. You only need to provide your retrieve
request (it's optional), and I will help you retrieve the infomation you want.
Please provide the json format.

Figure 3: Decouple prompt of the multiple-choice question for LVLMs.

go challenging the model’s needle-in-the-haystack capability. As shown in Table[5] we find that applying
90 DET and OCR as auxiliary texts can significantly improve the performance in retrieval, ordering, and
91 counting tasks. However, the ASR component will decline the performance due to the subtitles are
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not ancillary to this particular task. These results demonstrated that our proposed distinct types of
auxiliary texts can be selected according to the application needs to meet the requirements better.

Table 5: Results on combinations of different auxiliary texts in VNBench [[11]] with 1-try setting when
applying 7B Long-LLaVA [8] as LVLM under the 32-frames setting. Ret, Ord, and Cnt represent
retrieval, ordering, and counting tasks, respectively.

RAG | DET OCR ASR | Ret Ord Cnt | Overall
65.1 256 242 | 383
v v 66.9 284 238 | 39.7
v v v 68.2 313 289 | 428
v v v v 667 313 29.6| 425
7 More Qualitative Results
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Figure 4: Qualitative results of LLaVA-Vdieo when applying Video-RAG.

In this section, we show more results of LLaVA-Vdieo-7B when applying Video-RAG in different
examples in Figure [ The figure highlights several representative cases involving detailed video
comprehension from Video-MME [2]]. As illustrated, augmenting LLaVA-Video with external tools
to process and retrieve auxiliary texts from videos significantly enhances its ability to reduce visual
hallucinations, thereby enabling more accurate and confident responses to user queries.
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