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ABSTRACT

Long Video Question-Answering (LVQA) presents a significant challenge for
Multi-modal Large Language Models (MLLMs) due to immense context and over-
loaded information, which could also lead to prohibitive memory consumption.
While existing methods attempt to address these issues by reducing visual tokens
or extending model’s context length, they may miss useful information or take
considerable computation. In fact, when answering given questions, only a small
amount of crucial information is required. Therefore, we propose an efficient
question-aware memory mechanism, enabling MLLM:s to recurrently seek these
critical clues. Our approach, named VideoDetective, simplifies this task by iter-
atively processing video sub-segments. For each sub-segment, a question-aware
compression strategy is employed by introducing a few special memory tokens to
achieve purposefully compression. This allows models to effectively seek critical
clues while reducing visual tokens. Then, due to history context could have a sig-
nificant impact, we recurrently aggregate and store these memory tokens to update
history context, which would be reused for subsequent sub-segments. Further-
more, to more effectively measure model’s long video understanding ability, we
introduce GLVC (Grounding Long Video Clues), a long video question-answering
dataset, which features grounding critical and concrete clues scattered throughout
entire videos. Experimental results demonstrate our method enables MLLMs with
limited context length of 32K to efficiently process 100K tokens (3600 frames, an
hour-long video sampled at 1 fps), requiring only 2 minutes and 37GB GPU mem-
ory usage. Evaluation results across multiple long video benchmarks illustrate our
method can more effectively seek critical clues from massive information.

1 INTRODUCTION

Long video question-answering task aims to answer questions from minutes-long or even hours-long
videos, requiring models to process a large number of video frames. Mainstream Multi-modal Large
Language Models (MLLMs) represent a single video frame with a substantial number of tokens. For
example, Qwen2.5-VL (Bai et al.| 2025) represents an image of 224 x 224 resolution as 64 tokens,
while LLaVA-NeXT (Zhang et al.l 2024b) uses 144 tokens. Therefore, a ten minutes-long video
input (600 frames sampled at 1 fps) could result in at least 38K tokens, which easily exceeds the
maximum context length of Qwen2.5-VL (32K) and causes memory explosion.

Recently, there have been many research works dedicated to solving these problems. They either
reduced the number of visual tokens by merging adjacent frames with similar semantics (He et al.,
2024; Song et al., [2024; Weng et al., [2024) or extended the context length of MLLMs followed by
fine-tuning on the long videos data (Dubey et al.| 2024} Bai et al., 2023} | Xiong et al., 2023)). While
these approaches enable handing longer video input, the former may result in the loss of significant
information, affecting the understanding of long videos; the latter takes considerable computation
and GPU memory costs. Therefore, a more efficient method is urgently needed for long video
understanding task.
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(a) Left: The overview of VideoDetective equipped with an efficient question-aware memory mechanism.
Right: Evaluation results on multiple long video benchmarks.
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(b) Left: Visual Needle-In-The-Haystack evaluation. The x-axis represents the total number of frames in the
video haystack. The y-axis shows the position where the needle image is located. Gray grids mean “OOM’.
Right: Inference efficiency compared with LoRA and two long video models.

Figure 1: We present VideoDetective, an Multi-modal Large Language Model equipped with effi-
cient question-aware memory mechanism. As shown in Fig. [I(a)] it features recurrently seeking
critical clues related to question from minutes or even hours-long videos. Compared to entire
videos, only a few special tokens are used to answer question, thus saving GPU memory usage while
effectively leveraging crucial information. Fig.[I(b)shows the Visual Needle-In-The-Haystack eval-
uation (Zhang et al.}[20244d) and inference efficiency. Our proposed efficient question-aware memory
mechanism enables models with limited context length, such as Qwen2.5-VL, to efficiently process
4K video frames input, requiring only 2 minutes and 37GB GPU memory usage. Moreover, com-
pared to other long video understanding models, VideoDetective could more effectively seek critical
“needles” from video haystack, demonstrating superior long video understanding capabilities.

Essentially, a long video contains a massive amount of information, most of which is redundant and
irrelevant to the question, Thus, it is a more efficient approach is to seek small amount of crucial
clues. For example, as shown in Fig.[I(a)] in the cartoon video of “Tom and Jerry”, there are three
critical clues indicating that the small kitten and Jerry are friends (as marked by the red dashed line).
Only combining these clues, the model can correctly answer the question “Why didn’t the small
kitten catch the mouse?” More intuitively, when we humans complete this task, we usually adopt a
strategy of thinking while watching, that is, thinking with questions in mind. During this process,
we look for important information related to question and remember them in our mind. Then we
continue to watch subsequent video content until end. Finally we integrate all collected information
in the past to answer question. Compared with watching entire video at once and then thinking about
question, this strategy is easier and more efficient.

Inspired by this progressive thinking process, we propose an efficient question-aware memory mech-
anism, enabling models to recurrently seek critical clues related to question from long videos.
Specifically, it consists of two parts: 1) question-aware compression of visual tokens: we first
append a few learnable special tokens (also called memory tokens) to the end of each input video
sub-segment. To avoid missing crucial information, the questions are inserted before memory to-
kens to achieve purposeful compression. Therefore, these memory tokens naturally serve as queries
and could aggregate crucial semantic representations due to the causal attention and autoregressive
properties of language models (Lester et all, 2021}, [Kitaev et al.| 2020). 2) recurrently seek crit-
ical clues: as history context could also have a significant impact on critical clues, the memory
tokens with crucial semantic from each sub-segment are extracted and stored in the memory bank
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to update history context. They would be reused as additional inputs when processing subsequent
sub-segments. Finally, only extremely few memory tokens are used to answer the question, without
relying on any video input, thus saving GPU memory usage while effectively seeking critical clues.

Further, to more effectively measure the model’s ability to seek critical clues from long videos,
we introduce GLVC (Grounding Long Video Clues), a long video question-answering dataset that
features grounding concrete and critical clues scattered throughout entire long videos. Although
there have been many long video benchmarks available, the tasks in them can be completed relying
solely on a small set of sampled video frames, and they mainly evaluate model’s final prediction
results. Different from them, GLVC includes concrete crucial clues and timestamps (as shown in
Fig. @()), which can be used to quantitatively assess whether the models truly understand long
videos. Experimental results across multiple benchmarks, as shown in Fig. (Right) demonstrate
our method achieves superior results. Further, the evaluation results on GLVC dataset illustrate it has
stronger capability to seek critical clues compared to other long video understanding models.Overall,
our contributions can be summarized as follows.

* We propose an efficient question-aware memory mechanism to recurrently seek critical
clues related to question from long videos, enabling models with limited context length
of 32K to efficiently process 100K tokens (an hour-long video sampled at 1fps), only
requiring 2 minutes and 37GB GPU memory usage.

* To more effectively measure model’s ability to seek critical clues from long context, we
introduce GLVC (Grounding Long Video Clues), a long video question-answering dataset.
Different from existing long video benchmarks, it features grounding critical and concrete
clues scattered throughout entire videos.

» Experimental results across multiple long video benchmarks show that our method can
significantly reduce GPU memory usage with comparable inference time while effectively
seeking critical clues from long videos, demonstrating great potential on hours-long video
understanding tasks.

2 RELATED WORK

2.1 MLLMS FOR SHORT VIDEO UNDERSTANDING

In the past few years, MLLM:s for short video understanding have made significant progress (Cheng
et al., 2024; [L1 et al., 2023} |Ataallah et al.| [2024; Sun et al., |2024; |Lin et al., [2023). VideoLLaMA
2 (Cheng et al., [2024) incorporates a tailor-made spatial-temporal convolution connector to effec-
tively capture the intricate spatial and temporal dynamics of video data. Video-LLaVA (Lin et al.,
2023)) aligns multi-modal representations before projection and endows LLM with the ability to
comprehend both images and videos simultaneously. To obtain fine-grained temporal information
required by video understanding, Sun et al. (Sun et al., |2024) propose a multi-resolution causal Q-
Former structure. These works mainly focus on short video understanding, and the models have
difficulty in handling long videos.

2.2 LONG VIDEO QUESTION ANSWERING

Originating from long text modeling in natural language processing, some research works (Song
et al., 2024} [Weng et al.l 2024; L1 et al., 2024b; |Qian et al, [2025) have been attempted to solve
the long video question answering task. Song et al. (Song et al., [2024) and Weng et al. (Weng
et al 2024) merge the most similar tokens in the adjacent frames to reduce token numbers and
enable LLMs to process long videos. LLaMA-VID (Li et al., 2024b)) represents each frame with two
distinct tokens, namely context token and content token to reduce the computational overhead while
preserving the critical information. Qian ef al. (Qian et al.l 2025) sequentially encodes video clips
and distills condensed representation using a constant number of video tokens. While these works
can effectively reduce token numbers, they usually adopt a purposeless compression method, which
may lose important information. Unlike them, our method can effectively seek critical information
related to question using only few tokens.
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Figure 2: (a) The architecture of our VideoDetective model. The video segment is divided into
multiple sub-segments, which are processed by visual encoder to get multi-modal embeddings.
Then these embeddings are separated by special <split> tokens and the model processes each
sub-segment recurrently. (b) The question-aware memory mechanism in attention module at every
transformer layer of LLMs. During the process of processing each sub-segment, only few special
memory tokens <memory> are appended at the end of sub-segment sequence. Then the memory
tokens from all past sub-segments and current sub-segment perform attention calculations with other
tokens, and then all the memory tokens are aggregated and stored as historical information for sub-
sequent sub-segments.

(a)

2.3 LONG VIDEO UNDERSTANDING BENCHMARKS

For long video understanding, researchers have proposed numerous benchmarks (Wang et al.,[2024aj;
Zhou et al.l 2024; Wu et al, 2024} [Fu et al., [2025) from various perspectives to evaluate the
model’s ability. For example, the LVU dataset (Zhou et al. [2024) collected movie videos with
varying lengths and constructed diversified tasks to comprehensively evaluation the model’s abil-
ity. LongVideoBench (Wu et al.| [2024)), includes varying-length web-collected videos with subtitles
across diverse themes, featuring video-language interleaved inputs up to an hour for longer and
richer inputs. However, these benchmarks simply evaluate model’s final prediction results, which
can not comprehensively prove the model truly understands long videos. In this work, we further
propose the GLVC dataset, which could be used to more effectively measure model’s ability to seek
critical clues from long context.

3 METHOD

In this section, we first introduce the model architecture of VideoDetective in Sec. then we
provide a detailed introduction about question-aware memory mechanism in Sec. [3.2] followed by
the training and inference process in Sec.[3.3].

3.1 MODEL ARCHITECTURE

The model architecture of VideoDetective follows a standard design, which includes a visual en-
coder, a visual-language projector, and an LLM backbone equipped with an efficient question-
aware memory mechanism, as shown in Fig. J(a). Given a question Q and a long video input
T = {I; ¢ REXWXAT | "where H, W, C represent the height, width and channels respectively, T
is the number of video frames, the model needs to predict the answer, denotes as .A. The long video
is first divided into S sub-segments V = {V;}7_,. Then we expand the tokenizer by adding an addi-
tional special token <split>, which is inserted between adajcent video sub-segments to facilitate
distinction. The efficient question-aware memory mechanism is applied in the attention modules of
each transformer layer of the LLM backbone, as shown in Fig.[2(b). Next, we will provide a detailed
introduction to this module.
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3.2 EFFICIENT QUESTION-AWARE MEMORY MECHANISM

Question-aware Compression of Visual Tokens Due to the causal attention and autoregressive na-
ture, the language models will spontaneously aggregates the sequence information onto the last few
tokens (Lester et al., [2021} [Kitaev et al.,2020). These tokens naturally serve as a compact represen-
tation and provide a high-level summary of current input sequence. Therefore, we can introduce a
small set of learnable memory tokens M = {<memory>y,--- , <memory>; }, where k is the num-
ber of memory tokens. Then these tokens are appended to the end of the video segments to compress
visual tokens. To avoid the loss of important information and achieve purposeful compression, we
additionally insert the questions into current inputs to facilitate seeking critical clues. Therefore, the
inputs are organized as:

{V17QaM1}a<Split>7{‘/27Q7M27}7<Split>7"' a{‘/S7Q7MS}a<Split>7Q7 (1)
| —— —_——— —_———
Segi Sega Segs

where M; is the memory tokens for video segment V;. Considering the video sub-segments of
different lengths may contain varying amounts of information, thus requiring storage of more critical
clues, we introduce a compression ratio « to dynamically adjust the number of memory tokens. It
can be formalized as k = N;/«, where N; is the visual token numbers of V;.

Recurrently Seek Critical Clues A long video is
split into S sub-segments, which are processed re-
currently. In each iteration, the model needs to seek :
and preserve critical semantic representations re- O [T [ [T T Subsegment3

lated to question, which are then input as history ! .

context for subsequent processing steps. Specifi- LD TR EE - subsamentz

cally, as shown in Fig. 2[b), assume in the t;, iter- DEEEEEEE [T CETT]  subsegment1
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the memory tokens M, for current video segments

V; are first converted into memory embedding, and  Figure 3: The training and inference process.

then multiplied with three trainable matrices q% , toobtain Q™, K™, and V'™:

[T 1 -+ O3 O CTT Training or Inference

QM K™ V™ =W, E™(M,), 2

where E™(-) is a trainable token embedding similar to word embedding in LLMs. The Q, K, V for
video and question embeddings can also be obtained in the same way:

Q7K7V:Wq,k,v'g([F1§OFQDa (3)

where g(o) denotes concatenation operation. The query, key, and value in self-attention calculation
can be denoted as:

query = g([Q o Q™]), )
key = g([F{"" o K o K™)), )
value = g([FP** o V o V™)), (6)

where FP?*| FPa5t are history context stored in the memory bank from previous iterations. Finally,
we aggregate and extract the semantic representations corresponding to memory tokens from results
of self-attention computation, which include critical clues related to question. These representations
are stored in memory bank to update history context.

Since above process occurs in each transformer layer, the memory bank stores history context from
all layers, which are then extracted and reused to each layer in subsequent iterations. In the last step
of iteration, the model predicts the answer only based on the history context stored in the memory
bank, without relying on any video inputs.

3.3 TRAINING AND INFERENCE PROCESS

Fig. 3| demonstrates the overview of training and inference process. As mentioned in sec [3.2] the
number of memory tokens will gradually accumulate with the iterations progress. During training
process, memory tokens do not participate in loss calculation, and they are only used as an implicit
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semantic representation related to question. Therefore, the training loss only consists of the cross-
entropy loss:

l
‘C = Z 7109 p(xj|V17Mla Q» e 3V57MSa an(b "'7xj—l)a (7)

j=1
where [ is the token numbers of output O.

During the inference process, all sub-segments are processed in the same way as the training process.
After all sub-segments are processed, the question and all memory tokens are used as input to predict
the answer, without any video inputs. The next token is predicted as:

p(l'j|M1,...,MS7$0,...,.'L‘j,1), ()

4 GLVC DATASET

Evaluating the model’s ability to understand long videos is of significant importance. Although there
have been many long video benchmarks available, they mainly assess the model’s final prediction
results, which can not guarantee the model truly understands long videos. Inspired by the Visual
Needle-In-The-Haystack evaluation (Zhang et al.,|2024a), we further propose the GLVC (Grounding
Long Video Clues), a long video question-answering dataset that features grounding critical and
concrete clues scattered throughout entire videos. In this section, we first introduce the construction
pipeline of GLVC dataset in Sec. #.T|and then provide a detailed analysis in Sec.d.2]

4.1 DATASET CONSTRUCTION PIPELINE

Fig.[4(a)| shows the process of dataset construction in detail. Our video data comes from IMDB Top
250 high-rated movies. We first filtered out non-English movies and those before 1960s. Then we
crawled cast images from IMDB website for these movies, and leveraged face detection toolbox[]
and face re-identification model (Chen et al.,|2023)) to obtain character’s images from movie videos.
Due to fixed video lengths could disrupt the semantic integrity of plots, we divide the entire movie
video into multiple segments based on the scenes. Specifically, we first collected corresponding
OCR subtitles from opensubtitles websiteﬂ which includes subtitle data and timestamps. Then we
leveraged the powerful reasoning ability of OpenAl ol model to divide complete segments based
on the semantics in the subtitles. These segments are manually checked, corrected, and filtered out
inappropriate samples that are too long or too short. Finally, the character images, video segments,
and corresponding subtitles are used as inputs. Based on the in-context learning method, we use
Gemini 2.5 Pro model (Comanici et al.,2025) to annotate question-answer pairs, concrete reasoning
and timestamps for the answer.

4.2 DATASET ANALYSIS

The GLVC dataset includes 135 movie videos, with a total duration of 284 hours, covering 20 movie
genres. There are a total of 10K training samples and 2K samples for evaluation. The video lengths
vary between 2 ~ 10 minutes. Clues for each question are scattered throughout the entire video,
which can more effectively evaluate the model’s long video understanding ability.

The evaluation of model’s capabilities includes two parts: 1) The semantic correctness of reasons
predicted by the model. 2) The soft temporal IoU between timestamps of critical clues predicted by
the model and ground truth. Since the specific timestamps of clues could be a vague and approx-
imate range, we introduce a “tolerance” #. When the difference between the predicted timestamp
of the model and the ground truth is less than 6, the prediction of the model for this timestamp is
considered correct. These three metrics can more comprehensively evaluate whether the model truly
understands long videos.

'nttps://github.com/deepinsight/insightface
https://www.opensubtitles.com/


https://github.com/deepinsight/insightface
https://www.opensubtitles.com/

Under review as a conference paper at ICLR 2026

Dovieldaty 0:25:11.49,0:25:14.19, Everybody in here's innocent. Didn't you know that?
0:25:14.79, 17.99, What you in here for? Didn't do it. Lawyer fucked me.
IMDB Movie: Collect OCR 0:25:21.09, 23.59, Rumor has it you're a real cold fish.
The Shawshank Redemption @ 0:25:23.79,0:25:27.39, You think your shit smells sweeter than most. Is that right?
0:25:40.99,0:25:43.49, I wonder if you might get me a rock hammer.

&

Scene division }4—

Complete Scene
scene video timestamp
[Scene 1] [0:23:55.59, 0:26:35.59] [subtitles]
[Scene 2] [0:26:37.19, 0:29:00.89] [subtitles]
l 3 Question: What item does Andy Dufresne seek to acquire from Red?
) (A): Shoelaces (B): A stick of gum
== | (C): A rock hammer (D): An invisible coat

o[> Gemini2.5Pro ——

i Answer: (C)
[l' Boyd Reason: Andy's subtle humor about not using a "rock hammer" and...
1S BOoyd  Andy Dufresne Clues: [[26s, 29s], [32.1s, 35.0s], ...]
‘Red’ Redding

Character images

(a) The detailed construction pipeline of GLVC dataset.

Question: How does the relationship between Andy and Red evolve throughout the events shown?
00:10 01:40 03:30 05:00 t

Red is terrified for Andy | I A genuine friendship built on shared moments

Answer: (B) It transitions from Red's apprehensive concern for a fellow inmate to a genuine friendship built on mutual respect and shared moments.

Reason: Initially, Red is terrified for Andy... After the beer incident... Red readily agrees to help Andy... The final, candid exchange about their respective crimes
signifies a level of trust and intimacy far beyond their initial interactions.

Clues: [[41s, 47.4s], [70s, 75s], [105s, 114s], [331.1s, 334.2s]]

(b) A data example from the movie “The Shawshank Redemption” in GLVC dataset.

Figure 4: The overview of GLVC (Grounding Long Video Clues) dataset.
5 EXPERIMENTS

5.1 IMPLEMENT DETAILS

The video data is sampled at 1 fps and each frame is resized to 224 x 224. The parameters of LLM
is initialized from Qwen2.5-VL-7B (Bai et al., |2025). The trainable memory token embedding is
initialized with bos token embedding of LLMs, and three matrices WqTf”kw are initialized with the
parameters of W, 1, in LLMs. We employ a two stage training strategy, including warmup and
long video training stages.

Warmup We found that in the early stage of training, the model has not yet learned to make predic-
tions based on memory tokens for long videos, resulting in high losses and gradients. To maintain
training stability, we first warmup the memory-related trainable parameters. Specifically, we col-
lected 8 K pairs of video-caption data, uniformly sampling up to 60 frames at 1 fps for each video.
Each video segment contains 32 frames, with a fixed compression ratio of 32. The learning rate is
1 x 1075, This warmup stage allows the model to learn to understanding the entire video content
using a limited number of memory tokens.

Long video training In this stage we collect videos from NExT-QA (Xiao et al., 2021)(32K),
LongVideo-Reason (Chen et al., 2025)(51 K), MovieChat (Song et al.,[2024)(1 K), Cinepile (Rawal
et al.|[2024)(25K) and GLVC dataset for long video question-answering training with a global batch
size 64 and learning rate 1 x 10~%. The compression ratio is 16. The video is uniformly sampled up
to 512 frames at 1 fps. Each video segment contains 32 frames.
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VideoMME (w/o sub.) VideoMME (w/ sub.)

Model Size Short Medium Long Avg. | Short Medium Long Ave. ‘ MLVU Test | LVBench | VideoVista | MVBench | Cinepile | NextQA
Closed-source Pioneering MLLMs
Gemini-1.5-Pro (Reid et al.}2024 81.7 74.3 674 750 | 84.5 81.0 774 813 64.0 - 60.5 60.12
GPT-40 (OpenAl}2024 80.0 70.3 653 719|828 76.6 721 712 549 66.7 783 64.6 56.06
Claude 3.5 Sonnet {Anthropic}2024] 71.0 574 512 60.0| 735 60.1 547 629 - - - - -
Open-source General MLLMs
mPLUG-OwI3 (Ye et al.|2024 7B | 70.0 57.7 50.1 593 72.8 66.9 645 68.1 17.2 59.8 - 38.27
MiniCPM-V 2.6 (Yao et al. 2024 8B | 71.3 59.4 51.8 609 | 73.5 61.1 563 63.7 - 54.9 - 46.91
InternVL2|Chen et al. {2024b 34B | 72.0 59.1 526 612|728 61.3 530 624 45.7 59.3 - 43.86 -
LLaVA-Next-Video (Zhang et al.12024b} 34B | 61.7 50.1 443 5201 65.1 522 472 549 50.5 - 56.7 -
VideoLLaMA 2 (Cheng et al.;2024 72B | 69.8 59.9 576 624 | 72.0 63.0 59.0 64.7 45.6 60.5 34.1
Open-source Long Video MLLMs
LLaMA-VID|Li et al. 2024b| 7B - - - - - - - - 17.2 - 56.9 41.4
LongVA|Zhang et al.|(2024a] 7B | 61.1 50.4 46.2 526 | 61.6 53.6 47.6 543 41.1 - 67.4 - 41.04
LongLLava Wang et al. {(2024b] 7B | 61.9 514 454 529 66.2 54.7 503 57.1 - - - 49.1
Video-XL|Shu et al. {2025 7B | 64.0 532 492 555|674 60.7 549 61.0 45.5 50.7 70.6 553 -
LongVILA{Chen et al.}2024a 7B | 69.0 583 530 60.1| 729 649 574 65.1 571 - - 80.7
VideoDetective (Ours) 7B 686 616 560 621|704 665 635 668| 458 | SLI | 743 | 583 67.1" | 793

Table 1: Experimental results on mainstream short and long video benchmarks. * indicates CinePile
training set is included in training data, while results for other models are zero-shot evaluation.

5.2 QUANTITATIVE RESULTS AND ANALYSIS

Evaluation benchmarks We evaluate VideoDetective’s ability on two types of video bench-
marks: 1) Long video understanding benchmarks, including Video-MME (Fu et al., [2024),
LongVideoBench (Wu et al., [2024), MLVU (Zhou et al.l 2024), VideoVista (L1 et al., [2024c)
and Cinepile (Rawal et al) [2024). 2) Short video question answering benchmarks, including
MVBench (Li et al.,|2024a) and NextQA (Xiao et al., [2021)). These benchmarks mainly encompass
question-answering tasks in long and short video scenarios.

Compared models The compared models mainly include three categories: 1) Closed-source mod-
els: existing pioneering commercial models, which typically have long context lengths and pow-
erful general video understanding capabilities, including Gemini 1.5 Pro (Reid et al.| 2024), GPT-
40 (OpenAl, 2024) and Claude 3.5 Sonnet (Anthropicl 2024), etc.; 2) Open-source general mod-
els, which are usually trained on massive video data and possess general multi-task understand-
ing capability, including mPLUG-OwI3 (Ye et al.l 2024), MiniCPM-V 2.6 (Yao et al.l 2024), In-
ternVL2 (Chen et al.,[2024b)), LLaVA-Next-Video (Zhang et al.,|2024b) and VideoLLaMA 2 (Cheng
et al., 2024), etc.. 3) Open-source long video understanding models, which are specifically de-
signed for understanding long videos, including LLaMA-VID (Li et al.| [2024b)), LongVA (Zhang
et al.,|2024a), LongLLaVA (Wang et al.,2024b), Video-XL (Shu et al.,|2025)) and LongVILA (Chen
et al.l [2024a)), etc..

Evaluation results across multiple video benchmarks. We present the performance of VideoDe-
tective on popular long and short video benchmarks in Tab. [I] Compared with closed-source ad-
vanced models with massive parameters and powerful general capabilities, there is still some per-
formance gap on these benchmarks. On the long video understanding benchmarks, VideoDetec-
tive surpasses most models, including the open-source general models with similar number of pa-
rameters (mPLUG-Owl13 and MiniCPM-V 2.6), as well as larger models (34B and 72B). Com-
pared to other long video understanding models with same scale, VideoDetective also demon-
strates excellent performance, achieving the best results on the Video MME, MLVU and VideoVista
benchmarks, especially for medium and long videos in VideoMME, highlighting VideoDetective’s
strong capability in understanding long videos relying on seeking critical clues. It is worth noting
that on the LongVideoBench, VideoDetective lags behind other models. This is mainly because
LongVideoBench features video-language interleved inputs up to an hour long. In our method,
each video sub-segment is approximately 30 ~ 60 seconds long, which would include a significant
amount of language content, thus increasing the context length of each sub-segment, making it more
challenging to seek clues. VideoDetective also performs well on short video benchmarks. Specifi-
cally, it surpasses other open-source models on MVbench and achieves comparable performance on
NextQA and the short video testing in VideoMME.

5.3 VISUAL NEEDLE-IN-THE-HAYSTACK EVALUATION

To explore VideoDetective’s capability in handling long video inputs, we further conducted the
Needle-In-The-Haystack evaluation (Zhang et al., [2024a). As shown in Fig. [[(b)(c), we primarily
compared the baseline model Qwen2.5-VL and two long video understanding models, LongVA and
LongLLava. Since the Qwen2.5-VL model lacks the capability to understand extremely long videos,
it encounters memory overflow issues when the number of input frames reaches 800. Although
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Score mloU@5 mloU@10 mloU@15
Model

w/o sub. w/ sub. | w/o sub. w/sub. w/osub. w/sub. w/osub. w/sub.

Longl.Lava Wang et al.|(2024b) | 0.47 0.56 14.5 22.5 16.7 23.3 20.8 25.6
LongVA |[Zhang et al.|(2024a) 0.52 0.58 15.4 17.0 23.1 25.6 29.4 325

VideoDetective (Ours) | 0.62 0.69 | 235 266 | 362 37.3 42.0 449

Table 2: Evaluation results on GLVC dataset. “Score” represents the semantic similarity between
the reasons predicted by model and actual reasons. “mloU@k” indicates tolerance # = k seconds.

LongVA and LongL.Lava can handle longer video frames, such as 1.2K and 3K, their performance
significantly declines. In contrast, VideoDetective, equipped with an efficient question-aware mem-
ory mechanism, can process up to 4k video frames and still achieve satisfactory results.

Experimental results on GLVC dataset Although the Visual Needle-In-The-Haystack evaluation
can benchmark model’s ability to accurately retrieve information from long context, the “needle”
in this evaluation is merely a single image inserted at one position in an hour-long video. To more
effectively measure the model’s capability to seek critical clues from long videos, we further eval-
uated the performance of long video models on the GLVC dataset. As shown in Tab. |2} it can be
found that compared with LongVA and LongL.LaVA models, Video Detective achieves higher GPT
scores and mloU at € values of 5s, 10s, and 15s, respectively. This indicates that, with the help of
our question-aware memory mechanism, Video Detective can more effectively seek crucial clues.
Additionally, subtitle data can also help enhance the model’s long video understanding ability.

5.4 INFERENCE EFFICIENCY

We further evaluated the inference efficiency of our method compared to LoRA fine-tuning, LongVA
and LongLLaVA, including inference time and GPU memory usage. As shown in Fig. [I(b)| (Right),
our method can process longer videos with comparable inference time but much lower memory
usage. Video Detective recurrently processes each seconds-long sub-segment, which does not lead
to excessive memory usage while effectively seeking critical information related to question. More
importantly, it can process an hour-long video at 1fps (3600 frames) while effectively seeking critical
clues, which only requires 2 minutes and 37GB memory usage.

5.5 ABLATION RESULTS

To validate effectiveness of our method, we con-
ducted ablation experiments with different com-
pression ratio; As shown in Fig. [5] we evaluated
model’s performance on MLVU and VideoMME
benchmarks with a fixed compression rate 16, 32
and 64, respectively. Experimental results show
that when compression rate is fixed, the model’s
performance gradually decreases as the compres-
sion ratio decreases. This is because a larger com- : .
pression ratio will lead to fewer memory tokens, Fixed compression ratio
and thus less information can be sought.

Acc

Figure 5: The impact of compression ratio a.

6 CONCLUSION

In this work, we propose an efficient question-aware memory mechanism, enabling the model to
recurrently seek critical clues from long videos. Experimental results on multiple long and short
video benchmarks demonstrate the significant potential of our method in understanding long videos.
Furthermore, to more effectively evaluate the model’s ability to seek critical clues, we have con-
structed the GLVC dataset, which features concrete clues and allows for the quantitative assessment
of the model’s long video understanding capabilities.
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A APPENDIX

A.1 DATASET EXAMPLE

To facilitate readers’ understanding of our GLVC dataset, we have provided two additional data
examples from the films "The Truman Show” and “Harry Potter and the Deathly Hallows.” As
shown in Fig.[6] answering the questions in these examples requires collecting sufficient clues from
the entire video, rather than relying solely on a few video frames. These clues may be scattered
across different corners of the video, allowing for a more comprehensive assessment of a model’s
ability to understand long videos.

A.2 ABLATION RESULTS

Question-aware and history context. Tab.[3|shows
the ablation results on question-aware compression
of visual tokens and history context. “w/o. question-
aware” means the memory tokens do not pay atten-

Table 3: Ablation results on history context
and question-aware compression of visual to-

tion to question when processing each sub-segment. Kens. — N —
. . . etho esl ex
The experimental results show that they are an indis- Wo. question-aware 13 EY)
pensable part of our question-aware memory mech- w/o. history context 43.7 75.2
Video Detective (Ours) 458 79.3

anism. “w/o. history context” means previous mem-
ory tokens are not reused when processing each sub-segment, and only when predicting answers all
the memory tokens are used.
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Question: How does the power dynamic between Christof and Truman evolve during their exchange?
00:05 00:40 01:15

Creator's Dominance | i Erosion of Control

Inversion of Power

Answer: (B) The dynamic shifts from Christof having total control to Truman gaining the upper hand by choosing the unknown and denying Christof a final, televised
resolution.

Reason: The scene opens with Christof in a position of absolute power, literally speaking from the heavens to explain Truman's existence to him (9.7s-23.3s). He
attempts to maintain this control through a combination of paternalistic affection (' have been watching you your whole life' 76.25-94.0s) and fear-mongering about
the outside world (37.0s-44.3s). However, the power visibly shifts once Truman reaches the exit door. Christof's commands become pleading (‘Talk to me. Say

something.' 124.2s-127.8s) and then furious (132.6s-137.8s), revealing his impotence. Truman, by holding the power of choice and remaining silent, seizes control of
the narrative and renders the creator powerless.

Clues: [[9.7s, 23.3s], [37s, 44.3s], [76.2s, 94s], [124.2s, 127.8s] , [132.6s, 137.85]]]

(a)

Question: How does the group's primary strategy for getting into the vault evolve over the course of the events shown?

00:10 01:30 02:50 03:15 t

ARl G0N - Tk
f‘ \ y : &

Shift to Magical Force

Answer: (B) They transition from an attempt at stealthy impersonation to forceful magical control.
Reason: The group's initial plan is entirely dependent on Hermione's ability to impersonate Bellatrix Lestrange, a strategy of pure deception (10.3s~17.4s,
102.1s~104.2s). However, her unconvincing performance and the goblins' prior warnings (128.6s~136.7s) cause this plan to unravel. When faced with a final,
insurmountable obstacle\u2014the demand for the wand (155.1s~158.4s)\u2014they pletely abandon the imp ion tactic. The strategy then shifts to one of
direct, coercive force when Harry casts the Imperius Curse to magically compel the goblins' cooperation (179.3s~180.1s, 187.0s~190.7s).

Clues: [[10.3s, 17.4s], [102.1s, 104.2s], [128.6s, 136.7s], [155.1s, 158.4s], [179.3s, 180.1s], [187.0s, 190.7s]]

(b

Figure 6: Two data examples in our GLVC dataset comes from the movie “The Truman Show” and
“Harry Potter and the Deathly Hallows”.

A.3 LLM USAGE

We employed a large language model (LLM) solely for linguistic refnement of this manuscript,such
as grammar correction, phrasing improvement, and style polishing. The LLM was not involvedin
research design, data collection, model development, experiments,or analysis, All scientifccontribu-
tions, results, and conclusions are entirely the work of the authors.
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