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Abstract

Recent advancements in large-scale video-language models
have shown significant potential for real-time planning
and detailed interactions. However, their high compu-
tational demands and the scarcity of annotated datasets
limit their practicality for academic researchers. In this
work, we introduce VideoLLaMB, a novel and efficient
framework for long video understanding that leverages
recurrent memory bridges and temporal memory tokens to
enable seamless encoding of entire video sequences with
preserved semantic continuity. Central to our approach is
a SceneTiling algorithm that segments videos into coherent
semantic units, facilitating robust understanding across
tasks without requiring additional training. VideoLLaMB
achieves state-of-the-art performance, surpassing existing
models by 4.2 points on four VideoQA benchmarks and
by 2.06 points on egocentric planning tasks. Notably,
it maintains strong performance under extreme Vvideo
length scaling (up to 8x) and excels at fine-grained frame
retrieval on our proposed Needle in a Video Haystack
(NIAVH) benchmark. With linear GPU memory scaling,
VideoLLaMB processes up to 320 frames using a single
Nvidia A100 GPU, despite being trained on only 16
frames—offering an unprecedented balance of accuracy,
scalability, and cost-effectiveness. This makes it highly
accessible and practical for the academic community.

1. Introduction

Recent advancements in large-scale video language models,
exemplified by GPT-40 and Project Astra have captivated

*“Equal contributions
Correspondence to Zilong Zheng (zlzheng @bigai.ai).

global attention due to their potential for sophisticated inter-
action with real-world environments [23, 81]. These mod-
els are particularly noteworthy for their capacity to com-
prehend streaming video [65], which can be conceptual-
ized as video with an unlimited context length. This capa-
bility necessitates both the observation of the current state
and the ability to leverage long-term memory. Despite their
promise, the training of such large-scale video-language
(VidL) foundational models remains impractical for aca-
demic researchers. This impracticality arises from the sub-
stantial computational resources required by the complex,
high-dimensional nature of long streaming video data, in
addition to the scarcity of well-annotated, publicly available
video-language datasets. These factors present significant
challenges to scaling video-language models to the extent
observed with large language models (LLMs).

To circumvent these challenges, the community has wit-
nessed a growing interest in developing computationally ef-
ficient multimodal large language models (MLLMs). Tradi-
tional methods resort to video compression strategies, such
as sampling [34, 76], aggregation [70], semantic consoli-
dation [54], and resampling [20, 39], in order to temporally
reduce the length of the video. Yet, these methods often lead
to the loss of critical visual cues, undermining the model’s
ability to capture essential cues. Other approaches [47, 61]
segment videos into shorter clips to mitigate the com-
putational load of processing long videos. However,
segmentation can disrupt the semantic flow of content,
complicating the encoding process and potentially impact-
ing the general understanding of the video narrative. Lastly,
prevalent video understanding benchmarks, primarily based
on linguistic question-answering pairs, exhibit static [26]
and/or language biases [50, 82]. These biases favor models
that rely more on static imagery or textual elements, re-
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spectively, and fail to provide a comprehensive assessment

of a model’s capability on extended video sequences.

To address these multifaceted limitations, we introduce
VideoLLaMB, an innovative framework that learns tempo-
ral Memory tokens within Bridge layers that recursively en-
code the entire video content, ensuring that no visual infor-
mation is discarded deliberately (Figure 1; §2). Specifically,
we devise Memory Bridge Layers, equipped with recurrent
memory tokens, that function without altering the architec-
ture of the visual encoder and LLM. Furthermore, to mit-
igate the backpropagation through time (BPTT) issue, we
maintain long-term dependencies by preserving recurrent
memory tokens in a memory cache, which is periodically
refreshed through a retrieval process. To compensate for the
limitations of the sliding window technique, we propose the
SceneTiling algorithm that divides the video into relatively
independent sequences of semantic segments. This reduces
the dimensions within each semantic unit without sacrific-
ing semantic details. By constructing our recurrent memory
with a retrieval mechanism based on these semantic seg-
ments, our method strikes a balance between effective and
efficient comprehension of the current state and long-term
memory retention.

In §3, we highlight the empirical advantages of VideoL.-
LaMB in comparison with prior arts as:

* Long-Term Memory Reservation. We demonstrate
the effectiveness of VideoLLaMB in comprehensive
long video understanding and enhanced frame retrieval
through rigorous testing on established benchmarks. Us-
ing VideoMME [16], EgoSchema [41] and NexTQA [67],
VideoLLaMB shows an average improvement of 4.2 ac-
curacy points over PLLaVA [70], despite utilizing the
same initialization and training video dataset. Notably,
VideoLLaMB maintains robust performance even when
video lengths extend to eight times their original duration.
To further evaluate frame retrieval capabilities, we intro-
duce the multimodal Needle in a Video Haystack (NI-
AVH) test, where VideoLLaMB consistently identifies the
correct image within videos ranging from 1 to 320 sec-
onds, surpassing other methods as video length increases.

¢ Real-time egocentric planning. To evaluate our model’s
performance in video planning tasks, we used the dataset
EgoPlan [9]. Our method achieves the best performance
among all 7B video-language models, showing an im-
provement of 2.06 accuracy points over PLLaVA.

¢ Training-free streaming captioning. By employing the
SceneTiling algorithm, our method can automatically pre-
dict the end of a caption in streaming video without rely-
ing on special tokens during the training phase.

2. VideoLLaMB

VideoLLaMB is an extensible framework designed to en-
hance long video understanding, composed of three key

modules: semantic-based segmenter (§2.1), recurrent mem-
ory layer (§2.2), and memory retriever (§2.3). Each of these
components will be detailed in the subsequent sections. Fig-
ure 1 depicts the overall framework.

2.1. SceneTiling: Segmentation with Semantics

Semantic segmentation along temporal sequence has long
been recognized as an important task because it preserves
the non-linear structure of context and greatly aids in com-
pressing extensive context [8, 22, 43, 48, 60]. To address the
disruption of semantic flow (see §1), we introduce SceneTil-
ing, a model-free scene segmentation algorithm inspired by
TextTiling [21]. SceneTiling divides the entire video se-
quence into segments that are semantically distinct, ensur-
ing intra-segment coherence.

Formally, given a sequence of n frames {vy, va, ..., vn},
the SceneTiling algorithm is as follows.

1. Compute the cosine similarity S (-, -) between adjacent
frame pairs using the [CLS] token from ViT, result-
ing in a sequence of similarity scores {c1, ca, ..., Cn_1},
where C; = Sc(ViT(’Ui), ViT(UH_l)).

2. Calculate the depth score for each point as d; =
(cl; + cr; — 2¢;) /2, where cl; and cr; are the highest
score to the left and right of ¢;, respectively. A higher
depth score indicates that the surrounding similarity is
greater than at the point itself.

3. Calculate the expectation i and variance o of the depth
scores {dy,da,...,d,_1}. Set the segmentation thresh-
old as yu+ « - o, where « is a hyperparameter controlling
the likelihood of segmenting the video. Select the K — 1
depth scores that exceed the threshold to divide the video
into K semantic segments {s1, s, ..., Sk }. Each seg-
ment represents a relatively independent semantic unit
consisting of a sequence of frames.

Aside from temporal semantic segmentation, SceneTil-
ing enables streaming video captioning without requiring

training with special tokens [7, 15, 83].

2.2. Recurrent Memory Bridge Layers

Traditional recurrent memory-based Transformers [4, 5, 25]
incur significant computational costs when scaled up, i.e.,
O(L?/K), where L is the context length and K is the num-
ber of segments, primarily due to its recurrent mechanism
over the whole language model. More recently, some works
empirically identify that linear projection best withstands
visual information within MLLMs [35, 36, 79], albeit with
high space complexity, whereas the resampler has strong
compressing ability on semantic information [28], though it
tends to miss detailed information [69].

In this work, we devised a novel Recurrent Memory
Bridge Layer, implemented as Transformer blocks, that
integrates recurrent memory tokens within bridge layers
to enhance the linear layer’s memorization ability. For-
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Figure 1. Overview of VideoLLaMB. We first extract the video features using an off-the-shelf vision encoder, then apply SceneTiling
to segment the video into semantic segments (§2.1). Next, we use recurrent memory on these semantic segments to store video informa-
tion within memory tokens (§2.2). We further employ a retrieval mechanism to update the memory tokens and address long-dependency
issues(§2.3). Finally, we project the memory-token-augmented features from the current video segment into the LLM.

mally, for each video segment s;, we prepend a fixed
number of memory tokens, denoted as [m;;s;], where
m; represents the memory tokens. Subsequently, we
apply standard self-attention to this sequence, yielding
[miy1;0;] = BridgeLayer([m;;s;]). Here, m;y; is the
updated memory token, and o; is the visual representa-
tion from the bridge layers. This process is carried out
recursively, traversing the semantic video segments while
updating the memory tokens. After a total of k steps, this
output represents the condensed visual summary of the
video sequence and will serve as the input for the LLM.
As such, the Memory Bridge can compress past video into
memory while preserving current video scenes through
projection without losing detailed information.

2.3. Memory Cache with Retrieval

One of the primary challenges associated with recurrent
memory bridge layers is the potential for gradient vanish-
ing, which can impede the model’s ability to learn long-
range dependencies [29]. To mitigate this issue, we propose
the incorporation of a memory cache with a retrieval strat-
egy designed to preserve previous states of memory.

Memory Attention At each timestep ¢, the system stores
all previous memory tokens in a memory cache, denoted
as M; = [mq,...,m;]. We employ a self-retrieval mech-
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anism to update the current memory token m,. Specif-
ically, we treat m; as a query and the concatenated
memory cache M; as key and value. The model per-
forms a standard multi-head cross-attention operation to
integrate information from previous timesteps into the
current memory state, yielding the updated memory to-

ken myg1 = Softmax (W2mi (WX M:)T /i) W M;,

where W2, WK WY are weight matrices for query, key
and value, respectively.

Computational Complexity For bridge layers, we con-
sider three main components for the theoretical complexity:
(1) the self-attention within each segment, which scales as
O((C + M)?), where C is the segment length and M is the
length of memory tokens; (ii) the memory retrieval, which
scales as O(M K); and (iii) the recurrent processing. Con-
sequently, the overall time complexity of our approach is
O(K?), and the space complexity is O(K). For the LLM,
the complexity is O(M?). In practice, the segment length
C is a constant that depends on the constraint of LLM.
K is one M-th of L, thus our segmentation approach ef-
fectively compresses semantic units to an extreme degree,
thereby striking a favorable balance between computational
efficiency and model efficacy. Moreover, The number of
segments can be fixed to accommodate the constraints of



the environment.

3. Experiments

3.1. Setup

We utilize Vicuna-7B-v1.5 as the LLM and ViT-L/14 as
the visual backbone following Video-LLaVA [34]. Each
frame is resized and cropped to a dimension of 224 x224.
The Memory Bridge Layers are based on a single-layer
Transformer. Our model is trained and evaluated with 16
frames and 4 segments, following the same video data
protocol as PLLaVA [70].

3.2. Long-form Video Understanding

Baselines We conduct a comparative analysis of two
types of models: retrieval-based methods and generative
video-language models, as elaborated in Section 4. To
ensure fairness in our comparisons, we primarily focus
on state-of-the-art models such as LLaVA-NeXT-Video-
DPO [79] and PLLaVA [70], which utilize the same
base model and video datasets as our approach. Other
SoTA models, including MovieChat [54], MA-LMM [20],
VideoStreaming [47], and Video-x1 [52], are not consis-
tently included in all benchmarks due to variations in train-
ing data, model configurations, and benchmark settings.
Nevertheless, we evaluate the key compression settings of
these baselines using the same data and model configura-
tions as ours, as detailed in Sections 3.6 and 3.8.

Results on EgoSchema EgoSchema [41] consists of ego-
centric videos, each averaging 180 seconds in length. This
video QA dataset focuses on aspects such as understand-
ing, reasoning, and long-term memory. In our experiment,
we follow the precedent set by previous studies and use the
public subset for evaluation. The results are presented in Ta-
ble 1. Overall, our method significantly outperforms current
generative video language models trained on similar data,
demonstrating robust performance compared to other ap-
proaches and confirming its efficacy. Specifically, we com-
pare our method with PLLaVA [70], which shares the same
training data, LLM backbones, and input number of frames.
Our method shows significant improvements over PLLaVA,
indicating its superiority in understanding long egocentric
videos. While our method does not yet match the perfor-
mance of fine-tuned retrieval-based methods, we plan to ap-
ply our approach to larger language models to bridge this
performance gap.

Length Extrapolation The model is trained on 16-frame
sequences, divided into 4 segments. However, in real-world
scenarios, videos can be significantly longer than this train-
ing configuration. To demonstrate VideoLLaMB’s ability to
extrapolate to longer videos, we conducted experiments on
EgoSchema under two conditions: 1) dynamic segments,
which adaptively control the number of segments based on
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Figure 2. Length extrapolation results on EgoSchema dataset.

the SceneTiling threshold, and 2) static segments, fixed at
4 segments. Results in Figure 2 reveal that dynamic seg-
ments are more effective than static segments, especially
for shorter videos, indicating that our method can effec-
tively maintain an appropriate number of segments. How-
ever, as video length increases, the performance of dynamic
segments declines, notably at the 32-frame mark, where
both strategies use four segments. Beyond this point, in-
creasing the number of segments results in diminishing re-
turns, likely due to the domain gap from training on shorter
videos. To address this issue, we plan to fine-tune our mod-
els on longer videos for more substantial improvements.
Overall, compared to PLLaVA, our method maintains con-
sistent performance as the input length increases. In sum-
mary, our approach effectively extracts key information
from videos, outperforming the simple pooling strategies
used for memory consolidation in existing methods.
Results on NExTQA NExTQA [67], featuring daily-life
videos that average 45 seconds in length, is designed to test
a variety of question types, specifically temporal, causal,
and descriptive questions. We applied our method to NEx-
TQA to evaluate its temporal grounding ability. To maintain
consistency with established benchmarks, we used the val-
idation set for evaluation. In Table 2, we present the com-
prehensive results of our analysis. For a fair comparison,
our primary benchmark is against PLLaVA, which includes
instruction data from the NExTQA training set. Our method
surpasses PLLaVA by 2.9 points. Notably, our approach
demonstrates a significant enhancement in the temporal set-
ting, achieving a 4.6 point improvement over PLLaVA.
These results indicate that our scene-segment aware method
effectively improves the model’s temporal grounding abil-
ity by compressing abundant information within scenes that
share high semantic similarity.

Results on Long Context VideoQA We evaluate our
methods on the long video benchmark, VideoMME [16],
which contain videos ranging from 11 seconds to 1 hour in
length. The results are illustrated in Table 4. We compare
methods using the same training data and LLM backbones.
Compared to PLLaVA-B [70] and VideoChat-2 [30], our
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Model LLM Frames Accuracy
GPT4-0 OpenAl API 16 72.2
Retrieval-based Video-Language Models

LongViViT* 2024 - 256 56.8
MC-ViT-L* 2024 - 128 62.5
Generative Video-Language Models

SeViLA 2023 Flan-T5-XL 32 25.8
mPLUG-Owl 2023 LLaMA-7B 5 33.8
Video-LLaVA 2024 Vicuna-7B 8 40.2
LLaVA-NeXT-Video-DPO 2024  Vicuna-7B 32 41.6
PLLaVA 2024 Vicuna-7B 16 (16) 45.6
PLLaVA 2024 Vicuna-7B 32 (16) 43.8
VideoLLaMB (Ours) Vicuna-7B 32 (8) 53.8

Table 1. Results on Subset of EgoSchema under zero-shot set-
ting. *: the model has been fine-tuned using the training data from
EgoSchema. (n): n frames are used in training.

Model Temporal Causal Description All
GPT4-0 70.3 78.0 80.8 76.0
Retrieval-based Video-Language Models

AIO* 2023 48.0 48.6 63.2 50.6
VQA-T* 2021 49.6 51.5 63.2 52.3
ATP* 2022 50.2 53.1 66.8 54.3
VGT* 2022 52.3 55.1 64.1 55.0
MIST-CLIP* 2023 56.6 54.6 66.9 57.1
Generative Video-Language Models

SeViLA 2023 61.5 61.3 75.6 63.6
LLaMA-VID 2024 53.8 60.0 73.0 59.5
Video-LLaVA 2024 56.9 61.0 75.0 61.3
LLaVA-NeXT-Video-DPO 2024 55.6 61.0 73.9 61.3
PLLaVA* 2024 62.2 68.5 79.7 68.2
VideoLLaMB (Ours)* 66.8 71.6 78.4 71.1

Table 2. Comparison accuracy on NExT-QA. * indicates that the
instruction data includes the training data from NExTQA.

Method Vision - LIM o 4p AA FA UA OE Ol OS MD AL ST AC MC MA SC FP CO EN ER CI Avg
Encoder  Size
GPT-4V GPT-AV /555 635 720 465 735 185 590 295 120 405 835 390 120 225 450 475 520 310 590 110 435
MPLUG-OwI-1 2023 VILL 7B 250 200 445 270 235 360 240 340 230 240 345 345 220 315 400 240 370 255 210 37.0 294
LLaMA-Adapter 2024 ViLB 7B 23.0 280 510 300 330 535 325 335 255 215 305 290 225 415 395 250 315 225 280 320 317
BLIP2 2022 VITG  27B 245 200 335 17.0 420 515 260 310 255 260 325 255 300 400 420 27.0 300 260 37.0 310 314
Otter-12025 VILL 7B 345 320 395 30.5 385 485 440 295 190 255 550 200 325 285 390 280 270 320 290 365 33.5
MiniGPT-4 2023 VILG 7B 160 180 260 215 160 295 255 130 115 120 95 325 155 80 340 260 295 190 99 30 188
InstructBLIP 2023 VILG 7B 200 165 460 245 460 510 260 37.5 220 230 465 425 265 405 320 255 300 255 305 380 325
LLaVA 2023 VILL 7B 280 395 630 305 390 53.0 410 415 230 205 450 340 205 385 47.0 250 360 270 265 420 360
Video-LLaMA 2023 CLIP-G 7B 27.5 255 510 290 390 480 405 380 225 225 430 340 225 325 455 325 400 300 210 37.0 34.1
LLaMA-Adapter 2024 ViT.B 7B 23.0 280 510 300 330 535 325 335 255 215 305 290 225 415 395 250 315 225 280 320 317
Video-ChatGPT 2024 VILL 7B 235 260 620 225 265 540 280 400 230 200 310 305 255 395 [485 290 330 295 260 355 327
VideoChat 2023 CLIPG 7B 335 265 560 335 405 530 405 300 255 27.0 485 350 205 425 460 265 410 235 235 360 355
VideoChat2® 2024 UMTL 7B [ 660 47.5 83.5 [495 60.0 580 715 425 23.0 23.0 [885 390 420 585 440 [49.0 365 /350 405 655 51.1
PLLaVA 7B 2024 VILL 7B 580 49.0 555 410 610 560 610 360 235 260 820 395 420 520 450 420 535 305 480 31.0 466
PLLaVA 13B* 2024 ViT-L 13B 66.0 53.0 655 450 650 58.0 645 355 235 300 850 395 455 570 475 495 490 330 530 370 50.1
VideoLLaMB © (Ours)  ViTL 7B 520 [50.5 855 425 510 695 560 385 410 240 695 400 480 715 435 345 415 295 380 60.0 4933
VideoLLaMB # (Ours) ViTL 7B 545 47.0 865 445 520 790 585 320 [47.0 330 825 405 520 820 405 37.5 430 31.0 425 600 525

Table 3. Results on MVBench [32] multi-choice question answering. We highlight top-3 results among all 7B models of each category
in purple. a: training data from Xu et al. [70]. 3: training with data from Li et al. [32].

Model Data Short Medium Long All.  Comp.
LLaVA-NeXT-Vicuna 2024  LLaVA-NeXT 35.26 37.44 32.88 3544 1.00
VideoChat2 2023 VideoChat2 - - - 33.7 0.49
PLLaVA 2024 PLLaVA 46.44 38.00 3322 3822 0.25
VideoLLaMB « (Ours) PLLaVA 46.11 38.44 3422 3959  0.06
VideoLLaMB (3 (Ours) VideoChat2 49.22 39.11 35.89 4141 0.06

Table 4. Results on VideoMME. We list models that use the same
training data and Vicuna-7B backbones for fair comparison, for
existing SoTA models like Video-XL [52], VideoStreaming [47]
are trained on self-constructed dataset. Comp: Compression.

method shows improvements on both benchmarks. Notably,
our method demonstrates consistent improvements on long
videos in Video-MME with much less compression rate.

3.3. Comprehensive Video Understanding

We evaluated our method using the comprehensive video
understanding benchmark MVBench [32]. As shown in Ta-
ble 3, our approach maintains strong performance across
general video understanding tasks. Remarkably, with the
same training data as PLLaVA, our method achieves per-
formance comparable to a 13B-level model. Our method

effectively extracts information from both short and long
videos. To assess scalability, we trained our model on the
VideoChat2 [30] dataset. The results, presented at the bot-
tom of Table 3, demonstrate that our model, when trained on
larger video datasets, improves accuracy on MVBench by
3.17 points and outperforms VideoChat2, which was trained
on the same dataset.

3.4. Planning Tasks

Baselines The original protocol dictated the selection of a
single frame corresponding to each action. To refine this ap-
proach and enhance the evaluation process, we introduce a
smoother method. This involves segmenting the entire video
into intervals based on predefined timesteps. This revised
method is applied in the evaluation of PLLaVA, LLaVA-
NeXT-Video-DPO, and VideoLLaMB.

Results on EgoPlan [9] The EgoPlan dataset [9] was de-
veloped as an egocentric question-answering benchmark
tailored for embodied planning tasks, comprising 3,355
questions. The evaluation follows the framework estab-
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Model LLM Accuracy
GPT-4V OpenAl API 37.98
VideoLLaMA [76] LLaMA2-Chat-7B 29.85
LLaVA-NeXT-Video [79] Vicuna-7B 28.96
PLLaVA [70] Vicuna-7B 30.26
VideoLLaMB (Ours) Vicuna-7B 32.32

Table 5. Results on EgoPlan under Zero-shot setting.

lished in the original study, utilizing the probability p(a|v, )
to identify the most suitable answer candidates. In Table 5,
we demonstrate that our model surpasses all other video-
language models in performance. This suggests that our
model’s use of memory significantly enhances its planning
capabilities compared to methods focused on the current
stage. We are confident that our method holds great promise
for generalizing to practical, real-world scenarios.

3.5. Streaming Caption

Streaming dense video captions [7, 83] involves generating
captions for videos in real-time, without the need to process
the entire video sequence beforehand. The primary chal-
lenge in this task is determining the exact timestamps to
predict event captions. Most existing methods rely on spe-
cial tokens, annotated as the end of an action, for training.
Our approach introduces the SceneTiling algorithm, which
can automatically identify the break points in a stream-
ing video and generate captions without requiring special
training tokens. To enhance the efficiency of our method,
we calculate the depth score using only the left similarity:
d; = (cl; — ¢;) /2. This demonstrates that our method can
effectively detect scene changes and automatically generate
event captions.

3.6. Stress Test: ‘“Needle In a Video Haystack™

To address existing limitations in long-form video language
understanding benchmarks, our work takes inspiration from
the latest developments in the field and develops a new
benchmark specifically designed for the task of identifying
specific content within extensive video material, a challenge
we refer to as the Needle In A Video Haystack (NIAVH).
This benchmark is unique in that it supports queries in var-
ious modalities, including text, image, and video, allowing
for a more comprehensive assessment of a model’s video
understanding capability.

Benchmark Setting In NIAVH, we utilize ego-centric
videos from the Ego4D [19] dataset as the ‘“haystack,”
within which we seek to locate the “needle” provided
in three distinct modalities: textual, image, and video.
For the textual modality, we supply a crafted description;
for the image modality, we use DALL-E to create a
corresponding image; and for the video modality, we use
Sora [2] generated short video clip, all based on the same

description. Each “needle” is set to a duration of 1 second
and is inserted into the concatenated Ego4D videos at
various depths and lengths. To evaluate the benchmark, a
direct question about the details within the needles is set,
and an LLM compares the response with the ground truth,
providing a score from 1 to 10, with 10 indicating a perfect
match. For quantitative results, we calculate the average
scores for additional analysis.

Comparison with similar benchmarks ~ Recent work pro-
poses a multimodal needle-in-a-haystack benchmark MM-
NIAH [57], which focuses on a mixture of images and docu-
ments as the haystack and only supports text and image nee-
dles. In contrast, NIVAH focuses on streaming video stacks
and supports text, image, and video needles.

Experiment Setup Given the limitations of current meth-
ods in understanding long videos, we designed an experi-
ment where the “haystack” is a 320-second video. The “nee-
dle” is a 1-second video clip generated by Sora, prompted
by the description, “the young man seated on a cloud in
the sky is reading a book™. The associated question posed
for the experiment is, “What is the young man seated on
a cloud in the sky doing?”’. We divided the context into 40
intervals and set the video depth at 12 intervals.

Results and Analysis In our experiment, we evaluate
our approach with four distinct methods. These include
(a) adaptive pooling [70], (b) position extrapolation com-
bined with sampling [79], (c) the integration of resam-
pler with memory retrieval and consolidation [20], and (d)
video alignment with long-context LLM without compres-
sion [77]. For each model, we standardize the video frame
rate to one frame per second, aligning the number of in-
put frames with the duration of the video in seconds. This
ensures that the inputs contain the needle information and
all the models are in fair comparison. The outcomes of this
evaluation are depicted in Figure 3. Our analysis leads to
the following key observations:

* Methods utilizing an adaptive pooling strategy risk omit-
ting crucial information, as the length of the source mate-
rial (the "haystack™) is often many times greater than the
target segment (the “needle”).

* Pooling strategies that incorporate position extrapolation
are ineffective at predicting lengths that exceed those en-
countered during training or fine-tuning.

* Combining a resampler with a retrieval strategy markedly
improves the encoding of extended information in a
video. However, the encoded length is ultimately con-
strained by the resampler’s compression capacity.

* VideoLLaMB with retrieval is the most efficient at pre-
serving previously encountered information. Neverthe-
less, it still exhibits shortcomings: it tends to forget earlier
information and is prone to hallucination issues, such as
misidentifying “holding book™ as “holding phone”.

24175



MA-LMM [20]

Depth Percent

05,600, DG BB D 2 105 DO D DS F S
SEPFEEEELE LI EP PRI OO P IS5

Second Limit

VideoLLaMB-Mem w.o. retrieval

¥ 5 e
5 5 o

Depth Percent

PR S S 8 S G S S S
RO DD P E 0D D SEPIERE LSO

Second Limit

LongVA [77]

Depth Percent

SOAEPLSREOD S,

VideoLLaMB-Mem-Full

Depth Percent

N0 R PD D DD DD DA PSP D0 S DD
DEPLEPEDD DD DEPIPLLOLS OIS0

Second Limit

Figure 3. Comparison of VideoLLaMB with two long video understanding models on Needle In A Video Haystack (NIAVH). Cur-
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Figure 4. GPU Memory Cost. We apply all the experiments on a
single NVIDIA A800 GPU.

3.7. Performance Analysis

Memory Cost  Our model’s recurrent strategy maintains a
consistent visual input length to the LLM, significantly re-
ducing GPU memory usage. While a larger memory cache
theoretically requires more memory [06], the impact is
minimal due to shorter memory tokens compared to vi-
sual input tokens. The recurrent memory operates on the
bridge layer, minimizing intermediate costs. In our exper-
iments on the EgoSchema [41] dataset, we compared our
model against three categories: vanilla, pooling-based, and
sampling-based. Results in Figure 4 show that our meth-
ods and other fixed-length input models significantly cut
memory usage, with our approach compressing input length
more effectively. Our design’s efficiency is evident, as the
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Methods LLM Inference Time (s) | Score T
MovieChat Vicuna-7B 143.7 -
MALMM Vicuna-7B 14.5 3.39
LLaVA-NeXT-Video-DPO  Vicuna-7B 11.1 1.72
PLLaVA Vicuna-7B 74 1.82

VideoLLaMB (Ours) Vicuna-7B 421 5.73

Table 6. Average Inference Time on the 300-second videos from
NIAVH. The score is the average score on NIAVH.

memory cache incurs negligible additional memory cost.

Inference Time Our primary concern with our approach
is the potential time expenditure associated with recurrent
processes and memory retrieval. To address this, we con-
ducted experiments to assess the efficiency of our method
in comparison to others. The evaluation included all cur-
rent methods capable of handling long videos. We tested
each model on NIAVH with 300 second video cases to mea-
sure their performance for comparison. The results Table 6,
demonstrate that our method not only outperformed the ex-
isting methods but did so even when compared to those em-
ploying a pooling strategy [70]. We attribute this improved
performance to the efficient memory management mecha-
nism integrated within the bridge layer of our method. This
enables our approach to condense the visual input more ef-
fectively than others, resulting in shorter processing times
of the LLM. We further analyze the composition of the in-
ference time over videos of varying lengths, including the
encoding time and generation time.



Video Duration | Feature Process Generation All

30 0.25 1.65 1.9
300 23 1.91 4.21
3000 234 8.1 31.5

Table 7. Latency Analysis (sec.). We evaluate the inference time
of different parts on different length videos.

Method Accuracy A
w.o. recurrent (mean pooling) 51.61 -2.19
w.o. recurrent (adaptive pooling) 49.4 -4.4
w.0. retrieval 52.2 -1.6
w.0. segment (uniform segment) 52 -1.8
w.o. mixture of images 49.8 -4.0
memory tokens only 50.4 -34
k=38 52.8 -1.0
VideoLLaMB (Ours) 53.8

Table 8. Ablated results on the effects of different modules.

3.8. Ablation Study

In this section, we present an ablation study of our method,
focusing on its individual components. We analyze our
method the EgoSchema dataset. The corresponding results
are detailed in Table 8. Initially, we assess the effective-
ness of the recurrent mechanism. To do this, we replace
this mechanism with two pooling strategies: mean pooling
and adaptive pooling. For comparison purposes, we config-
ure the adaptive pooling strategies to produce a target time
sequence length of 4, matching our method’s settings. Our
findings reveal that all pooling strategies cause a notable
degradation in performance. Notably, the adaptive pooling
strategy underperforms even mean pooling. We hypothesize
that this discrepancy arises from differences in how train-
ing and inference are conducted; mean pooling, being more
consistent, likely enhances the model’s generalizability. We
then evaluate the memory retrieval mechanism and observe
that it is indeed capable of preserving memory to a certain
degree. Lastly, we examine the impact of our semantic seg-
mentation strategy. Compared to a uniform segmentation
approach, our method is more adept at dividing videos into
semantic segments. This segmentation results in a more ef-
ficient preservation of information, mitigating the informa-
tion loss typically associated with sampling strategies.

4. Related Work

Long Video Language Understanding The advance-
ment of large language models (LLMs) has significantly
improved the comprehension of long videos through their
interaction with human language. Current methodologies
for long video analysis are categorized into scaling-up ap-

proaches, agent-based techniques, and length extrapolation
strategies. Scaling-up approaches involve increasing model
parameters and expanding training datasets [37], or de-
veloping more efficient architectures to replace computa-
tionally intensive transformers [6, 31], though these may
not always be feasible. Agent-based techniques leverage
LLMs’ strategic planning by incorporating various visual
experts for comprehensive understanding [10, 13, 56, 63]
or converting visual inputs into textual descriptions [58, 59,
72, 75], but they can encounter efficiency issues and chal-
lenges with out-of-domain content. Length extrapolation
extends image-language and short video-language mod-
eling to longer durations using techniques such as tem-
poral embeddings [46], prompts [49], position encodings
[62, 64], frame condensation [54], visual token compres-
sion [24, 38, 39], and retrieval-based methods with vi-
sual features [20]. These often involve selective sampling,
which risks information loss. Our work introduces a re-
current memory strategy to encode entire video sequences,
using a memory cache to retain past memory and project
the memory-augmented current semantic segment into the
LLM to maintain long video understanding.

Anticipatory Video Planning Anticipatory planning,
which involves predicting future actions based on past se-
quences and current context, has been validated as effective
in language models [12, 42, 53]. This approach is analogous
to video understanding, where action anticipation based on
visual data is gaining prominence [14, 17, 51]. A growing
research area is the intersection of action anticipation and
goal-directed planning, enhancing Al capabilities in video
understanding [9, 45, 80]. This challenge is especially crit-
ical in real-time streaming environments, where systems
must interpret the current state and retain an extensive mem-
ory of past events to inform decision-making. Our proposed
method is well-suited to address these challenges.

5. Conclusion

VideoLLaMB presents a significant advancement in video-
language modeling by improving both computational ef-
ficiency and long-context understanding. Through the in-
troduction of Memory Bridge Layers with recurrent mem-
ory tokens and the SceneTiling algorithm, our approach ef-
fectively preserves essential visual cues and maintains se-
mantic continuity across extended video sequences. Empir-
ical evaluations show that VideoLLaMB consistently out-
performs existing methods in tasks such as long VideoQA,
egocentric planning, and frame retrieval. Looking ahead,
we aim to explore the integration of LLM memory with
the bridge memory, with a focus on preserving the system’s
overall efficiency.
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