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setting

VQA:

dataset: MovieChat-1K dataset (1000 for 9.13min)

1. global : requires processing the entire video and answering
questions about its content

2. breakpoint : processing the video up to a specific timestamp
and answering questions about the event at that point

metric: acc; score
Temporal Grounding:

dataset: Charades-STA

metric: mloU; R@XX



motivation

Challenges:

1. self-attention mechanisms
require substantial memory that
scales quadratically with

the number of tokens, making long
video processing computationally
iIntensive

2. struggle to effectively model
temporal dependencies over
extended sequences

use Q-Former structure to compress
spatial information

use memory-informed method to preserve
temporal fidelity



overview

ﬁ Fine-tune %:% Frozen @ Sum Positional Encoding —J» Stage-1Flow —J Stage-2 Flow —J InputtoLLM

£

LLaMA-2 Pre-trained Large Language Model

[ Projection

f F 3

Instruction

How many cars
are participating
in the race?

Write Cross-Attention

'& L0

o

Pooled
Selected Frame
Features

Frame
Indices

Learnable
Write Queries

Qw

K/v

i =

Perceiver Block

g

1

Feature
Buffer

Read Cross-Attention

O je—

Instruction: How
many cars are
participating in the
race?

(a)

T

Learnable Read
Queries

Qr

Memory
Bank

) : 1
i
( Saﬂ—m:':en‘thn ]
Qil Q'ﬂ QiF
.mq@
1 1 1

Shared Learnable Queries

L

Q

Py

()



method

Instructed Memory Architecture
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method

1. Instruction based selection
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method

Training

Multimodal Pretraining Stage:
contrastive learn
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experiment

long video QA
Model M SRR Global VQA Breakpoint VQA Global Generation Breakpoint Generation
Accuracy Score Accuracy Score 1 bO CU TU cCO 1 DO CU TU CO
Video LLaMA [27] 32 32 514 3.10 382 2.31 330 253 328 277 342 242 285 287 200 287
Video-ChatGPT [18] 100 356 44.2 2.71 49.8 271 248 278 3.03 248 299 3.11 332 329 262 3.29
Video Chat [14] 32 3072 61.0 3.34 48.3 243 326 320 338 297 347 296 3.009 324 246 3.22
MovieChat [21] 2048 8192 67.8 3.81 50.4 2.96 332 328 344 306 348 3.07 324 331 270 345
ReWind (Ours) 548% 1184# 80.6 4.46 57.2 34 418 400 424 402 354 341 337 3aed 297 3.6l
_ Temporal grounding
short video QA
Model LLM Backbone CI DO CU TU CO AVG R@0.3 R@0.5 R@0.7 mloU
Video Chat [14] Vicuna-7B VIT-G 223 250 253 194 224 229
Video LLaMA [27]  Vicuna-7B VIT-G 196 218 216 1.82 1.79 198 Video Chat [14] 9.0 3.3 1.3 6.5
Video-ChatGPT [18]  Vicuna-7TB ViT-L 240 252 262 198 237 238 Video LLaMA [27] 10.4 3.8 0.9 7.1
LLaMA Adapter [28] LLaMA-7B  ViT-L 203 232 230 198 215 216 Video-ChatGPT [18] 20.0 7 1.7 13.7
Chat-UniVi [12] Vicunal 5-7B  ViT-L 289 291 346 239 281 289 :
VTimeLLM [11] Vicunal 5-7B  ViT-L 278 310 340 249 247 285 GroundingGPT [16] - 29.6 11.9 -
MovieChat [21] LLaMA2-TB  ViT-G 276 293 301 224 242 267 TimeChat [20] - 32.2 13.4 -
LLaMA-VID [15] Vicuna-TB VIT-G 29 300 353 246 251 289 VTimeLLM [1 ]] 51.0 27.5 11.4 31.2
ReWind (Ou LLaMA2-TB  ViT-G 291 285 342 271 268 291 : == 2 :
i i 2 i &1 L ReWind (Ours) 500 416 2053 393
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setting

Long-Trem Video Understanding

dataset: LVU
content understanding and metadata prediction tasks

Video Captioning:
dataset: MSRVTT; MSVD: YouCook?2
metric: METEOR®iE Y IE#14:” / CIDEr* Fih 454 L1




motivation

Observation
1. Only a subset of visual tokens exhibits high correlations to the text query within a frame
2. Correlation varies across different layers

1.00 1 i [ = Layer2
—— Layer 4

Adaptive Memory Reduction with
Cross-Modality Attention
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method

Adaptive Memory Reduction with CrossModality Attention

Adaptive Memory Reduction
Video Cache Attention Map Video Cache
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experiment

Table 1. Comparison with state-of-the-art methods on the LVU dataset. The underlined number means the second best.

[ Content | Metadata |
Model | Relation ~ Speak Scene | Director ~ Genre  Writer Year | Avg
Obj_T4mer [45] 54.8 33.2 529 477 52.7 36.3 37.8 | 45.1
Performer [9] 50.0 38.8 60.5 58.9 49.5 48.2 413 | 49.6
Orthoformer [32] | 50.0 38.3 66.3 55.1 55.8 47.0 434 | 50.8
VideoBERT [36] | 52.8 37.9 54.9 473 51.9 38.5 36.1 | 45.6
LST [19] 52.5 37.3 62.8 56.1 52.7 423 39.2 | 49.0
VIS4mer [19] 57.1 40.8 67.4 62.6 54.7 48.8 448 | 537
S5 [43] 67.1 42.1 73.5 67.3 65.4 51.3 480 | 592
MA-LMM [16] 58.2 44.8 80.3 74.6 61.0 70.4 51.9 | 63.0
Ours | 63.1 40.2 862 | 754 68.0 71.0 625 | 67.5
e
TSN [44] X 73.4 /M C |[M C |[M C
VideoGraph [18] 69.5 = UniVL [28] 282499 | 293 528 | - 127.0
Timeception [17] 1.3 - SwinBERT [24] | 29.9 53.8 | 41.3 120.6 | 15.6 109.0
GHRM [13] 75.5 - GIT [41] 329 73.9 | 51.1 180.2 | 17.3 129.8
D-Sprv. [25] 89.9 90.0 mPLUG-2 [47] | 34.9 80.3 | 484 1658 | - -
ViS4mer [19] 88.2 88.4 VideoCoca [49] | - 732 | - - | - 1280
S5 [43] 90.7 90.8 VideoLLaMA [52] 32.9 71.6 | 49.8 175.3 | 16.5 123.7
MA-LMM [16] 93.0 93.2 MA-LMM [16] | 334 74.6 | 51.0 179.1 | 17.6 131.2
Ours | 944 93.3 Ours | 33.0 73.1 | 51.4 189.4| 17.6 125.6




