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Introduction

State-Space models with Transfer State (STS)

where the state is maintained, reused and

propagated across longer input sequences.
We present efficient update rules for the state

itself, and prove the equivalence of the Transfer

State, verifying that the state will be preserved

over long sequences.

We show the effectiveness of this approach on

dense video captioning datasets
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Equivalence

We show this splitting and updating is
equivalent to a standard SSM.
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Results

STS performs at SOTA levels for dense video captioning on

VITT, YouCook2, and ActivityNet

Model

The model consists of a ViT-based encoder that encodes each frame into a
set of tokens. Each of the per-frame tokens are compressed with a
bottleneck transformer module. After this, the SSM runs on these tokens, and
propagates the state across sequences, enabling long video training and

evaluation.
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Compared to transformers and SSMs, it does better
as well and uses fewer FLOPs than prior works.

ViTT YouCook2 ActivityNet
Method ’ S c M F |S € M F |S € M F | C S M mIOU  Fl
ﬁﬁi"&gj 33 g”lf gg 55 o 50 Global Trans | 150 5.1 6.3 38.1 27.4
asKe: - s - - N o
PDVC[E] 49 289 5.7 60 293 176 Global SSM 147 5.1 6.2 40.3 29.1
E2ESG[ET] - 250 35 - - - - -
TimeCh[EZ] 34 110 - 195 - - Online STS | 161 6.1 142 504 323
OmniV[E] - - - - - - - - - 26.0 7.5 -
Vid2Seqi@] | 9.8 230 50 377 | 57 253 64 235 |59 302 85 518
DIBS{[E] - . - - | 64 444 75 314 |59 319 89 556 Model | GFLOPs
SDCH[ED] 100 252 58 354 | 60 329 71 241 | 62 378 100 529 SDC [ED] 12800
GIT{[E7) 71 151 34 325 |31 121 34 177 | 57 298 718 506 STS (Ours) 1854
VMS [a] - - - - | 43 221 44 284 | 53 268 712 543
STS Ours 85 424 196 349 | 97 378 187 377 | 89 334 160 416

STS allows using more frames

Compared to prior works, using STS allows ussing far more
frames (256) than prior works, which can allow us to capture
up to 315 seconds of video and more frames is better

# Frames | C S M mlOU Fl
16 287 68 160 57.5 31.3
32 275 73 165 59.9 33.2
64 341 178 175 60.1 354
128 349 178 179 61.5 35.6
256 350 78 180 62.0 35.9

We also find that using last token per segment when

captioning improves performance.

Method Tokens | C S M mIlOU F1

SSM Global  All Tokens (of sequence) 141 52 6.1 383 274
SSM Global Last token per segment 147 51 62 403 294
SSM Global  Final Token (of sequence) | 13.5 5.0 6.3 39.0 30.3
STS Online  All Tokens (of sequence) 147 58 110 522 30.1
STS Online  Last token per segment 161 6.1 142 50.1 324




