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Stable	action	tubes	from	a	small	RGB	model.	No	optical	flow,	no	3D	convolutions,	no	space-time	attention.
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1 .  P R O B L E M

What	is	spatio-temporal	action	
detection?

1. Problem 2. Method 3. Results 4. Wrap-up

TubeLite  ·  ICPR 2026 2 / 14

1
Action	recognition what?
Take a trimmed clip, give it one label.

2
Temporal	action	detection what and when?
Find where the action starts and ends in a long video.

3
Spatio-temporal	action	detection what, when, where, who?
A box for every actor in every frame, plus the label and the time span.

One action tube: an actor's boxes over time, a label, 
and a start and end frame.

We	work	on	the	third	one.



1 .  P R O B L E M

What	makes	it	hard
1. Problem 2. Method 3. Results 4. Wrap-up
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1

Jittery	boxes
A detector run frame by frame gives 
boxes that shift and sometimes drop 
out, especially under blur or occlusion.

2

Many	actors	at	once
Actors get mixed up between frames, so 
a single tube breaks into pieces.

3

Fuzzy	boundaries
Deciding the exact frame where an action 
starts and ends is hard, especially for short 
actions.

The	usual	answer	is	a	bigger	model
3D backbones such as SlowFast [12] and CSN-152 [35], optical flow with a second stream, or space-time transformers such as 
TubeR [41]. They work, but they cost 240 to 342 GFLOPs for a single clip.

We	asked	whether	the	problem	is	really	visual	capacity.



2 .  M E T H O D

Our	view,	and	what	we	built
1. Problem 2. Method 3. Results 4. Wrap-up
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Most	of	the	error	comes	from	unstable	tubes,	not	from	weak	visual	features.
So we kept the backbone small and spent the effort on temporal structure instead.

1 Small	spatial	detector			ConvNeXt-Tiny [27] with a CenterNet [10] head that shares one tower between both outputs.

2 Gaussian	actor	tokens			One soft region per actor, pooled from features and from frame differences.

3 A	GRU	per	actor			Temporal propagation that is linear in clip length.

4 One	context	token	per	frame			Actors look at a single learned summary.

5 Tube-aware	supervision			Losses on the boundaries and on how much a box in tube can change between frames.

No	optical	flow.				No	3D	convolutions.				No	global	self-attention.



2 .  M E T H O D

The	whole	model	in	one	figure
1. Problem 2. Method 3. Results 4. Wrap-up

Figure 1 from the paper. Everything is trained together in one pass. 5 / 14

Top:	one	frame	at	a	time

Find the actors, steady the boxes, 
turn each actor into one token.

Bottom:	across	the	clip

Follow each actor through time, add 
scene context, then predict the action 
and its start and end.



2 .  M E T H O D

One	frame	at	a	time
1. Problem 2. Method 3. Results 4. Wrap-up
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1

Backbone
ConvNeXt-Tiny on each frame. 
Small and fast.

2

Detector
A CenterNet head. Both outputs 
share one tower, so they cannot 
disagree.

3

Box	smoothing
The box is averaged with its 
neighbours. Nothing is learned 
here.

4

Actor	tokens
A soft Gaussian region per actor, 
pooled from features and from 
frame differences.

The	result:	steady	boxes,	and	actor	tokens	that	already	carry	motion.	Optical	flow	is	never	computed.



2 .  M E T H O D

Across	the	clip
1. Problem 2. Method 3. Results 4. Wrap-up

Figure 2 from the paper. Cross-attention runs inside a frame only. 7 / 14

A	GRU	for	each	actor

Each actor gets its own small recurrent unit that 
carries it through the clip.

Because actors stay separate here, a nearby actor 
cannot pull a token off track.

One	context	token	per	frame

A single learned token summarises the frame. It is 
a parameter, not an image feature.

Every actor talks to that one token instead of to 
every other actor.

This	is	what	replaces	clip	level	space-time	attention,	at	
a	small	fraction	of	the	cost.



2 .  M E T H O D

Predicting	the	tube
1. Problem 2. Method 3. Results 4. Wrap-up

Boundary supervision follows BSN [25] and BMN [24], adapted so that it is per actor. 8 / 14

At every frame, for every actor, the head predicts:

the action label is an action happening?

is this the start? is this the end?

how far to the start and end how close to the middle

start end

one clip, one action, from start to end

A	loss	on	the	whole	segment
We compare the predicted start and end against the real ones 
as an overlap in time, so the model is judged on the interval, not 
only on single frames.

A	loss	on	how	fast	things	change
The box and the action score are not allowed to jump much 
between neighbouring frames. This is what keeps a tube in one 
piece.

Both	losses	are	cheap,	and	neither	needs	any	extra	labels.



3 .  R E S U L T S

Results	on	both	benchmarks
1. Problem 2. Method 3. Results 4. Wrap-up

V@0.5 is Video-mAP@0.5, F@0.5 is Frame-mAP@0.5. TubeLite uses 16-frame RGB clips. Baseline numbers are from the original papers. 9 / 14

UCF101-24	[32]
Method Stream V@0.5 F@0.5

TacNet [31] Two-stream 52.9 72.1

MOC [22] RGB 50.7 72.1

I3D Det. [5] Two-stream 59.9 76.3

TubeR [41] RGB 58.4 83.2

CFAD [21] Two-stream 64.6 72.5

TubeLite (ours) RGB 71.7 82.1

MultiSports	[20]
Method Stream V@0.5 F@0.5

MOC (K=11) [22] RGB 0.62 25.22

MOC (K=7) [22] RGB 0.77 22.51

YOWO [19] Two-stream 0.87 9.28

SlowOnly Det. [12] RGB 5.50 16.70

SlowFast Det. [12] Two-stream 9.65 27.72

TubeLite (ours) RGB 14.20 20.07

+7.1	pp Video-mAP on UCF101-24, over the best 
method we compare with +4.5	pp Video-mAP on MultiSports, over the best 

method we compare with

Compare	TubeLite	with	TubeR on	UCF101-24:	almost	the	same	frame	score	(82.1	against	83.2),	but	a	much	better	video	score	(71.7	against	58.4).



3 .  R E S U L T S

What	it	costs
1. Problem 2. Method 3. Results 4. Wrap-up

Measured on one NVIDIA H100 with 16-frame clips. Baseline figures are as reported by their authors. 10 / 14

15.65	M
parameters

61.96
GFLOPs per clip

273.6
frames per second

GFLOPs for one 16-frame clip

TubeLite (ours) 62

TubeR [41] 240

X3D-XL [35] 290

SlowFast-50 [12] 308

CSN-152 [35] 342

about	5	times
fewer operations than the video backbones 
this field usually builds on.

about	4	times
fewer parameters than TubeR, which has 
around 60 M.

One 16-frame clip takes 58 milliseconds.



3 .  R E S U L T S

Which	parts	matter
1. Problem 2. Method 3. Results 4. Wrap-up

UCF101-24. Each row removes one part and retrains everything else the same way. 11 / 14

Variant V@0.5 Δ V F@0.5 Δ F

TubeLite (full) 71.7 — 82.1 —

without the GRU 69.3 -2.4 79.7 -2.4

without the tube losses 69.1 -2.6 82.0 -0.1

without the context token 67.5 -4.2 78.7 -3.4

The	context	token	matters	
most
Taking it out costs 4.2 points of video 
score. Scene context helps a lot when 
several actors are close together.

The	clearest	result
Removing the tube losses changes the 
frame score by 0.1 but the video score 
by 2.6. Same boxes, worse tubes. That is 
exactly what those losses were meant to 
fix.

No	single	part	carries	the	result.	The	three	temporal	pieces	work	together,	
and	each	one	is	cheap.



3 .  R E S U L T S

One	example
1. Problem 2. Method 3. Results 4. Wrap-up

Figure 3 from the paper. BasketballDunk, UCF101-24. 12 / 14

Top	row
The predicted box in red stays on the player, 
even with other players in the way and a moving 
camera.

Bottom	plot
The action score goes up once and comes down 
once, instead of flickering across the threshold.

The	orange	band
The ground truth interval. The score follows it 
closely at both ends.



4 .  W R A P - U P

Summary
1. Problem 2. Method 3. Results 4. Wrap-up
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1
A	small	model	can	win	at	the	video	level,	if	the	temporal	part	is	right.
Stable tubes, rather than a bigger backbone, are what moved the video score.

2
We	did	not	need	optical	flow,	3D	convolutions,	or	global	attention.
A 2D backbone, one GRU per actor, and one learned token per frame were enough.

3
Best	video	score	on	both	benchmarks,	at	a	fraction	of	the	compute.
Plus 7.1 points on UCF101-24 and plus 4.5 on MultiSports, with about 5 times fewer operations.

Where	it	stops,	and	what	is	next
We work on short clips with a fixed number of actor slots, so very crowded scenes and long actions are still open. Next: sparse long range 
attention, flexible actor slots, and a memory for identity.



Thank	you
Happy to take questions.

71.7	/	14.20
Video-mAP@0.5 on UCF101-24 and 
MultiSports

15.65	M
parameters, RGB only, 16-frame clips
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