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Motivation

Muti-Sensory Training Data From Wearables On-Savice Inference Tasks
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Motivation
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Typical 3D CNN-based egocentric models (like Ego4D
baselines) require >100 GMACs per second stream:
Infeasible for on-device AR headsets!
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e Key Questions?
Are all of them important at all the time?
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o What all modalities do we leverage for optimal efficiency?
o What is the smartest way to switch between the

modalities at our disposal?



Motivation

Can we combine model
distillation with policy learning?




Distillation module
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Policy module

1
Action Recognition Output Behavior Antlci.pati.on/Active : Stage 1: Cross-modal Feature Distillation
T Speaker Localization Output '
1 TNz
I—-[ Student Model ]1——] \ Student Model ‘ < >
1 ? i 'L : = A \ A <
framet  framet+ ky framet + k; {8el3n,, > 8- ' ] U A [ 21 1 2 \ | o :
: K - - . ‘ £ C argmax Al}{vl) 1 = ‘ . 4 .
= U e g -)«. beagn, () ' i : A A
-~ — :
. N B '
r;%a——- FPS Extractor «— : A AvE ' . .
LT Lover QO i i 9 G i '
[ Mult-head Attn | ' Recurrent CNN Layer 3 | ' 4 y’r
P2 / s Concatenate . >
""""""""" _ ' A - lr
Mult-h X ) P
| Mult-head Attn | - | Recurrent CNN Layer 2 | [ video ROl Behavior | |
‘ "'""'-'"'"'"'_'_'_j:;jj::j:'_j_'!t : 1+ | Encoder Encoder Encoder . Stage 2
| | Mult-head Attn \ Recurrent CNN Layer 1 ‘ 1 |(Conv 2D)| |(Conv 2D)| |(Conv ID)J ' g
\ \ ’ '
.\-.\ 4 : / : Stage 3
Ll K >
ety !
'

L /
Y

Task-specific policy modules




Policy module
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Stage 1: Distillation - stabilizes KT

Stage 1: Cross-modal Feature Distillation
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Task specific
student model
is distilled from
the heavy
teacher model.
The distillation
objective
optimizes three
loss functions L,
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Stage 2: Policy learning with frozen student - isolates policy
gradients, avoiding feature drift

In this stage the
policy module is
trained keeping
the distilled
student model
fixed. This results
| in stable training
> and quicker
convergence!
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Stage 3: Policy and distillation update - £y= 0L+ 1L

In this stage both
the policy module
and the distilled
student is trained
in tandem. This is
the final training
stage!
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Egocentric Action Recognition Results



EPIC-Kitchens 100 example


http://drive.google.com/file/d/1QRUFLI7FGIodSxysABUevgSF49edYXBG/view

Audio Preview

A person doing kitchen chores. Opens
the tap, washes dishes, cleans counter.



http://drive.google.com/file/d/1IOymyoJyZJb6h2L_aAQzPMitmjqBjLz1/view

Only the audio is
passed to the policy
network. Which
‘previews’ the audio

Policy Network (IT) signal to identify
potentially distinct
I events in the video!
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http://drive.google.com/file/d/1IOymyoJyZJb6h2L_aAQzPMitmjqBjLz1/view

Distinct audio event prediction by audio previewing
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Predicted action: Place cup in the sink

The selected frames are fed
to the student model for [ Student Model ]

Action Recognition /
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Predicted action: Start tap

The selected frames are fed
to the student model for [ Student Model ]
Action Recognition
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Predicted action: Wash towel

The selected frames are fed

to the student model for [ Student Model ]
Action Recognition \
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Active Speaker Localization Results



Frame-wise Comparison Results

Selected audio channels: 1, 2

Non-active speaker Active speaker Model prediction



http://drive.google.com/file/d/1TrX3kgK_PrQsrf3DagKCeyQ0ugxBt37D/view

Results: Performance

Input z

Method resolution | YEP1  Nount  Action!  GMACs)
ListenToLook [ 17] 24 x 224 6127 5252 3985 38046
AdaMML. [50] W4 x224 6495 5527 413 271.76
VS-VIO [75] WaAx224 6137 5221 3807 10697
TIMAVESY T MWax224 TN 6722 5151 2662
EGOADAFPT wio TeMPLe | 224 x 224 6834  59.02  S0.8% S99

EGOADAPT 24 x224 7665 6683 5674 7.14

Table 1. Egocentric action recognition performance of base-
lines and other other SOTA on EPIC-Kitchens. We report the
top-1 accuracy for verb, noun, and action (%).



Results: Performance

Method mAP]  GMACs, Params (M), Energy (1)}
ListenToLook [ 19] 7128 12452 17.34 1.032
AdaMML [50] 7690 10681 13.61 0913
VS-VIO [ 74] 731 1873 597 0266
USFRI T AR b S prti
EGOADAPT w/o TcMPLe | 78.59  0.077 0.36 0.003
EGOADAPT £9.74 0070 0.39 0.003

Table 2. Performance of active speaker localization on Easy-
Com. We compare the mAPs (in %) of various basclines in the
visual field of view. Most of these tests use 4-channel audio.
EGOADAPT can dynamically choose optimal number of channels.



Results: Performance

Method Gz e RN e TERJOCAOY Encrgy () §
Lyt s | 1500 v | T700 o | 500 s | D00 see | 7700 wne | T3 s | 15000 s | T s
MultitaskGE 120§ 1142 159 IXA40 470 9,25 1227 1875 1736 002 [T
CasxcMLE [40) 10,74 14.37 1514 .08 o1 1203 1433 16.02 IS64 1371
GLC |139] 10.21 14.66 17,80 476 B98 170 13.15 15.39 17.41 0972
ListenTolook | 18] 13.68 17.24 19.02 547 892 1136 1354 15.11 17.02 0512
AdaMML |50 12.16 16.70 18.31 541 876 11.24 1327 14.10 16.28 0.296
VS-VIO | =) 1483 1927 2054 541 1244 13.19 1571 1692 18.53 07
MuSl wﬂwl .............. 9” ..... j_’il_ﬁ ..... “75 ..... 478 ...... 7 _36 s ’.” ..... 9% ...... I238 HI 2 I 395 ....... 0029 You
EGOADAPT wio TeMPLe 10.95 14.69 1618 520 788 1081 11.50 13.66 1298 0.003
EGOADAFT 853 11,93 14.58 4.61 139 291 9.58 11.97 13.36 0.003

Table 3. Comparison of behavior anticipation errors on the AEA Dataset. The cnergy val-
ues (in J) are reported by aggregating over three time windows (7300 ms, 7500 ms, and 7700 ms).



Ablation Results



Qualitative Results: Action Recognition

Selected
Frames

Selected
Frames
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The green and red boxes represent correct and incorrect predictions, respectively. EQoAdapt
picks the most informative frame to predict the ‘Noun’ classes, which is subsequently used to
predict the action



Qualitative Results: Active Speaker Localization

w/o TeMPLe

Audio
Channel

Selection

EgoAdapt

The red/blue boxes indicate active/non-active speakers, and the red heatmap indicates
model prediction. EQoAdapt can make correct predictions for scenes with motion blur (col.
4), partial vision (col. 5), and multi-speakers (col. 2, 5). The red/green circles represent the
discarded and selected audio channels.



Results:

Average Top-1 Accuracy (%)
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Results: Efficiency

P’f;f‘:f“ f“damff mAP+  Power (mW) | Tf;i‘l

4 bit v X 77.14 7.38 0.12

o W T78.92 9.94 021

8 bit v X 80.56 11.37 0.33

v v 81.13 14.90 0.42

16 bit v P 84.39 19.11 (.59

v v 85.74 23.06 0.68

32 bit v X 83.22 29.71 0.89
v v 89.74 34.39) [T.00]

On device implementation




Results: Efficiency
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Results: Efficiency
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Reduction in:
e GMACs by up to 89.09% ¥
e Parameters up to 82.02% ¥
e Energy upto9.6x v

o
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Project Page

Questions?

Thank you!
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