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1. Record videos and extract tracking data.

)
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2. Apply behavior classifier for scalability.

Annotation Sample

Human Annotation
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Domain Expert

Task Programming

Data Annotation

_ dist_nose(x1, y1, x2, y2):
4 DI o y_diff=y2-y1 ;
BEIERY dist = norm(x_diff, y_diff) Mount Sniff  Other

Examine trajectory data H Select behavior attributes H Write programs H Add decoder task

Annotate frame-level
behavior

Classifier \ 2N Feature Model

Training

Extraction Training
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Trajectory

Train For each timestamp t RECOHTLOSS
b ] / \ Attribute
— P al | — : —— Consistency
Loss
Trajectory Trajectory Embedding State at time t 1 ajectory Stgte_ Geljerated
Data Encoder Decoder Prediction Trajectory
‘ K Attribute
Inference Decoding
K Loss
N Attribute Decoder
K Contrastive
\ K Loss
Trajectory Trajectory Embedding D-OE\;NTSUEME\MOFJ{'E' Representation Decoder
Data Encoder (ex: Behavior Classifier)
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Algorithm 1: Sample Program for Facing
Angle

Input: centroid of mouse 1 (z1, y1),
centroid of mouse 2 (2, ¥2), heading of
mouse 1 (¢1)

Tdiff = T2 — X1

Yaig = Y2 — %1
0 = arctan(yaif, Taifr)
Return 6 — ¢
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Domain Behavior Attributes

Mouse Facing Angle Mouse 1 and 2, Speed Mouse 1 and 2
Nose-Nose Distance, Nose-Tail Distance,
Head-Body Angle Mouse 1 and 2

Nose Movement Mouse 1 and 2

Fly Speed Fly 1 and 2, Fly-Fly Distance
Angular Speed Fly 1 and 2, Facing Angle Fly 1 and 2
Min and Max Wing Angles Fly 1 and 2
Major/Minor Axis Ratio Fly 1 and 2
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Al. MARS Keypoints Data Efficiency

B1. CRIM13 Keypoints Data Efficiency

C1. Fly Keypoints Data Efficiency

9x107!

7x10-1 —#— Keypoints
Keypoints + TREBA
o) 5x1071
(0]
O =
& =
> 3x107!
<1
2
o
S
b=
w
107!
8x1072
0x10- A2. MARS Features Data Efficiency B2. CRIM13 Features Data Efficiency C2. Fly Features Data Efficiency
7x10-1 —o— Features
Features + TREBA
—~5x107%
Q@
©
O
[}
o 3x107!
o
=1
o
o
5 ’\‘\Q\’\“‘_‘\‘
G 00 | e e
107!
8x1072

1072 107! 100 1072
Training Data Fraction (Log Scale)

Training Data Fraction (Log Scale)

107! 10° 1072 107! 10°

Training Data Fraction (Log Scale)

Bl 4. WESAHPBIEMZE. MARS (4£). CRIM13 () # fly ) ERIIZGEIR S80S /5 258815 2, IR T A O S
FUEFERIPERE, B ELZAAR TREBA. RN N T IR EE F 08 brii iz . KRR R EHFE E AT (fF
F5EIZ48) ISR B E 5o e fE . R x Sl y Sh LT Sz

4.3. TELR

FATIE I N Zr o FeA5 R I 25 52 FATH ST IR
AN (1) JEAR B REL (2) T ITHIRRE E TR
M2 —MAT RZE, RPPAERATH RS BTN
RIIBEE N . TREBA+ K8 nUPPAl i FRAIHE
B Hoph T TR R AR RO 00 T I B A TR A
bk, M TREBA+ FRAE VAl 58 F210 K 2 B0 2 H
o /NSRRI ARE RE UEARFAE 2 OR B [36] FIPUIERALE, R
W HRFIEAE K E 1] BVPUERAIE . S AR AL AT
R 1P RRE LR .

AT R 7R RE W 38 i O B i AT 52 URFAE FY

Ha ok, M A VRS RN 28l m T R AE (L 4D,

FAE T D e A BE 4 -

MARS. FRATHIZR 8 EE S 0B m B A 4R
TorRIERE (B 4 AL UL 1% 1 2% 18]
MR s Bl 1 5 e BN G R PR RE . AR
RANGERE = FOA BT R S EE e, H
FATR AT AR 2] A2 o i Ho bl 3 5 00 5 I (]
TIE )5 52 DURF AT L 25 52 . ] TREBA 1

R AR 5B IGEMARHRE, KEOF
5% ~ 10% FIEE (BT 10x ~ 20x #2788 7 FRiERL
),

CRIM13. A1#E CRIM13 EWR 7 &A%
NHERE 26677, CRIM13 &2 — /1 E A5 TREBA
WZREE Mousel00 AN A G 14 B 46 . FRATTHY
Fo I KRZ) 5% B 10% B9 ZREUHE i 5% B s
(E 4 B SZBL T 5RGINZGHFERTERE . X THE
YU HIRFIE, TREBA fiH 50% & bR Ik
LBl B AR R I PERE (B, 2x 38 T hRiERL
), ATRIFRIRAEMEHE 2 [F — R vk 1A R 5
£,

Fly. {FH O i, ATWRRTE 10% 1)
s (B 4 CD, Mt THRHE, JATHIFRRTE L 50%
e (B 4 C2) 1835 58 A FE 2RI Al [F] I PERE
AT 2x 10 TSR
4.4. TR fil

FATTIAT LA A5 2S5 Fak DA S e b AR 3R AT 116 7
e TEARTTH, M TR R IR E o LE B
BING BN TME . HALE RN TR



MARS Features with Program Variations

CRIM13 Features with Program Variations

Fly Features with Program Variations
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Keypoint Error Reduction (%)

Decoder Loss MARS CRIM13 Fly
TVAE 52.2+4.0 34.7+1.5 154 +2.1
TVAE+
52.6 + 3.9 374+24 209+ 1.7
Unsup. Contrast
TVAE+
55.14+3.0 | 41.1 +2.1 | 33.7+ 1.2
Contrast+Consist

Features Error Reduction (%)

Decoder Loss MARS CRIM13 Fly
TVAE 13.7£1.8 8.2+4.6 11.7 £ 4.7
TVAE+
14.3 £2.2 89+4.1 16.1 £ 1.7
Unsup. Contrast
TVAE+
15.3 £ 2.1 9.5 + 3.8 21.24+4.5
Contrast+Consist
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MARS Keypoints with Pre-Training Variations

=:\ -#- Keypoints + TVAE (MARS)

4x107t Ry -®- Keypoints + TVAE (Mouse100)
1': \\ Keypoints + Programs (MARS)
§ 3x10-1 l\\ Keypoints + Programs (Mouse100)
o
o
- "
52x107! R —
= D h
= =
w \\‘I ______

MARS Features with Pre-Training Variations
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