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Problem & Motivation
® Visual Motion Processing Along the dorsal stream

» Basic Functions: The motion energy sensor/ spatiotemporal filters (V1) for capturing local
motion.

» More advanced functions: MT/MST regions for motion spatial integration and segmentation.

» Existing attempts still less considered the ability to derive dense motion flows from local
motion energy and thus generalize to natural videos to simulate the high-level visual
function of humans.

® Motivation
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Problem & Motivation

® A two-stage process
® Stage I: the trainable motion energy sensor— V1
® Stage lI: recurrent integration based on the attention mechanism—MT

Stage 11
(Global motion Integration & Segregation;
Simulating the function of MT)
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Modeling Two Stages of Motion Perception

® The first stage consists of a group of cells with trainable spatiotemporal frequencies tuning to
capture different preferences of local motion energy.

X =XCc0s@+ysind,y =-xsind+ycosd

N Totally 256 trainable motion energy cells with different spatiotemporal

Spatial Filter 2 2 9 , . - . R .

. x>+ %y X preferences (under Nyquist sampling rate constraint ), orientations (0-2x),
g(x, y;4,0,w,0,y) =exp| —————5— [COS| 27 —+y scales, temporal decays, etc.
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/ Spatial Impulse response
| Spatiotemporal Separable Filter | . .
s(x,y,0)=9(x,y;1,0,y,0,7)xH(a,é,7,0,1)

a0

Spatial kernel size (15X 15):

E \ Spatial-temporal Receptive field Motion energy /

-200 ms (-5 frame) +200 ms (+5 frame) For each inference, input 11 frames across -200~+200 ms.
The temporal filter window is set to 6 frames (200 ms) 3



Modeling Two Stages of Motion Perception

motion energy extraction

Local motion energy (256 x H x W)
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Recurrent Integration Processing
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Training
® The end-to-end supervised training was applied to fit the motion ground truth in digital videos,

L2LossFunction = Z(yﬁ-ue — ypredicted)2

i=1
Ypredicted is the optical flow from the decoder of each iteration.

which consist of a sizeable multi-frame training set.

Dataset: (with over 8000 samples, each containing 11 images)

» Sintel Benchmark with ground truth + Natural images with pseudo labels (Created by DNNS)

» Self-made non-texture motion (to generalize non-texture motion widely used in vision research)
» Self-made Drifting gratings (provide prior to solving the aperture problem)

Ground Truth Optical Flow




Virtual Neurophysiology-Direction Tuning

€ The distribution of all units from the model captured the tendency of neurons’ distributions on
partial correlation space.

Model Response Neuron Recording
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In silico Neurophysiology

In Silico Neurophysiology: Spectral Receptive Field ) Neuron recordings of monkey’s v1
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® In contrast to the first stage, the second stage demonstrates a slanted direction of L — L
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Perrone, J.A. & Thiele, A. Speed skills: measuring the visual speed analyzing properties of primate MT neurons. Nat. Neurosci. 4, 526-532
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Stimuli:

. which is well

ion

| from the V1 cells so that one could

lobal downward mot

captured by our two-stage structures.

ion signa
perceive a ¢

® The MT region of humans could integrate the
mot

Each local region contains different motion directions
and different speeds, but globally it is easy to perceive

a downward motion.

Model Response:
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Amano K, Edwards M, Badcock D R, et al. Adaptive pooling of visual motion signals by the human visual system revealed with a novel multi-element stimulus[J]. Journal of vision, 2009, 9(3): 4-4.



Adaptive Motion Integration

® The proposed model replicates the human’s adaptive motion integration strategies: the local
ambiguous motion (Local-grating) is easier to integrate across long-distance.
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Compare to Psychophysical Human Response

( | S Partial Correlation:

1 pixelfirame 1 poaiame 1 pixoiframe Partial correlation for
(N Vi direction/speed between the
| —T T L model prediction and the
BRI FA EEL T / human response with the
r e effects of GT removed.
Wirltith 1 bl 2 ! b

GT Model Human

Table 1: Model v.s. Human v.s. GT. p : Partial correlation between human & model controlling GT; r:
Pearson correlation coefficient; epe: vector end-point error: uv, dir, spd represent motion components in 06 Partial Correlation with Interation

Cartesian space, direction, and speed, respectively. 3DCNN: consists of multi-layer 3DCNNs with residual ' I I I I ' l l I
connections; DorsalNet: a pre-trained DorsalNet with frozen parameters, featuring a 3D convolution layer as 035k |
a flow decoder, trained on natural dense optical flow datasets.
Method puv  Pair  Pepa v.s. Human v.s. GT o5k i
Fuw Tspd Fdir epe Tuw Tspd Tdir epe
Farneback] 58] 027 023 010 [ 04T 091 034 202 [ 034 033 092 196
FlowNet2.0[LL] | 039 026 034 | 092 090 096 094 [ 095 094 098 047 0ase f i
RAFT[14] 020 022 014 | 092 090 096 093 | 098 099 099 0.25 - '
RAFT-val 043 017 042 | 092 089 09 1.01 | 092 089 098 0.69 S ear A
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GMFlow|[15] 034 032 017 [ 091 084 096 1.03 | 093 090 097 0.73 035 T
FlowFormer|43] | 036 0.14 032 | 093 091 095 090 | 098 097 098 042 \
FFVIMT|59] 0.31 0.16 031 [ 083 064 092 148 | 059 084 094 129 03 TR C———
3DCNN 027 029 042 | 083 08 095 131 | 083 086 096 1.14 o Partial Comelation. .
DorsalNet|60)] 0.17 019 -0.10 | 020 -0.08 086 235 | 020 -004 086 233 025§ Partial ('nrrclnlmnl:I:
Ours-fixed -0.02  0.12 0.6 [ 031 023 078 224035 0.8 080 229 =
Qurs-Stage 1 034 023 035 | 071 071 092 152|067 067 092 149 02 L L L L L L . . L
Ours-Stage 11 057 043 047 | 091 088 095 098 | 0.80 087 095 1.04 o 2 4 6 8 10 12 14 16 18 10
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Conclusion

€ Two-Stage Architecture: We introduced a two-stage architecture that models

the entire process of biological motion perception, showing good generalization
across stimuli.

€ Attention-Based Motion Integration: Our novel attention-based recurrent

process aligned well with physiological and psychophysical findings, offering
insights into motion integration mechanisms.

€ Bridging Human and DNN Perception: Combining classical motion energy and

deep learning technology holds promise for closing the gap between human
and deep neural network motion perception systems.
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