
EventDance: Unsupervised Source-free Cross-modal Adaptation for Event-based
Object Recognition

–Supplementray Material–

Xu Zheng1 Lin Wang1,2*

1AI Thrust, HKUST(GZ) 2Dept. of CSE, HKUST
zhengxu128@gmail.com, linwang@ust.hk

Project Page: https://vlislab22.github.io/EventDance/

Abstract

Due to the lack of space in the main paper, we provide
more details of the proposed EventDance framework and
experimental results in the supplementary material. Sec. 1
adds the Algorithm of the proposed DPPASS framework.
Sec. 2 provides the implementation details of the proposed
DPPASS method. Sec. 3 presents additional qualitative ex-
perimental results. Sec. 4 provides a detailed theoretical
analysis of the unsupervised source-free cross-modal adap-
tation (USCA) problem. Finally, Sec. 5 provides code im-
plementation of crucial modules.

1. Algorithm
The overall algorithm of EventDance is shown in Algo-
rithm.1. Concretely, LEN is used to optimize FR; LTC

and LCM are used to optimize FS ; and LSup, LPC , and
LCM are used to optimize F i

T . The whole framework is
optimized in an end-to-end manner.

2. Implementation Details
In our source-free image-to-events adaptation setting, we
aim to transfer knowledge from the pre-trained source
model to learn event-based models in the target modality.
Specifically, in our image-to-event scenario, we train the
source model with gray-scale images which is transformed
from the original RGB data in MINIST, CIFAR-10, and
NCALTECH-101 dataset. In particular, EventDance em-
ploys three target models, taking three event representation
types (stack image, voxel grid, and EST) as inputs in the
training phase. Therefore, the inference can be achieved
using one of the models.

We use ResNet-18, 34, and 50 (R-18, R-34, and R-50)
pre-trained on ImageNet as backbones. Importantly, the
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Algorithm 1: Framework of our proposed method.
Input: Pre-trained source model: FS ;
Unlabeled events XT ; Reconstruction model FR.
Output: Target models F i

T , t ∈ {1,2,3}
Initialize F i

T randomly;
for each epoch do

for each iteration do
Sample a batch of target data xt from XT ;
RMB module reconstructs surrogate images;
Select anchor data xa;
Feed xa to FS ; Calculate Eq. 1;
Calculate Eq. 2;
Get pseudo labels P = argmax(FS(xa));
Supervise F i

T with P as Eq. 3;
Calculate Eq. 4;
Calculate Eq. 5;
Update parameters of FS , FR and F i

T .
end

end
Final target models F i

T , t ∈ {1, 2, 3}.

Property CMKD [10] ZDDA [16] SOCKET [1] Ours

Source Free % ! ! !

No Task-irrelevant data ! % % !

Cross-modality RGB → D RGB→ D RGB→ T/D I → E
Unlabeled target data ! % ! !

Table 1. Comparison of our method with existing methods for
knowledge transfer across different modalities. (D: depth; T: ther-
mal; E: event; I: image)

source and target models use the same backbone in all the
experiments in our EventDance. The batch size is set to
64, following the prior work [23]. We use the AdamW
optimizer with a learning rate of 1e-5, which linearly de-
cays over time. We use image augmentation techniques,
e.g., random rotations and flipping for source modality pre-
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Figure 1. Visualization of samples in source and surrogate domain.



training. However, we do not use event augmentation tech-
niques during target learning for a fair comparison with
other methods. In our modality bridging module, we em-
ploy E2VID and Ev-FlowNet as our reconstruction model
FR and optical flow estimation model FF , respectively. The
E2VID model takes as input a voxel grid that passes through
several layers, including a convolutional layer, three recur-
rent encoders that perform strided convolution followed by
ConvLSTM, two residual blocks, three decoder layers that
perform bilinear upsampling followed by convolution, and
a final depthwise convolutional prediction layer. The model
also includes skip connections between the symmetric en-
coder and decoder layers. The head layer has 32 output
channels that double in number after each encoder. The
head, encoder, and decoder layers use 5 × 5 kernels, while
the remaining layers use 3 × 3 kernels. All layers, except
for the final prediction layer, use ReLU activation functions.
The final prediction layer uses a linear activation function.
Ev-FlowNet takes the input voxel grid, Ek, and passes it
through four strided convolutional layers with output chan-
nels doubling after each layer, starting from 64. The result-
ing activations are then processed by two residual blocks
and four decoder layers that perform bilinear upsampling
followed by convolution. Each decoder layer has a concate-
nated skip connection from the corresponding encoder and
a depthwise convolution that produces a lower-scale flow
estimate. This estimate is concatenated with the activations
from the previous decoder layer. The LFlowNet loss (Eq.
10) is applied to each intermediate flow estimate via flow
upsampling. All convolutional layers use 3 × 3 kernels and
ReLU activation functions, except for the flow prediction
layers, which use tanh activation functions [15].

3. More Experimental Comparison

Tab. 1 provides the comparison between our EventDance
with existing methods for knowledge transfer across differ-
ent modalities. We also provide the TSNE [21] visualiza-
tion with more data samples in Fig. 2, apparently, our Event-
Dance brings a significant improvement in distinguishing
cross-modal samples in high-level feature space.

Meanwhile, we provide a performance comparison be-
tween our EventDance and supervised event-based recog-
nition methods on the N-Caltech101 dataset in Tab. 2, in-
cluding EV-VGCNN [8], MVF-Net [6], etc. Our Event-
Dance achieves good performance in an unsupervised man-
ner, without using the source data.

4. Theoretical Analysis

The principal objective of the training regimen is to facil-
itate the transfer of the source knowledge distribution, kS ,
which is encapsulated by the source model FS , and to apply
it towards the learning of the target knowledge distribution,

Method S.F. Unsup. Backbone / Train N-CAL

HFirst [14] % % - 5.40
HOTS [11] % % - 21.00
HATS [20] % % - 64.20
EST [9] % % - 81.70
RG-CNNs [3] % % - 65.70
DART [17] % % - 66.40
Matrix-LSTM [4] % % - 84.30
ASCN [13] % % - 74.50
EvS [12] % % - 76.10
MVF-Net [6] % % - 87.10
AEGNNs [18] % % - 66.80
EV-VGCNN [7] % % - 74.80
TORE [2] % % - 79.80

E2VID [19] % ! Pre-train 64.00
E2VID [19] % ! Fine-tune 59.80
+ CLIP % ! Scratch 9.40
+ SSL % ! Pre-train 28.20
+ SSL % ! Scratch 30.50

Ev-LaFOR [5] % ! Text Prompt 82.46
+ CLIP % ! Visual Prompt 82.61

Wang et al. [22]
! ! - 42.70
% ! - 43.50

+ CLIP ! % - 39.70

! ! R-18 66.77
EventDance (Ours) ! ! R-34 72.68

! ! R-50 92.35

Table 2. Experimental results compared with more representative
methods on event object recognition.

kT , as embodied by the target model F i
T . This process is

visually delineated by the black arrows in Fig. 3.
However, as elucidated in the study by [1], the transition

from a source modality to a target modality presents signif-
icantly more complexity than a mere domain shift across
different datasets within the same modality. In response
to this challenge, we propose the construction of an inter-
mediary surrogate domain, denoted as XR, which is de-
signed to bridge the modality disparities through a recon-
struction model FR. This approach simplifies the Unsu-
pervised Cross-modal Domain Adaptation by bifurcating
the process into two distinct phases: (1) the extraction of
knowledge from FS , and (2) the subsequent indoctrination
of F i

T with the aforementioned extracted knowledge.
In the formulation of the surrogate domain xr ⊆ XR, we

capitalize on the high temporal resolution afforded by raw
events. By reconstructing multiple intensity frames from
a stream of events and designating the initial reconstructed
frames within xr as the anchor data xa, we establish a ro-
bust foundation for subsequent analysis (refer to Fig. 1). To
enhance the efficacy of knowledge extraction, we invoke a
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Figure 2. TSNE [21] visualization (with more data samples) of (a) source-only, (b) SHOT, (c) SHOT++, (d) Zhao et al., (e)DSAN, and (f)
EventDance on the target modality CIFAR10-DVS dataset with R-18 backbone. Different colors represent the 10 classes of CIFAR10-DVS
dataset.
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Figure 3. High-level takeaways for our objectives of EventDance using information diagrams.

commonly held postulate:
Assumption 1: A task-relevant knowledge distribution Tr

is posited to encapsulate all the knowledge requisite for the
final task, such as object recognition. This implies that if the
distribution of xa aligns with Tr, any knowledge extracted
(in the form of pseudo labels) will be both reliable and con-
gruent with the true labels.

Conceptually, as depicted in Fig. 3 E, the alignment be-
tween the task-relevant knowledge distribution Tr and the
surrogate domain xr can be mathematically articulated as
an optimization problem:

max(MI(xa;Tr)), (1)

where MI(·) denotes the mutual information. The funda-
mental intent behind Eq. 1 is twofold: to excise information
that is extraneous to the task and to amplify information that
is pertinent, utilizing appropriate mechanisms. This duality
of objectives can be re-envisioned in the following man-
ner: given xa’s distribution within Tr, one must question
the expected characteristics of xa. Optimally, the response
of FS to xa should exhibit a semblance to one-hot encoding.
Moreover, as illustrated in Fig. 1, the set difference xr \ xa

may also contribute to the identification of the archetypal
xa, akin to a form of data augmentation. In light of this,
Eq. 1 is decomposed into two objectives: (1) the minimiza-



tion of the entropy H(FS(xa)), and (2) the maximization
of the congruity between FS(xa) and FS(xr \ xa).
Assumption 2: Given that the source model FS is pre-
trained on source data, it is presupposed to yield a profi-
cient performance on the end task within the source modal-
ity. Consequently, it can be inferred that the knowledge dis-
tribution kS shares a substantial intersection with the task-
relevant distribution Tr.

Based on Assumption 2, we postulate that the knowl-
edge distribution kS of the source model serves as a viable
approximation of Tr, necessary for training purposes (refer
to Fig. 3 F). This approach diverges from traditional Unsu-
pervised Domain Adaptation (UDA) paradigms by promot-
ing concurrent updates to both the source and target mod-
els within a reciprocal learning framework. Throughout the
training process, kS is iteratively refined to better align with
Tr:

max(I(krgbS ;Tr)). (2)

Eq. 2 is concentrated on the iterative refinement of FS to
enhance its alignment with Tr. To this end, we introduce a
mutual learning module that delicately coordinates the up-
dates of both FS and F i

T , leveraging diverse event repre-
sentations. In contradistinction to existing methodologies,
which predominantly focus on event voxel grids as illus-
trated in [23], our strategy fully exploits the spatio-temporal
dynamics intrinsic to raw events through multiple event rep-
resentations, thereby tapping into the rich tapestry of infor-
mation available within the event data.

5. Code Implementation
In this section, we provide some demo implementation
codes of our proposed EventDance framework including
event processing ( eventprocess.py ), training code of
the events-to-image reconstruction (reconstruction.py),
reconstruction net (reconnet.py), optical flow net
(flownet.py), and classification model with event spike
tensor (EST.py). The complete version will be publicly
available upon acceptance.

i m p o r t os
i m p o r t numpy as np
i m p o r t t o r c h
i m p o r t yaml
d e f e v e n t s t o i m a g e ( xs , ys , ps , s e n s o r s i z e =(180 ,

240) ) :
”””
Accumulate e v e n t s i n t o an image .
”””
d e v i c e = xs . d e v i c e
i m g s i z e = l i s t ( s e n s o r s i z e )
img = t o r c h . z e r o s ( i m g s i z e ) . t o ( d e v i c e )
i f xs . d t y p e i s n o t t o r c h . l ong :

xs = xs . l ong ( ) . t o ( d e v i c e )
i f ys . d t y p e i s n o t t o r c h . l ong :

ys = ys . l ong ( ) . t o ( d e v i c e )

img . i n d e x p u t ( ( ys , xs ) , ps , a c c u m u l a t e =True )
r e t u r n img

d e f e v e n t s t o v o x e l ( xs , ys , t s , ps , num bins ,
s e n s o r s i z e =(180 , 240) ) :
”””
G e n e r a t e a v o x e l g r i d from i n p u t e v e n t s u s i n g

t e m p o r a l b i l i n e a r i n t e r p o l a t i o n .
”””
a s s e r t l e n ( xs ) == l e n ( ys ) and l e n ( ys ) == l e n (
t s ) and l e n ( t s ) == l e n ( ps )
v o x e l = [ ]
t s = t s * ( num bins − 1)
z e r o s = t o r c h . z e r o s ( t s . s i z e ( ) )
f o r b i d x i n r a n g e ( num bins ) :

w e i g h t s = t o r c h . max ( z e r o s , 1 . 0 − t o r c h .
abs ( t s − b i d x ) )

v o x e l b i n = e v e n t s t o i m a g e ( xs , ys , ps *
we igh t s , s e n s o r s i z e = s e n s o r s i z e )

v o x e l . append ( v o x e l b i n )
r e t u r n t o r c h . s t a c k ( v o x e l )

eventprocess.py

i m p o r t os
i m p o r t a r g p a r s e
i m p o r t mlf low
i m p o r t t o r c h
from t o r c h . opt im i m p o r t *
from c o n f i g s . p a r s e r i m p o r t YAMLParser
from d a t a l o a d e r . h5 i m p o r t H5Loader
from l o s s . f low i m p o r t EventWarping
from l o s s . r e c o n s t r u c t i o n i m p o r t

B r i g h t n e s s C o n s t a n c y
from u t i l s . u t i l s i m p o r t load mode l ,

c r e a t e m o d e l d i r , s ave mode l
from u t i l s . v i s u a l i z a t i o n i m p o r t V i s u a l i z a t i o n
d e f t r a i n ( a rgs , c o n f i g p a r s e r ) :

i f n o t os . p a t h . e x i s t s ( a r g s . p a t h m o d e l s ) :
os . m a k e d i r s ( a r g s . p a t h m o d e l s )

# c o n f i g s
c o n f i g = c o n f i g p a r s e r . c o n f i g
c o n f i g [ ” v i s ” ] [ ” b a r s ” ] = F a l s e
# l o g c o n f i g
mlf low . s e t e x p e r i m e n t ( c o n f i g [ ” e x p e r i m e n t ” ] )
mlf low . s t a r t r u n ( )
mlf low . l o g p a r a m s ( c o n f i g )
mlf low . l o g p a r a m ( ” p rev mode l ” , a r g s .
p r ev mode l )
c o n f i g [ ” p rev mode l ” ] = a r g s . p r ev mode l
# i n i t i a l i z e s e t t i n g s
d e v i c e = c o n f i g p a r s e r . d e v i c e
kwargs = c o n f i g p a r s e r . l o a d e r k w a r g s
num bins = c o n f i g [ ” d a t a ” ] [ ” num bins ” ]
# v i s u a l i z a t i o n t o o l
i f c o n f i g [ ” v i s ” ] [ ” e n a b l e d ” ] :

v i s = V i s u a l i z a t i o n ( c o n f i g )
# d a t a l o a d e r
d a t a = H5Loader ( c o n f i g , num bins )
d a t a l o a d e r = t o r c h . u t i l s . d a t a . Da taLoader (

da t a ,
d r o p l a s t =True ,
b a t c h s i z e = c o n f i g [ ” l o a d e r ” ] [ ” b a t c h s i z e ”

] ,
c o l l a t e f n = d a t a . c u s t o m c o l l a t e ,
w o r k e r i n i t f n = c o n f i g p a r s e r .

w o r k e r i n i t f n ,
** kwargs



)
# l o s s f u n c t i o n s
l o s s f u n c t i o n f l o w = EventWarping ( c o n f i g ,
d e v i c e )
l o s s f u n c t i o n r e c o n s t r u c t i o n =
B r i g h t n e s s C o n s t a n c y ( c o n f i g , d e v i c e )
# r e c o n s t r u c t i o n s e t t i n g s
m o d e l r e c o n s t r u c t i o n = e v a l ( c o n f i g [ ”
m o d e l r e c o n s t r u c t i o n ” ] [ ”name” ] ) (

c o n f i g [ ” m o d e l r e c o n s t r u c t i o n ” ] . copy ( ) ,
num bins
) . t o ( d e v i c e )
m o d e l r e c o n s t r u c t i o n = l o a d m o d e l ( a r g s .
p rev model , m o d e l r e c o n s t r u c t i o n , d e v i c e )
m o d e l r e c o n s t r u c t i o n . t r a i n ( )
# o p t i c a l f low s e t t i n g s
mode l f low = e v a l ( c o n f i g [ ” mode l f low ” ] [ ”name”
] ) ( c o n f i g [ ” mode l f low ” ] . copy ( ) , num bins ) . t o (
d e v i c e )
mode l f low = l o a d m o d e l ( a r g s . p rev model ,
model f low , d e v i c e )
i f c o n f i g [ ” l o s s ” ] [ ” t r a i n f l o w ” ] :

mode l f low . t r a i n ( )
e l s e :

mode l f low . e v a l ( )
# model d i r e c t o r y
p a t h m o d e l s = c r e a t e m o d e l d i r ( a r g s .
pa th mo de l s , mlf low . a c t i v e r u n ( ) . i n f o . r u n i d )
mlf low . l o g p a r a m ( ” t r a i n e d m o d e l ” , p a t h m o d e l s
)
c o n f i g p a r s e r . l o g c o n f i g ( p a t h m o d e l s )
c o n f i g [ ” t r a i n e d m o d e l ” ] = p a t h m o d e l s
c o n f i g p a r s e r . c o n f i g = c o n f i g
c o n f i g p a r s e r . l o g c o n f i g ( p a t h m o d e l s )
# o p t i m i z e r s
o p t i m i z e r r e c o n s t r u c t i o n = e v a l ( c o n f i g [ ”
o p t i m i z e r ” ] [ ”name” ] ) (

m o d e l r e c o n s t r u c t i o n . p a r a m e t e r s ( ) , l r =
c o n f i g [ ” o p t i m i z e r ” ] [ ” l r ” ]
)
o p t i m i z e r f l o w = e v a l ( c o n f i g [ ” o p t i m i z e r ” ] [ ”
name” ] ) ( mode l f low . p a r a m e t e r s ( ) , l r = c o n f i g [ ”
o p t i m i z e r ” ] [ ” l r ” ] )
o p t i m i z e r r e c o n s t r u c t i o n . z e r o g r a d ( )
o p t i m i z e r f l o w . z e r o g r a d ( )
# s i m u l a t i o n v a r i a b l e s
s e q l e n g t h = 0
l o s s r e c o n s t r u c t i o n = 0
l o s s f l o w = 0
t r a i n l o s s r e c o n s t r u c t i o n = 0
t r a i n l o s s f l o w = 0
b e s t l o s s r e c o n s t r u c t i o n = 1 . 0 e6
b e s t l o s s f l o w = 1 . 0 e6
e n d t r a i n = F a l s e
p rev img = None
x r e c o n s t r u c t i o n = None
# t r a i n i n g loop
d a t a . s h u f f l e ( )
w h i l e True :

p r i n t ( l e n ( d a t a l o a d e r ) )
f o r i n p u t s i n d a t a l o a d e r :

i f d a t a . new seq :
s e q l e n g t h = 0
d a t a . new seq = F a l s e
l o s s r e c o n s t r u c t i o n = 0
m o d e l r e c o n s t r u c t i o n . r e s e t s t a t e s

( )

o p t i m i z e r r e c o n s t r u c t i o n .
z e r o g r a d ( )

p rev img = None
x r e c o n s t r u c t i o n = None

i f d a t a . seq num >= l e n ( d a t a . f i l e s ) :
mlf low . l o g m e t r i c (

” l o s s r e c o n s t r u c t i o n ” ,
t r a i n l o s s r e c o n s t r u c t i o n / ( d a t a . s amples +
1) , s t e p = d a t a . epoch

)
mlf low . l o g m e t r i c ( ” l o s s f l o w ” ,

t r a i n l o s s f l o w / ( d a t a . s amples + 1) , s t e p =
d a t a . epoch )

wi th t o r c h . n o g r a d ( ) :
i f t r a i n l o s s r e c o n s t r u c t i o n

/ ( d a t a . s amples + 1) <
b e s t l o s s r e c o n s t r u c t i o n :

s ave mode l ( pa t h mo de l s ,
m o d e l r e c o n s t r u c t i o n )

b e s t l o s s r e c o n s t r u c t i o n
= t r a i n l o s s r e c o n s t r u c t i o n / ( d a t a . s amples +

1)
i f t r a i n l o s s f l o w / ( d a t a .

s amples + 1) < b e s t l o s s f l o w :
save mode l ( pa t h mo de l s ,

mode l f low )
b e s t l o s s f l o w =

t r a i n l o s s f l o w / ( d a t a . s amples + 1)
d a t a . epoch += 1
d a t a . s amples = 0
t r a i n l o s s f l o w = 0
t r a i n l o s s r e c o n s t r u c t i o n = 0
d a t a . seq num = d a t a . seq num % l e n

( d a t a . f i l e s )
# f i n i s h t r a i n i n g loop
i f d a t a . epoch == c o n f i g [ ” l o a d e r ”

] [ ” n e p o c h s ” ] :
e n d t r a i n = True

# f o r w a r d p a s s − f low network
# i n p u t s [ ” i n p v o x e l ” ] [ 1 , 5 , 1 2 8 , 1 2 8 ]

i n p u t s [ ” i n p c n t ” ] [ 1 , 2 , 1 2 8 , 1 2 8 ]
x f l o w = mode l f low ( i n p u t s [ ” i n p v o x e l

” ] . t o ( d e v i c e ) , i n p u t s [ ” i n p c n t ” ] . t o ( d e v i c e ) )
# l o s s and backward p a s s
i f c o n f i g [ ” l o s s ” ] [ ” t r a i n f l o w ” ] :

l o s s f l o w = l o s s f u n c t i o n f l o w (
x f l o w [ ” f low ” ] , i n p u t s [ ”

i n p l i s t ” ] . t o ( d e v i c e ) , i n p u t s [ ” i n p p o l m a s k ”
] . t o ( d e v i c e )

)
t r a i n l o s s f l o w += l o s s f l o w . i t em

( )
l o s s f l o w . backward ( )
o p t i m i z e r f l o w . s t e p ( )
o p t i m i z e r f l o w . z e r o g r a d ( )

i f x r e c o n s t r u c t i o n i s n o t None :
# r e c o n s t r u c t i o n l o s s −

g e n e r a t i v e model
d e l t a l o s s m o d e l =

l o s s f u n c t i o n r e c o n s t r u c t i o n . g e n e r a t i v e m o d e l
(

x f l o w [ ” f low ” ] [ 0 ] . d e t a c h ( ) ,
x r e c o n s t r u c t i o n [ ” image ” ] , i n p u t s

)
l o s s r e c o n s t r u c t i o n +=

d e l t a l o s s m o d e l
t r a i n l o s s r e c o n s t r u c t i o n +=



d e l t a l o s s m o d e l . i t em ( )
i f p r ev img i s None or ” Pause ”

n o t i n d a t a . b a t c h a u g m e n t a t i o n o r n o t d a t a .
b a t c h a u g m e n t a t i o n [ ” Pause ” ] :

# r e c o n s t r u c t i o n l o s s −
r e g u l a r i z a t i o n

d e l t a l o s s r e g =
l o s s f u n c t i o n r e c o n s t r u c t i o n . r e g u l a r i z a t i o n (
x r e c o n s t r u c t i o n [ ” image ” ] )

l o s s r e c o n s t r u c t i o n +=
d e l t a l o s s r e g

t r a i n l o s s r e c o n s t r u c t i o n +=
d e l t a l o s s r e g . i t em ( )

# u p d a t e p r e v i o u s image
p rev img = x r e c o n s t r u c t i o n [ ”

image ” ] . d e t a c h ( ) . c l o n e ( )
# f o r w a r d p a s s − r e c o n s t r u c t i o n

ne twork
x r e c o n s t r u c t i o n =

m o d e l r e c o n s t r u c t i o n ( i n p u t s [ ” i n p v o x e l ” ] . t o (
d e v i c e ) )

d a t a . t c i d x += 1
# r e c o n s t r u c t i o n l o s s − t e m p o r a l

c o n s t a n c y
i f d a t a . t c i d x >= c o n f i g [ ” l o s s ” ] [ ”

r e c o n s t r u c t i o n t c i d x t h r e s h o l d ” ] :
d e l t a l o s s t c =

l o s s f u n c t i o n r e c o n s t r u c t i o n .
t e m p o r a l c o n s i s t e n c y (

x f l o w [ ” f low ” ] [ 0 ] . d e t a c h ( ) ,
p rev img , x r e c o n s t r u c t i o n [ ” image ” ]

)
l o s s r e c o n s t r u c t i o n +=

d e l t a l o s s t c
t r a i n l o s s r e c o n s t r u c t i o n +=

d e l t a l o s s t c . i t em ( )
# u p d a t e s e q u e n c e l e n g t h
s e q l e n g t h += 1
# v i s u a l i z e
wi th t o r c h . n o g r a d ( ) :

i f c o n f i g [ ” v i s ” ] [ ” e n a b l e d ” ] and
c o n f i g [ ” l o a d e r ” ] [ ” b a t c h s i z e ” ] == 1 :

v i s . u p d a t e ( i n p u t s , x f l o w [ ”
f low ” ] [ − 1 ] , None , x r e c o n s t r u c t i o n [ ” image ” ] )

# r e c o n s t r u c t i o n backward p a s s
i f s e q l e n g t h == c o n f i g [ ” l o s s ” ] [ ”

r e c o n s t r u c t i o n u n r o l l ” ] :
i f l o s s r e c o n s t r u c t i o n != 0 :

l o s s r e c o n s t r u c t i o n . backward
( )

o p t i m i z e r r e c o n s t r u c t i o n . s t e p
( )

o p t i m i z e r r e c o n s t r u c t i o n .
z e r o g r a d ( )

s e q l e n g t h = 0
x r e c o n s t r u c t i o n = None
l o s s r e c o n s t r u c t i o n = 0
# d e t a c h s t a t e s
m o d e l r e c o n s t r u c t i o n .

d e t a c h s t a t e s ( )
# p r i n t t r a i n i n g i n f o
i f c o n f i g [ ” v i s ” ] [ ” v e r b o s e ” ] :

p r i n t (
” T r a i n Epoch : { : 04 d} [{ : 0 3 d

} /{ : 0 3 d} ({ : 0 3 d}%) ] Flow l o s s : { : . 6 f } ,
B r i g h t n e s s l o s s : { : . 6 f }” . f o r m a t (

d a t a . epoch ,

d a t a . seq num ,
l e n ( d a t a . f i l e s ) ,
i n t (100 * d a t a . seq num /

l e n ( d a t a . f i l e s ) ) ,
t r a i n l o s s f l o w / ( d a t a .

s amples + 1) ,
t r a i n l o s s r e c o n s t r u c t i o n

/ ( d a t a . s amples + 1) ,
) ,
end=”\ r ” ,

)
# u p d a t e number o f samples seen by

t h e ne twork
d a t a . s amples += c o n f i g [ ” l o a d e r ” ] [ ”

b a t c h s i z e ” ]
i f e n d t r a i n :

b r e a k
mlf low . e n d r u n ( )

i f n a m e == ” m a i n ” :
p a r s e r = a r g p a r s e . Argumen tPa r se r ( )
p a r s e r . add a rgumen t (

”−− c o n f i g ” ,
d e f a u l t =” c o n f i g s / t r a i n r e c o n s t r u c t i o n . yml

” ,
h e l p =” t r a i n i n g c o n f i g u r a t i o n ” ,

)
p a r s e r . add a rgumen t (

”−− p a t h m o d e l s ” ,
d e f a u l t =” t r a i n e d m o d e l s / ” ,
h e l p =” l o c a t i o n o f t r a i n e d models ” ,

)
a r g s = p a r s e r . p a r s e a r g s ( )
# l a u n c h t r a i n i n g
t r a i n ( a rgs , YAMLParser ( a r g s . c o n f i g ) )

reconstruction.py

i m p o r t copy
i m p o r t numpy as np
i m p o r t t o r c h
from . base i m p o r t BaseModel
from . m o d e l u t i l i m p o r t c o p y s t a t e s ,

C r o p P a r a m e t e r s
from . submodules i m p o r t R e s i d u a l B l o c k , ConvGRU ,

ConvLayer
from . u n e t i m p o r t UNetRecur ren t , Mult iResUNet
c l a s s E2VID ( BaseModel ) :

”””
E2VID a r c h i t e c t u r e f o r image r e c o n s t r u c t i o n
from even t − d a t a .
” High speed and h igh dynamic r a n g e v i d e o wi th

an e v e n t camera ” , Rebecq e t a l . 2019 .
”””
d e f i n i t ( s e l f , un e t kw ar gs , num bins ) :

s u p e r ( ) . i n i t ( )
s e l f . c rop = None
norm = None
u s e u p s a m p l e c o n v = True
f i n a l a c t i v a t i o n = ” none ”
i f ” norm ” i n u n e t k w a r g s . keys ( ) :

norm = u n e t k w a r g s [ ” norm ” ]
i f ” u s e u p s a m p l e c o n v ” i n u n e t k w a r g s .

keys ( ) :
u s e u p s a m p l e c o n v = u n e t k w a r g s [ ”

u s e u p s a m p l e c o n v ” ]
i f ” f i n a l a c t i v a t i o n ” i n u n e t k w a r g s . keys

( ) :



f i n a l a c t i v a t i o n = u n e t k w a r g s [ ”
f i n a l a c t i v a t i o n ” ]

E2VID kwargs = {
” b a s e n u m c h a n n e l s ” : u n e t k w a r g s [ ”

b a s e n u m c h a n n e l s ” ] ,
” num encoders ” : 3 ,
” n u m r e s i d u a l b l o c k s ” : 2 ,
” n u m o u t p u t c h a n n e l s ” : 1 ,
” s k i p t y p e ” : ”sum” ,
” norm ” : norm ,
” num bins ” : num bins ,
” u s e u p s a m p l e c o n v ” :

u se upsample conv ,
” k e r n e l s i z e ” : u n e t k w a r g s [ ”

k e r n e l s i z e ” ] ,
” c h a n n e l m u l t i p l i e r ” : 2 ,
” r e c u r r e n t b l o c k t y p e ” : ” c o n v l s t m ” ,
” f i n a l a c t i v a t i o n ” : f i n a l a c t i v a t i o n ,

}
s e l f . num encoders = E2VID kwargs [ ”

num encoders ” ]
u n e t k w a r g s . u p d a t e ( E2VID kwargs )
u n e t k w a r g s . pop ( ”name” , None )
u n e t k w a r g s . pop ( ” e n c o d i n g ” , None ) # TODO

: remove
s e l f . u n e t r e c u r r e n t = UNetRecur ren t (

u n e t k w a r g s )
@proper ty
d e f s t a t e s ( s e l f ) :

r e t u r n c o p y s t a t e s ( s e l f . u n e t r e c u r r e n t .
s t a t e s )
@ s t a t e s . s e t t e r
d e f s t a t e s ( s e l f , s t a t e s ) :

s e l f . u n e t r e c u r r e n t . s t a t e s = s t a t e s
d e f d e t a c h s t a t e s ( s e l f ) :

d e t a c h e d s t a t e s = [ ]
f o r s t a t e i n s e l f . u n e t r e c u r r e n t . s t a t e s :

i f t y p e ( s t a t e ) i s t u p l e :
tmp = [ ]
f o r h i dd en i n s t a t e :

tmp . append ( h id de n . d e t a c h ( ) )
d e t a c h e d s t a t e s . append ( t u p l e ( tmp )

)
e l s e :

d e t a c h e d s t a t e s . append ( s t a t e .
d e t a c h ( ) )

s e l f . u n e t r e c u r r e n t . s t a t e s =
d e t a c h e d s t a t e s
d e f r e s e t s t a t e s ( s e l f ) :

s e l f . u n e t r e c u r r e n t . s t a t e s = [ None ] * s e l f
. u n e t r e c u r r e n t . num encoders
d e f i n i t c r o p p i n g ( s e l f , width , h e i g h t ,
s a f e t y m a r g i n =0) :

s e l f . c rop = C r o p P a r a m e t e r s ( width , h e i g h t ,
s e l f . num encoders , s a f e t y m a r g i n )

d e f f o r w a r d ( s e l f , i n p v o x e l ) :
”””
: param i n p v o x e l : N x num bins x H x W
: r e t u r n : [N x 1 X H X W] r e c o n s t r u c t e d

b r i g h t n e s s s i g n a l .
”””
# pad i n p u t
x = i n p v o x e l
i f s e l f . c rop i s n o t None :

x = s e l f . c rop . pad ( x )
# f o r w a r d p a s s
img = s e l f . u n e t r e c u r r e n t . f o r w a r d ( x )

# c rop o u t p u t
i f s e l f . c rop i s n o t None :

img = img [ : , : , s e l f . c rop . i y 0 : s e l f .
c rop . iy1 , s e l f . c rop . i x 0 : s e l f . c rop . i x 1 ]

img = img . c o n t i g u o u s ( )
r e t u r n {” image ” : img}

c l a s s F i r e N e t ( BaseModel ) :
”””
F i r e N e t a r c h i t e c t u r e f o r image r e c o n s t r u c t i o n

from even t − d a t a .
” F a s t image r e c o n s t r u c t i o n wi th an e v e n t
camera ” , S c h e e r l i n c k e t a l . , 2019
”””
d e f i n i t ( s e l f , un e t kw ar gs , num bins ) :

s u p e r ( ) . i n i t ( )
b a s e n u m c h a n n e l s = u n e t k w a r g s [ ”

b a s e n u m c h a n n e l s ” ]
k e r n e l s i z e = u n e t k w a r g s [ ” k e r n e l s i z e ” ]
padd ing = k e r n e l s i z e / / 2
s e l f . head = ConvLayer ( num bins ,

b a s e n u m c h a n n e l s , k e r n e l s i z e , padd ing =
padd ing )

s e l f . G1 = ConvGRU( b a s e n u m c h a n n e l s ,
b a s e n u m c h a n n e l s , k e r n e l s i z e )

s e l f . R1 = R e s i d u a l B l o c k ( b a s e n u m c h a n n e l s
, b a s e n u m c h a n n e l s )

s e l f . G2 = ConvGRU( b a s e n u m c h a n n e l s ,
b a s e n u m c h a n n e l s , k e r n e l s i z e )

s e l f . R2 = R e s i d u a l B l o c k ( b a s e n u m c h a n n e l s
, b a s e n u m c h a n n e l s )

s e l f . p r ed = ConvLayer ( b a s e n u m c h a n n e l s ,
o u t c h a n n e l s =1 , k e r n e l s i z e =1 , a c t i v a t i o n =
None )

s e l f . num encoders = 0 # needed by
i m a g e r e c o n s t r u c t o r . py

s e l f . n u m r e c u r r e n t u n i t s = 2
s e l f . r e s e t s t a t e s ( )

@proper ty
d e f s t a t e s ( s e l f ) :

r e t u r n c o p y s t a t e s ( s e l f . s t a t e s )
@ s t a t e s . s e t t e r
d e f s t a t e s ( s e l f , s t a t e s ) :

s e l f . s t a t e s = s t a t e s
d e f d e t a c h s t a t e s ( s e l f ) :

d e t a c h e d s t a t e s = [ ]
f o r s t a t e i n s e l f . s t a t e s :

i f t y p e ( s t a t e ) i s t u p l e :
tmp = [ ]
f o r h i dd en i n s t a t e :

tmp . append ( h id de n . d e t a c h ( ) )
d e t a c h e d s t a t e s . append ( t u p l e ( tmp )

)
e l s e :

d e t a c h e d s t a t e s . append ( s t a t e .
d e t a c h ( ) )

s e l f . s t a t e s = d e t a c h e d s t a t e s
d e f r e s e t s t a t e s ( s e l f ) :

s e l f . s t a t e s = [ None ] * s e l f .
n u m r e c u r r e n t u n i t s
d e f i n i t c r o p p i n g ( s e l f , width , h e i g h t ) :

p a s s
d e f f o r w a r d ( s e l f , i n p v o x e l ) :

”””
: param i n p v o x e l : N x num bins x H x W
: r e t u r n : [N x 1 X H X W] r e c o n s t r u c t e d

b r i g h t n e s s s i g n a l .
”””



# f o r w a r d p a s s
x = i n p v o x e l
x = s e l f . head ( x )
x = s e l f . G1 ( x , s e l f . s t a t e s [ 0 ] )
s e l f . s t a t e s [ 0 ] = x
x = s e l f . R1 ( x )
x = s e l f . G2 ( x , s e l f . s t a t e s [ 1 ] )
s e l f . s t a t e s [ 1 ] = x
x = s e l f . R2 ( x )
r e t u r n {” image ” : s e l f . p r ed ( x ) }

reconnet.py

i m p o r t copy
i m p o r t numpy as np
i m p o r t t o r c h
from . base i m p o r t BaseModel
from . m o d e l u t i l i m p o r t c o p y s t a t e s ,

C r o p P a r a m e t e r s
from . submodules i m p o r t R e s i d u a l B l o c k , ConvGRU ,

ConvLayer
from . u n e t i m p o r t UNetRecur ren t , Mult iResUNet
c l a s s EVFlowNet ( BaseModel ) :

”””
EV−FlowNet a r c h i t e c t u r e f o r ( dense / s p a r s e )
o p t i c a l f low e s t i m a t i o n from even t − d a t a .
”EV−FlowNet : S e l f − S u p e r v i s e d O p t i c a l Flow f o r

Event − based Cameras ” , Zhu e t a l . 2018 .
”””
d e f i n i t ( s e l f , un e t kw ar gs , num bins ) :

s u p e r ( ) . i n i t ( )
s e l f . c rop = None
s e l f . mask = u n e t k w a r g s [ ” m a s k o u t p u t ” ]
EVFlowNet kwargs = {

” b a s e n u m c h a n n e l s ” : u n e t k w a r g s [ ”
b a s e n u m c h a n n e l s ” ] ,

” num encoders ” : 4 ,
” n u m r e s i d u a l b l o c k s ” : 2 ,
” n u m o u t p u t c h a n n e l s ” : 2 ,
” s k i p t y p e ” : ” c o n c a t ” ,
” norm ” : None ,
” num bins ” : num bins ,
” u s e u p s a m p l e c o n v ” : True ,
” k e r n e l s i z e ” : u n e t k w a r g s [ ”

k e r n e l s i z e ” ] ,
” c h a n n e l m u l t i p l i e r ” : 2 ,
” f i n a l a c t i v a t i o n ” : ” t a n h ” ,

}
s e l f . num encoders = EVFlowNet kwargs [ ”

num encoders ” ]
u n e t k w a r g s . u p d a t e ( EVFlowNet kwargs )
u n e t k w a r g s . pop ( ”name” , None )
u n e t k w a r g s . pop ( ” e v a l ” , None )
u n e t k w a r g s . pop ( ” e n c o d i n g ” , None ) # TODO

: remove
u n e t k w a r g s . pop ( ” m a s k o u t p u t ” , None )
u n e t k w a r g s . pop ( ” mask smooth ing ” , None )

# TODO: remove
i f ” f l o w s c a l i n g ” i n u n e t k w a r g s . keys ( ) :

u n e t k w a r g s . pop ( ” f l o w s c a l i n g ” , None )
s e l f . m u l t i r e s u n e t = Mult iResUNet (

u n e t k w a r g s )
d e f r e s e t s t a t e s ( s e l f ) :

p a s s
d e f i n i t c r o p p i n g ( s e l f , width , h e i g h t ,
s a f e t y m a r g i n =0) :

s e l f . c rop = C r o p P a r a m e t e r s ( width , h e i g h t ,
s e l f . num encoders , s a f e t y m a r g i n )

d e f f o r w a r d ( s e l f , i n p v o x e l , i n p c n t ) :
”””
: param i n p v o x e l : N x num bins x H x W
: r e t u r n : o u t p u t d i c t w i th l i s t o f [N x 2

X H X W] ( x , y ) d i s p l a c e m e n t w i t h i n
e v e n t t e n s o r .

”””
# pad i n p u t
x = i n p v o x e l
i f s e l f . c rop i s n o t None :

x = s e l f . c rop . pad ( x )
# f o r w a r d p a s s
m u l t i r e s f l o w = s e l f . m u l t i r e s u n e t .

f o r w a r d ( x )
# upsample f low e s t i m a t e s t o t h e o r i g i n a l

i n p u t r e s o l u t i o n
f l o w l i s t = [ ]
f o r f low i n m u l t i r e s f l o w :

f l o w l i s t . append (
t o r c h . nn . f u n c t i o n a l . i n t e r p o l a t e (

f low ,
s c a l e f a c t o r =(

m u l t i r e s f l o w [ − 1 ] . shape
[ 2 ] / f low . shape [ 2 ] ,

m u l t i r e s f l o w [ − 1 ] . shape
[ 3 ] / f low . shape [ 3 ] ,

) ,
)

)
# c rop o u t p u t
i f s e l f . c rop i s n o t None :

f o r i , f low i n enumera t e ( f l o w l i s t ) :
f l o w l i s t [ i ] = f low [ : , : , s e l f .

c rop . i y 0 : s e l f . c rop . iy1 , s e l f . c rop . i x 0 :
s e l f . c rop . i x 1 ]

f l o w l i s t [ i ] = f l o w l i s t [ i ] .
c o n t i g u o u s ( )

# mask f low
i f s e l f . mask :

mask = t o r c h . sum ( i n p c n t , dim =1 ,
keepdim=True )

mask [ mask > 0] = 1
f o r i , f low i n enumera t e ( f l o w l i s t ) :

f l o w l i s t [ i ] = f low * mask
r e t u r n {” f low ” : f l o w l i s t }

c l a s s F i r eF lowNe t ( BaseModel ) :
”””
F i r eF lowNe t a r c h i t e c t u r e f o r ( dense / s p a r s e )
o p t i c a l f low e s t i m a t i o n from even t − d a t a .
” Back t o Event B a s i c s : S e l f S u p e r v i s e d
L e a r n i n g o f Image R e c o n s t r u c t i o n from Event
Data v i a P h o t o m e t r i c Cons tancy ” , Pa redes −
V a l l e s e t a l . , 2020
”””
d e f i n i t ( s e l f , un e t kw ar gs , num bins ) :

s u p e r ( ) . i n i t ( )
b a s e n u m c h a n n e l s = u n e t k w a r g s [ ”

b a s e n u m c h a n n e l s ” ]
k e r n e l s i z e = u n e t k w a r g s [ ” k e r n e l s i z e ” ]
s e l f . mask = u n e t k w a r g s [ ” m a s k o u t p u t ” ]
padd ing = k e r n e l s i z e / / 2
s e l f . E1 = ConvLayer ( num bins ,

b a s e n u m c h a n n e l s , k e r n e l s i z e , padd ing =
padd ing )

s e l f . E2 = ConvLayer ( b a s e n u m c h a n n e l s ,



b a s e n u m c h a n n e l s , k e r n e l s i z e , padd ing =
padd ing )

s e l f . R1 = R e s i d u a l B l o c k ( b a s e n u m c h a n n e l s
, b a s e n u m c h a n n e l s )

s e l f . E3 = ConvLayer ( b a s e n u m c h a n n e l s ,
b a s e n u m c h a n n e l s , k e r n e l s i z e , padd ing =
padd ing )

s e l f . R2 = R e s i d u a l B l o c k ( b a s e n u m c h a n n e l s
, b a s e n u m c h a n n e l s )

s e l f . p r ed = ConvLayer ( b a s e n u m c h a n n e l s ,
o u t c h a n n e l s =2 , k e r n e l s i z e =1 , a c t i v a t i o n =”
t a n h ” )
d e f r e s e t s t a t e s ( s e l f ) :

p a s s
d e f i n i t c r o p p i n g ( s e l f , width , h e i g h t ) :

p a s s
d e f f o r w a r d ( s e l f , i n p v o x e l , i n p c n t ) :

”””
: param i n p v o x e l : N x num bins x H x W
: r e t u r n : o u t p u t d i c t w i th l i s t o f [N x 2

X H X W] ( x , y ) d i s p l a c e m e n t w i t h i n
e v e n t t e n s o r .

”””
# f o r w a r d p a s s
x = i n p v o x e l
x = s e l f . E1 ( x )
x = s e l f . E2 ( x )
x = s e l f . R1 ( x )
x = s e l f . E3 ( x )
x = s e l f . R2 ( x )
f low = s e l f . p r ed ( x )
# mask f low
i f s e l f . mask :

mask = t o r c h . sum ( i n p c n t , dim =1 ,
keepdim=True )

mask [ mask > 0] = 1
f low = f low * mask

r e t u r n {” f low ” : [ f low ]}

flownet.py

i m p o r t t o r c h . nn as nn
from os . p a t h i m p o r t j o i n , di rname , i s f i l e
i m p o r t t o r c h
i m p o r t t o r c h . nn . f u n c t i o n a l a s F
i m p o r t numpy as np
from t o r c h v i s i o n . models . r e s n e t i m p o r t r e s n e t 3 4 ,

r e s n e t 1 8
i m p o r t tqdm
c l a s s ValueLayer ( nn . Module ) :

d e f i n i t ( s e l f , m l p l a y e r s , a c t i v a t i o n =nn .
ReLU ( ) , num channe l s =9) :

a s s e r t m l p l a y e r s [ −1] == 1 , ” L a s t l a y e r
o f t h e mlp must have 1 i n p u t c h a n n e l . ”

a s s e r t m l p l a y e r s [ 0 ] == 1 , ” F i r s t l a y e r
o f t h e mlp must have 1 o u t p u t c h a n n e l ”

nn . Module . i n i t ( s e l f )
s e l f . mlp = nn . Modu leL i s t ( )
s e l f . a c t i v a t i o n = a c t i v a t i o n
# c r e a t e mlp
i n c h a n n e l s = 1
f o r o u t c h a n n e l s i n m l p l a y e r s [ 1 : ] :

s e l f . mlp . append ( nn . L i n e a r ( i n c h a n n e l s
, o u t c h a n n e l s ) )

i n c h a n n e l s = o u t c h a n n e l s
# i n i t w i th t r i l i n e a r k e r n e l

p a t h = j o i n ( d i rname ( f i l e ) , ”
q u a n t i z a t i o n l a y e r i n i t ” , ” t r i l i n e a r i n i t . p t h
” )

i f i s f i l e ( p a t h ) :
s t a t e d i c t = t o r c h . l o a d ( p a t h )
s e l f . l o a d s t a t e d i c t ( s t a t e d i c t )

e l s e :
s e l f . i n i t k e r n e l ( num channe l s )

d e f f o r w a r d ( s e l f , x ) :
# c r e a t e sample o f b a t c h s i z e 1 and i n p u t

c h a n n e l s 1
x = x [ None , . . . , None ]
# a p p l y mlp c o n v o l u t i o n
f o r i i n r a n g e ( l e n ( s e l f . mlp [ : − 1 ] ) ) :

x = s e l f . a c t i v a t i o n ( s e l f . mlp [ i ] ( x ) )
x = s e l f . mlp [ − 1 ] ( x )
x = x . s q u e e z e ( )
r e t u r n x

d e f i n i t k e r n e l ( s e l f , num channe l s ) :
t s = t o r c h . z e r o s ( ( 1 , 2000) )
opt im = t o r c h . opt im . Adam( s e l f . p a r a m e t e r s

( ) , l r =1e −2)
t o r c h . m a n u a l s e e d ( 1 )
f o r i n tqdm . tqdm ( r a n g e ( 1 0 0 0 ) ) : #

c o n v e r g e s i n a r e a s o n a b l e t ime
opt im . z e r o g r a d ( )
t s . u n i f o r m ( −1 , 1 )
# g t
g t v a l u e s = s e l f . t r i l i n e a r k e r n e l ( t s ,

num channe l s )
# p red
v a l u e s = s e l f . f o r w a r d ( t s )
# o p t i m i z e
l o s s = ( v a l u e s − g t v a l u e s ) . pow ( 2 ) .

sum ( )
l o s s . backward ( )
opt im . s t e p ( )

d e f t r i l i n e a r k e r n e l ( s e l f , t s , num channe l s ) :
g t v a l u e s = t o r c h . z e r o s l i k e ( t s )
g t v a l u e s [ t s > 0] = (1 − ( num channels −1)

* t s ) [ t s > 0]
g t v a l u e s [ t s < 0] = ( ( num channels −1) *

t s + 1) [ t s < 0]
g t v a l u e s [ t s < −1.0 / ( num channels −1) ] =

0
g t v a l u e s [ t s > 1 . 0 / ( num channels −1) ] =

0
r e t u r n g t v a l u e s

c l a s s Q u a n t i z a t i o n L a y e r ( nn . Module ) :
d e f i n i t ( s e l f , dim ,

m l p l a y e r s = [ 1 , 100 , 100 , 1 ] ,
a c t i v a t i o n =nn . LeakyReLU (

n e g a t i v e s l o p e = 0 . 1 ) ) :
nn . Module . i n i t ( s e l f )
s e l f . v a l u e l a y e r = ValueLayer ( m l p l a y e r s ,

a c t i v a t i o n =
a c t i v a t i o n ,

num channe l s =dim [ 0 ] )
s e l f . dim = dim

d e f f o r w a r d ( s e l f , e v e n t s ) :
# p o i n t s i s a l i s t , s i n c e e v e n t s can have

any s i z e
B = i n t ( ( 1 + e v e n t s [ −1 , −1] ) . i t em ( ) )
num voxe ls = i n t (2 * np . prod ( s e l f . dim ) *

B)
vox = e v e n t s [ 0 ] . n e w f u l l ( [ num voxels , ] ,



f i l l v a l u e =0)
C , H, W = s e l f . dim
# g e t v a l u e s f o r each c h a n n e l
x , y , t , p , b = e v e n t s . t ( )
# n o r m a l i z i n g t i m e s t a m p s
f o r b i i n r a n g e (B) :

t [ e v e n t s [ : , − 1 ] == b i ] /= t [ e v e n t s
[ : , − 1 ] == b i ] . max ( )

p = ( p +1) / 2 # maps p o l a r i t y t o 0 , 1
i d x b e f o r e b i n s = x \

+ W * y \
+ 0 \
+ W * H * C * p \
+ W * H * C * 2 * b

f o r i b i n i n r a n g e (C) :
v a l u e s = t * s e l f . v a l u e l a y e r . f o r w a r d

( t − i b i n / ( C−1) )
# draw i n v o x e l g r i d
i d x = i d x b e f o r e b i n s + W * H * i b i n
vox . p u t ( i d x . l ong ( ) , v a l u e s ,

a c c u m u l a t e =True )
vox = vox . view ( −1 , 2 , C , H, W)
vox = t o r c h . c a t ( [ vox [ : , 0 , . . . ] , vox [ : ,

1 , . . . ] ] , 1 )
r e t u r n vox

c l a s s C l a s s i f i e r ( nn . Module ) :
d e f i n i t ( s e l f ,

v o x e l d i m e n s i o n = ( 9 , 1 8 0 , 2 4 0 ) , #
d imens ion of v o x e l w i l l be C x 2 x H x W

c r o p d i m e n s i o n =(224 , 224) , #
d imens ion of c rop b e f o r e i t goes i n t o
c l a s s i f i e r

n u m c l a s s e s =101 ,
m l p l a y e r s = [ 1 , 30 , 30 , 1 ] ,
a c t i v a t i o n =nn . LeakyReLU (

n e g a t i v e s l o p e = 0 . 1 ) ,
p r e t r a i n e d =True ) :

nn . Module . i n i t ( s e l f )
s e l f . q u a n t i z a t i o n l a y e r =

Q u a n t i z a t i o n L a y e r ( v o x e l d i m e n s i o n , m l p l a y e r s
, a c t i v a t i o n )

s e l f . c l a s s i f i e r = r e s n e t 1 8 ( p r e t r a i n e d =
p r e t r a i n e d )

s e l f . c r o p d i m e n s i o n = c r o p d i m e n s i o n
# r e p l a c e f c l a y e r and f i r s t

c o n v o l u t i o n a l l a y e r
i n p u t c h a n n e l s = 2* v o x e l d i m e n s i o n [ 0 ]
s e l f . c l a s s i f i e r . conv1 = nn . Conv2d (

i n p u t c h a n n e l s , 64 , k e r n e l s i z e =7 , s t r i d e =2 ,
padd ing =3 , b i a s = F a l s e )

s e l f . c l a s s i f i e r . f c = nn . L i n e a r ( s e l f .
c l a s s i f i e r . f c . i n f e a t u r e s , n u m c l a s s e s )
d e f c r o p a n d r e s i z e t o r e s o l u t i o n ( s e l f , x ,
o u t p u t r e s o l u t i o n =(224 , 224) ) :

B , C , H, W = x . shape
i f H > W:

h = H / / 2
x = x [ : , : , h − W / / 2 : h + W / / 2 , : ]

e l s e :
h = W / / 2
x = x [ : , : , : , h − H / / 2 : h + H / / 2 ]

x = F . i n t e r p o l a t e ( x , s i z e =
o u t p u t r e s o l u t i o n )

r e t u r n x
d e f f o r w a r d ( s e l f , x ) :

vox = s e l f . q u a n t i z a t i o n l a y e r . f o r w a r d ( x )
v o x c r o p p e d = s e l f .

c r o p a n d r e s i z e t o r e s o l u t i o n ( vox , s e l f .
c r o p d i m e n s i o n )

p red = s e l f . c l a s s i f i e r . f o r w a r d (
v o x c r o p p e d )

r e t u r n pred , vox

EST.py
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