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Spatiotemporal Data Analysis
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adar Echo Traffic Map Robotics Pedestrian Motion

Automatic stations Temperature, Wind speed, Precipitation...



Predictive Learning

Xt+1, . t4K = arg max P(Xt+1: ---rxt+K|Xt—]+1,...,Xt)
Xt+1 Xt +K

« Video frame prediction / Time series prediction
« Self-supervised / Unsupervised feature learning




Predictive Learning

Y LeCun

-f Obstacles to Progress in Al
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How. Much Information Does’the Machine Need to'Predict?
= Y LeCun

@ Machines need to learn/understand how the world works
P Physical world, digital world, people,....
P> They need to acquire some level of common sense
@ They need to learn a very large amount of background knowledge
» Through observation and action
4 Machines need to perceive the state of the world
P> So as to make accurate predictions and planning
# Machines need to update and remember estimates of the state of the world
P> Paying attention to important events. Remember relevant events
# Machines neet to
P Predict which sequence of actions will lead to a desired state of the world

r, - —=——-=-=======71

Perception + Predictive Model + Memory + I

h________________J

i Intelligence & Common Sense =

# “Pure” Reinforcement Learning (cherry)

» The machine predicts a scalar
reward given once in a while.
> A few bits for some samples

# Supervised Learning (icing)

» The machine predicts a category
or a few numbers for each input

» Predicting human-supplied data
» 10-10,000 bits per sample

I # Unsupervised/Predictive Learning (cake) |

|  » The machine predicts any part of
| its input for any observed part.

» Predicts future frames in videos
| > Millions of bits per sample

# (Yes, I know, this picture is slightly offensive to RL folks. But I'll make it up)

Credit: Yann LeCun [NIPS 2016]
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Start time:2022-02-15 13:30:00

s — 10Min Temperature Prediction
— 10Min Temperature Tuth

10Min Temperature

10Min Averaged Wind Speed prediction
— 10Min Averaged Wind Speed Truth

10Min Averaged Wind Speed

Time Series Forecasting

Autoformer for 2022 Beijing

Flowformer

A Foundation Model for General Task

Olympics




Spatiotemporal Predictive Learning

Physical world understanding
[Lerer et al. ICML16; Wu et al. NeurlPS17]

environment

action

observation
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world model

MDN-RNN (M)
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Robotics control
[Ha & Schmidhuber, NeurlPS18]
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Precipitation Nowcasting
[Wang et al. NeurlPS17; CVPR19]

Forecasts

First Frames

1: Tearing sth just a little bit (0.998)

T 2: Tearing sth into two pieces (0.001)

'— 3: Pretending to be tearing sth that is not tearable (0.001)

— 1: Lifting a surface with sth on it but not enough for it to
slide down (0.490)

2: Lifting sth with sth on it (0.423)

- — 3:Tilting sth with sth on it slightly so it doesn't fall down (0.079)

Action intention estimation
[Wang et al. ICLR19]

Ground Truth



Timeline

Motion Modeling

2017 2018 2021
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Spatiotemporal Information Modeling



Spatiotemporal Modeling in ConvLSTM

v/ CNN for spatial information, RNN for temporal information

v/ Seg2seqg model for prediction

Encoder: Extract information from past observations
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Decoder: Predict the future step by step

[Shi et al. NIPS 2015]



Hierarchical

visual features

[Zeiler & Fergus. ECCV 2014]

g; = tanh(Wyg * X; + Wyg * Hy_q + by)

iy = o(Wy; * X + Wy * Hy_y ++ b;)
Ji = o(Wyp * Xy + Wy Hy_ g + + by)

; Capture the long- and short-term
C Ci_
; HO8 dynamics with C;

0; = 0(Wyp ¥ Xy + Wpy * Hi_1 + W © C; + b,)

(2) Temporal Dimension

H; = o; ® tanh(C),



—/

~

Xy Xip1 Xito

Timeline : (e

1 b, | et ) R SEERE :
——| ST-LSTM 4 |—>| ST-LSTM 4 l;vl ST-LSTM 4 '—* : Input Gate l l Output Gate

: l '

M Hi s | e Temporal 9, I

3 H3 : | Memory :

—-| STLSTM 3 l——»l ST-LSTM l;—>| STLSTM '—» [ m |
| I ! l
: | _’ X < ot -

M; | HE e : Modulation Gate u Ml X 4_ :

—-| ST-LSTM , l——»l STLSTM l;—>| ST-LSTM , |—> : @ L X : :

. - | S .

: patiotemporal @ I

1 1 . | D

M | H el : Forget Gate Memory |

—-| ST-LSTM l——»l ST-LSTM |;—>| ST-LSTM l—» : T <:><_ |

T T f 5 - '

. - L/

M M :
X1 (- 4 b X : X @

®
« Architecture: Spatiotemporal Memory Flow to enhance state transition PredRNN-V2
« Core Module: ST-LSTM with Memory Decoupling to cover long- and short-term dynamics ¢
2022

« Training Strategy: Reverse Scheduled Sampling to bridge the gap between encoder and decoder

Yunbo Wang, Haixu Wu, Jianjin Zhang, Zhifeng Gao, Jianmin Wang, Philip S. Yu, Mingsheng Long . PredRNN: A Recurrent Neural Network for
Spatiotemporal Predictive Learning. TPAMI, 2022.



Comparison with ConvLSTM

ConvLSTM

PredRNN-V?2

State

Transitions

Memory state C, is only updated along
the temporal dimension, which wastes

the hierarchical visual features
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Spatiotemporal Memory Flow
forms a zig-zag transition to unify

the visual features in different layers
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Comparison with ConvLSTM

ConvLSTM PredRNN-V?2

Memory state €, is forced to capture long- | >T-ESTM with ¢, and M, that are jointly

and short-term dynamics simultaneously learned and explicitly decoupled to
X | coverlong- and short-term dynamics

Long Short-term Cis [ﬁ&écouplf [cos(AC, AMY)] ]
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Comparison with ConvLSTM

ConvLSTM

PredRNN-V?2

Training

Strategy

The encoder and decoder share the same

parameter but their inputs are mismatched

Sequence Encoder: Use the true previous frame with
an increasing probability & over training iterations

X

Reverse Scheduled Sampling to bridge

the gap b

etween encoder and decoder

Sequence Forecaster: Use the true previous frame with
a decreasing probability over training iterations
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PredRNN-V2
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Spatiotemporal Memory M;: Transit in a (1) vertical and (2) zig-zag way



PredRNN-V2

(1) Vertical Transition

sristm, | Unify the hierarchical visual features
I
M _
:I: 8t = tanh(wxg *Xtﬂ{l=1} + whg * Hllt 1 + bg)
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PredRNN-VZ2

(1) Vertical Transition

i_s;j Unify the hierarchical visual features
o] S
(Mig Hey EBCRRATR
:M%\H%L _<ERRE :A Gated
H stisT™y | - ggregation
- [

[

I Low-level

| feature



PredRNN-V2

(2) Zig-zag Transition
M is in “Slow transition” - short-term dynamics
C is in "Fast transition” - long-term dynamics

oM
I C? H;
| sTLsT™: —— :
a2

Slow Transition for M

. Fast Transition for €

Achieve the long- and short-term dynamics decomposition.




I Temporal

PredRNN-V2

| g = tanh(Wxg * Xt + Whg * Hi—l)

Input Gate I 1t = O‘(Wm * Xy + Wh * HIt—l)

Memory

—> &; X >@

Forget Gate
> <
C 0t = 0(Wao * Xt + Who * Hi_1 4+ Weo % Ct + Wino ¥ M)

-t -~ Hi = 0y © tanh(Wi 1 * [Cf, M]).
Xt M1
Can € and M be jointly learned as we expected?
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PredRNN-V2
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PredRNN-VZ2

Red points: AC; Black Points AM
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Successfully decouple € and M, release the model prediction capability.



PredRNN-V2
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(a) Responses to sudden step changes (b) Responses to long-term and short-term dynamics

Memory decoupling empowers the model with

stronger modeling capability in long- and short-term dynamics



Model Training (Encoder + Decoder)

ConvLSTM [1] Standard [23] + Standard [23]
re — TrajGRU [25] Standard + Standard
CDNA [26] Standard + SS [24]

PredRNN [2] (Conf. version) Standard + SS

PredRNN++ [27] Standard + SS
E3D-LSTM [9] Standard + SS
CrevNet [28] Standard + Standard
Nt CanVal-LSTM [L] mm w= ARdArded SO mm w = - -
Tra NI ng P rocess Of d Seq2 Seq mOdel r PredRNN-V2 (Ours) Reverse scheduled sampling + SS l

L________________J

Encoder-decoder gap in Seg2seq model

Same parameter but with different inputs




PredRNN-V2

v/ Encoder inputs: last frame prediction X, = ground truth X;

v/ Decoder inputs: ground truth X, — last frame prediction X,

Sequence Encoder: Use the true previous frame with
an increasing probability & over training iterations

Sequence Forecaster: Use the true previous frame with
a decreasing probability over training iterations

X1 e X141 | 9 X142 X1k
A v 1V A
. —»| ST-LSTMs,f——— ... —| ST-LSTMs, »| STLSTMs,|—> +.. —»| ST-LSTMs,
Reverse e Reverse Schedqled Schedgled
scheduled sampling scheduled sampling sampling sampling
| A I R I ~ I ~
. X, X, X Xr ) X141 X141 Xrix-1 Arikx-1

Reverse Scheduled Sampling (RSS)



PredRNN-V2

Benefits of Reverse Scheduled Sampling

T T T T T

——PredRNN

1.0
1 ——PredRNN + Reverse scheduled sampling
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(1) Optimization: Alleviates the gradient
optimization problem in RNNs

Saturation Ratio (<0.1)

0.2 —+— ConvLSTM |
—+— ConvLSTM + Reverse Schedule Sampling

0.1 —+— PredRNN |
—— PredRNN + Reverse Schedule Sampling

I | [ [ [ [ [ [
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Time

Forget gate value of C;

1 2 3 4 5 6

(2) Long-term dependencies: RSS creates a
harder task, which can force the model to
memorize more information



PredRNN-V?2 for Traffic

v/ ST-LSTM can be used as a general
unit and combined with U-Net

v/ Memory decoupling and RSS are general

techniqgues to improve performance

PredRNN-V2

\

Backbone Recurrent unit  Decoupl. RSR MSE (10—3)
U-Net [84] None X x \ 699
ST-LSTM X X 7.035

U-Net + PredRNN STLSTM O O 5135 /
ConvLSTM X X 6.789
CrevNet [68] ST-LSTM X X 6.613
ST-LSTM O O 6.506

Blank
area

)

Ground truth (t=12)

\ U-Net + PredRNN-V2

Accurate
> .o
prediction

. CrevNet w/ ST-LSTM

CrevNet [Yu et al. ICLR20]



PredRNN-V2 for Robotics

Input frames Ground truth & predlcted future frames
' t=30
@‘\ ‘\ 5 (Zoom In)

I

Action . / EE

condition
S1 52
Q PredRNN-V2

“ W % @ PredRNN
e @; r«@; Lallo

LLLLLE
i

Sv2p

+@@
e vl = o

Action fusion: | V! = (Why x HL_ ) © (Way * As_1)
Hia Cil57 Mi‘ — ST'LSTM(Xt7 Vé) Cé—l? Mi—l)a

v/ Action condition prediction

v/ Prediction model can be the

world simulator for controlling Ground truth PredRNN-V2 SV2P

SV2P [Babaeizadeh et al. ICLR17]



PredRNN-V2 for Precipitation Nowcasting
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PredRNN-V2 surpasses all other five methods and achieves the best performance in

long-term (=60min) and high density (= 35dbz) radar prediction




Time Series Forecasting

Wide Applications

Energy B Traffic Economic Weather Disease
Consumption Flow Changes Variations Propagation

Forecasting

/ Long-term Planning and
Farly Warning

- Longer Forecasting Horizon

- More Accurate Prediction

>
Past Observations Future Time Series



Timeline

1960
Deep Models Transformer-based models dealing with
> _ . . .
HoleWinter long-term time series forecasting
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< O O O Pyraformer | Non-stationary
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[ @

2021 2022



Transformer

Multi-Head Attention

Linear

Tl

Scaled Dot-Product

Attention
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Input Output
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Past Future
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Modeling temporal dependencies globally ?

with point-wise Self-Attention

v

Longer time series come with high complexity for Self-Attention

and complex temporal patterns to discover

Uptrend

Plateau

Downtren

§)

Steep
Drop

Fluctuatio

@ptrend

Past Observations

Future Time Series



Timeline

g
Autoformer Encoder STinje W
eries
Encoder Input Seasonal [} m [A A LS4 L |
To Predict 5[—' Auto- Series Feed Series Part Zero
J Y 2L+ Correlation Decomp Forward Decomp Trend
L -cyclical — —| Data
Part Mean
Seasonal Init
| Auto- Series C Auto- Series Feed Series
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®
o
Trend-cyclical Init { ® 2
| I s
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[Input Data Mean|
Autoformer Decoder M x

« Decomposition architecture to split more predictable components
« Auto-Correlation to discover the temporal dependencies among

sub-series with O(L log L) complexity

Haixu Wu, Jiehui Xu, Jianmin Wang, Mingsheng Long . Autoformer: Decomposition Transformers with Auto-Correlation for Long-Term Series

Forecasting. NeurlPS, 2021.



Comparison with Transtormer

Transformer

Autoformer

Intricate
Temporal

Patterns

Hard to directly find reliable temporal

dependencies from raw series

X

P|ateau Steep
Drop  Fluctuation

/ Uptrend

Uptrend

Downtrend

Past Future

Decomposition architecture to ravel

out the entangled temporal patterns

% [prnapd
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Comparison with Transtormer

Transformer

Autoformer

Time Series

Continuity

Self-Attention discover the temporal

dependencies from scattered points

X
#- -/ ht f
[ & = TR0 = 1Y |
A TR R AL W IRV g I N
SRR S R AV A 2\ R
[ Ly T S Y T R B
000000000000000
: Time

Auto-Correlation to discover the

Series-wise temporal dependencies

it

Period 1 Period 2

(d) Auto-Correlation Time




Comparison with Transtormer

Transformer

Autoformer

Computation

Efficiency

Point-wise Self-Attention is 0(L?)

Adopt sparse version for efficiency

resulting in the trade-off dilemma

15F °
—— Auto-Correlation From Autoformer
—— Full Attention From Transformer
g —— LSH Attention Ffrom Reformer
[ala} ProbSparse Attention From Informer
QO 10F
=
o
5
5F .
2 /
' Ours
0
192 384 768 1536 3072

Output Length
(@) Memory Efficiency Analysis

X

Auto-Correlation mechanism based on

stochastic process theory with inherent

O(L log L) complexity

Time(ms)

50

40F

30F

201

10F

—— Auto-Correlation From Auatoformer
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(b) Running Time Efficiency Analysis
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Autoformer

Encoder Input

To Predict

MY

Seasonal Init
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Autoformer Decoder ~ ~ ~ ~ ~ T~ T T T T T T T T M x

Decomposition architecture for intricate temporal patterns



Autoformer

Autoformer Encoder Time W WV\
Series mp“‘«

Encoder Input Sessona
. o[ Auto- Serles Feed Serles Part T~ Zero
QL»Correlatlon Dea.omp Forward Decomp Trend A\
v . - . .

S AR AV, i , Decomposition with Moving Average
ISeasonal Init VK R I— —— I— — I .
g swzz.t:t.on% = _ﬁ Diif;i:p_.l[ s 91 e I & = AvgPool(Padding (X))
Trend-cyclical Init 1- I XS — X J— Xt
i s ’\*J ~® I ’
‘nput ataMean | e Ny e e e e s e e e e mmm e e mmw mmm s

Autoformer Decoder M x

Refine Refine
Prediction - DEcOMpose. — iction 1

—— Predict = Decompose — Prediction

Progressive decomposition capacity



Autoformer

. o e wm JAutoformer Encoder Time
I Series
Encoder Input Seasonal | {| m JUA M L [ |
I . v Auto- Series Feed Series Part Zero
To Predict .
i eL»Correlation Decomp Forward Decomp Trend N\
| -cyclical —/—'\L\ )‘_\/T — —|_Data
Part Mean
I . .
I Seasonal Init
| g Auto- Series > Auto- Series Feed Series |
I ! Ze eLsCorrelation % Decomp [?LCorrelation % Decomp Forward ? Decomp _l
I Trend-cyclical Init I l l J\ %
I ————— 'Q =® +
‘Input Data Mean| I
I Autoformer Decoder M x
J

. A Sl — SerlesDecomp(Xen£: 7)

[
[
X = Coticat{ Ao o) I
Xdet s CODC&t(Xent, XMean)a :

uondIpaid



Autoformer

Autoformer Encoder

.

Encoder Input
. o[ Auto- é Series
To Predict
M o rredie QL>Correlat|on

Decomp

Feed
Forward

I Time
Series ¥
Seasonal | /| _m JU\A M LA ]

Series Part T~ Zero

Decomp Trend L\
-cyclical =4\ EVawals —‘ Data
Part / ]_

Mean

] | ] | ] | ] | ] | ] |
Seasonal Init/

| o[> Auto- Series C* Auto-
! Ql—»Correlatlon % Decomp ~ Correlation %

Trend cyclch Init

|

Series Feed
Decomp Forward

uondIpaid

‘Input ta Mean

\J

Sl,l

Sl2

en )’ —

= SeriesDecomp (AutoCorrelation(Xeln_ 1) o Xé; 1)

A Autoformer Decoder
|
|
|
|

= SeriesDecomp (FeedForward(Sé’nl) + S84 ) ;

Focus on seasonal part modeling,

Provide cross information for decoder



Autoformer

Encoder Input

To Predict

Autoformer Encoder

Auto-

Seasonal Init

Decomp

Forward

[ v (_'g Series Feed g: Series
L°L>Correlat|on

Decomp

Time
Series

Seasonal | /| _m JU\A M LA ]

Part

Trend

Part

-cyclical —/—\L\l‘_\/_Y /'\_/\L;

<
Zero

[

‘Input Data Mean| I

Series C ™ Auto- Series Feed Series
Decomp ~ Correlation Decomp Forward ? Decomp I a
_— —_— T _____ 2‘_
g
- S
D)
—————————————————— = |
Autoformer Decoder M x

Adopt the Auto-Correlation
for the seasonal prediction

. Accumulation for
the trend-cyclical prediction

I— _de,_T_ _—_Se_rle_sD_ec;m_p (A;t()_C;r;IaTtl;n(_/Yl_ _)—: /\?Ci(;)_ -;

842, Th? — SeriesDecomp (AutoCorrelatlon(Sde X))+ S ) i
| Sge.. Tge_= SeriesDocomp( FoedForward () £ Sd ) _ _ _
| T =T AWk TE W T Wi T,




Autoformer

Period-based dependencies
The same phase position of different periods

A AVAN AN/

Benefit from the deep decomposition,
the s highlighted with

Conduct the dependencies discovery and representation aggregation at the series level



Autoformer

Autoformer Encoder N x Time A AN
Series V/Pov
Encoder Input r——=—"- o
. V[T Auto- Series Feed Series Part T Zero
To Predict —L
M g TCorreIatlon Decomp Forward Decomp Trend sl
\_ R — | ) 'CYCIical _//_\L\F\/’Y /_ ~ Data
Part Mean
Seasonal Init " r====
; 5 Auto- Series C Auto- Series __~ Feed Series |
: LrCorreIatlon Decomp FT Correlation Decomp Forward % Decomp \l
Trend-cyclical Init l l C
|
/\ (1) . T
A U o 3 - -
[Input Data Mean
Autoformer Decoder M x

Series-wise Auto-Correlation towards information utilization bottleneck

uonaIpald



Autoformer

Discover period-based dependencies with autocorrelation in stochastic process:

Time
Delay

v

Roll( 71)

N
RXX(T) = Lh_)rrgo Z Z XtXt_T.

t=0

Autocorrelation reflects the time delay similarity,

and corresponds to the confidence of period estimation

>|

WMWA

My MO

N

Larger autocorrelation R(t) means
« stronger time delay similarity w.rt. t

« more confidence of period length as t



Autoformer

Concat

@ Discover period-based

|
|
|
c ) | . .
Top k(~{_Time Delay Agg J+—— : i SoftMax dependeﬂoes Wlth
r—g&hg | | A Aok 0L 1og 1) complexity
. goniugate | _
== R B ATOSENAVA VS ER
B Bl | s | Roll(T0) : 5

Q K v |

Efficient computation of autocorrelation
with Wiener—Khinchin theorem by FFT



Autoformer

Agagreqgate representations from similar sub-processes
ggreg e o

@ AT |
Concat |

L\
@) L] | — |
SoftMax

Top k(¥_Time Delay Agg ]<Ir— ‘ -
_ s ; Roll(T1) o MAM AN © R
pers )
[j%ij u/[g%éij ; Roll(T2) /MVWAJ\UAVJXNA\J\w/M#“WCDwa¢>§
]

@ Aggregate similar

©]
=

Resize Resize

, 1 A | Rollno sub-processes from
Ctnear )} (near )} (biner S MA® R different periods
Q K vy mEmemememememem_m—_emmmmmm—m—m——
1. Select the Top-k period lengths T, , Tk = arg Topk (Rg.x (7))
Te{l,---,L}
2 softmax-normalization Rox(m), -, Rax(mh) = SoftMax (Rox(m), -, Re.x(7k))

| k£ |
AutoCorrelation(Q, K, V) = Z Roll(V, k)R o xc(Ti)!
li=1 |

3. Align delayed series and aggregate
sub-series representations



Autoformer

Benchmark

Energy -

Economics

Traffic

Weather

Disease

Transformers LSTMs TCN

Models Autoforme Informer[41] LogTrans[20] Reformer[17] LSTNet[19] LSTM[13] TCNI[3]
Metric MSE MA MAE MSE MAE MSE MAE MSE MAE MSE MAE MSE MAE

96 §0.255 0.33
19230.281 0.34
336(0.339 0.37
72040.422 0.41

0.365 0.453 0.768 0.642 0.658 0.619 3.142 1.365 2.041 1.073 3.041 1.330
0.533 0.563 0.989 0.757 1.078 0.827 3.154 1.369 2.249 1.112 3.072 1.339
1.363 0.887 1.334 0.872 1.549 0.972 3.160 1.369 2.568 1.238 3.105 1.348
3.379 1.388 3.048 1.328 2.631 1.242 3.171 1.368 2.720 1.287 3.135 1.354

Prediction Accuracy
Relative Promotion (In MSE)

Input-96-predict-336
T74%

96 §10.201 0.31
192§0.222 0.33

0.274 0.368 0.258 0.357 0.312 0.402 0.680 0.645 0.375 0.437 0.985 0.813
0.296 0.386 0.266 0.368 0.348 0.433 0.725 0.676 0.442 0.473 0.996 0.821
33640.231 0.338 0.300 0.394 0.280 0.380 0.350 0.433 0.828 0.727 0.439 0.473 1.000 0.824
72040.254 0.361§ 0.373 0.439 0.283 0.376 0.340 0.420 0.957 0.811 0.980 0.814 1.438 0.784

Input-96-predict-336
T18%

Exchange | Electricity

19210.300 0.369 1.204 0.895 1.040 0.851 1.188 0.906 1.477 1.028 1.846 1.179 3.048 1.444
336§0.509 0.5244 1.672 1.036 1.659 1.081 1.357 0.976 1.507 1.031 2.136 1.231 3.113 1.459
72041.447 0.941§ 2.478 1.310 1.941 1.127 1510 1.016 2.285 1.243 2.984 1.427 3.150 1.458

INnput-96-predict-336
T 61%

Traffic

96 10.613 0.3884 0.719 0.391 0.684 0.384 0.732 0.423 1.107 0.685 0.843 0.453 1.438 0.784
19240.616 0.382 0.696 0.379 0.685 0.390 0.733 0.420 1.157 0.706 0.847 0.453 1.463 0.794
33640.622 0.3374 0.777 0.420 0.733 0.408 0.742 0.420 1.216 0.730 0.853 0.455 1.479 0.799
720§0.660 0.4081 0.864 0.472 0.717 0.396 0.755 0.423 1.481 0.805 1.500 0.805 1.499 0.804

INnput-96-predict-336
T15%

Weather

96 §10.266 0.3364 0.300 0.384 0.458 0.490 0.689 0.596 0.594 0.587 0.369 0.406 0.615 0.589
1920.307 0.367§ 0.598 0.544 0.658 0.589 0.752 0.638 0.560 0.565 0.416 0.435 0.629 0.600
33640.359 0.395 0.578 0.523 0.797 0.652 0.639 0.596 0.597 0.587 0.455 0.454 0.639 0.608
72040.419 0.428 1.059 0.741 0.869 0.675 1.130 0.792 0.618 0.599 0.535 0.520 0.639 0.610

96 10.197 032%0847 0.752 0.968 0.812 1.065 0.829 1.551 1.058 1.453 1.049 3.004 1.432

INnput-96-predict-336
T 21%

ILI

24 13.483 1.287) 5.764 1.677 4480 1.444 4.400 1.382 6.026 1.770 5.914 1.734 6.624 1.830
36 §13.103 1.148) 4.755 1.467 4.799 1.467 4.783 1.448 5.340 1.668 6.631 1.845 6.858 1.879
48 12.669 1.085 4.763 1.469 4.800 1.468 4.832 1.465 6.080 1.787 6.736 1.857 6.968 1.892
60 §2.770 1.12§ 5.264 1.564 5.278 1.560 4.882 1.483 5.548 1.720 6.870 1.879 7.127 1.918

Input-24-predict-48
T 43%

* ETT means the ETTm2. See supplementary materials for the full benchmark of ETTh1, ETTh2, ETTml.




Autoformer

Ablation of Decomposition

« Decomposition outperforms

Input-96 | Transformer[35] Informer[41] LogTrans[17] Reformer[20] Promotion

Predict-O | Origin Sep IOurs IOrigin Sep IOurs IOrigin Sep [Ours JOrigin Sep [Ours] Sep Ours Separately forecasting convention
96 0.604 0.311§0.204§0.365 0.49040.354§0.768 0.862§0.231§0.658 0.445§0.218}0.069 0.347
192 1.060 0.76040.266 0.533 0.658]0.432§0.989 0.533§0.378]1.078 0.510§0.336}0.300 0.562 I I _ |
336 1.413 0.665§0.375§1.363 1.469]0.481]1.334 0.762]0.3621.549 1.028]0.36640.434 1.019 eSpeC|a||y N the |Ong term Settlng
720 2.672 3.20040.537] 3.379 2.766]0.822]3.048 2.601§0.539]2.631 2.845§0.50240.079 2.332

« Decomposition architecture can be

Ablation of Auto-Correlation generalized to other Transformers

Input Length I 96 192 336

Prediction Length O 336 720 1440 336 720 1440 336 720 1440
Auto-

Correlation

Atenion(35] | MaB | 0423 0303 0585 0470 0333 . o085 Ouo1 - »  Under various input-predict settings,
Aterin0] | MAB | 0413 0322 0325 0430 0513 0736 o4 0524 - Auto-Correlation outperforms Self-
Atonion(17] | MAB | 0404 0475 0567 o2l 07 0756 0476 053 - Attention and its variants

ProbSparse MSE | 0481 0.822 0.715 0.404 1.148 0.732 0417 0.631 1.133
Attention[41] | MAE | 0472 0559 0.586 0425 0.654 0.602 0434 0.528 0.691




Autoformer for 2022 Beijing Olympics

) XEREHEE QO HEE: BT TWRE  SRSHEE  SEMEINE  SUFR BENMERBAIOme | EREH0S
| z506 4 #3: ESH EMSE EVSH ERARS EREEE DRAKEE HONER EREEIS TRSES DRSS
2022/02/15 . wramss mEEme wRndes [TRNC) BAEN KROISH HR0SE KROOSH KRO4SN RO

kRO6SHE £M1SH EHSl E#sl Haks Ha%s
CI - =

RESHES % AEOOO O oty & I
BEE_ AZREDRE 13:10

13:00 Start time:2022-02-15 13:30:00
o 12;30 . e 10Min Temperature Truth
SUB HHESTNF ot l I
S35 STESTN o0 -
SIS PREISTNF 150 2
75 ERBSTVF o
T BT ool L, '
aptiomuean " Indoors: Temperature Outdoors: Wind speed
FEFS BXOAATEMOSR o0
U8 AL HERBALme  10: [ s oy it | : : :
il b = Provides online forecast service of temperature and
RERIE_ AR HEENE on)) = . . .
e wind speed for the 2022 Beijing Winter Olympics,
oo 1R assists athletes preparation and schedule planning,
cwastiows  |on| | | works as a solid support for the competition.
FEF R BN LEH ogd0) || 2
FES_BANSESH o
e Achieves 10-minute real-time temperature and wind

A 1. | speed forecast based on meteorological observation,

103 38108 R Autoformer 07:20

s e Real-time forecasting system and achieves 23% lower forecast error than the

o e 07:00
032 EHE 10K FEIRSTNF 06:50

wamsossee 0w Dased on Autoformer mainstream numerical prediction methods.

nean




Foundation Models

Data

Text I ' l
"‘\’/ Images

Speech/\/\/\/\} ﬁaining

" Structured
*  Data

—
—
-

3D Signals n

—_—)

R

Foundation
Model

Bommasani et al. On the Opportunities and Risks of Foundation Models. Arxiv 20271.

Tasks

?

Question
L N Answering  * ,.
S ’ Sentiment
e ., . Analysis

- </

Vo

@)

A Information __

Extraction \

&\% Image

%V' Captioning Q‘
=
\

VNS
NN

/

Adaptation '

&

N

§' Object

| .‘%2 g
‘GA‘.W *Recogmtlon
& Instruction

RSt . Following .. -
V\‘”' . H

[Data Universal]
Learn from various

modalities
[Task Universal]

Adapt to a wide range of

downstream tasks



General Relation Modeling of Transformers

Relatlon among Image Patches

Image =>

Language => Relation among Words
[SOS] Flowformer is a task-universal linear Transformer. [EOS]

: Relation among Time Points

Relation among Agent-Environment Interactions

° EEEEE




Quadratic Complexity in Selt-Attention

L : : K
Pair-wise Relation Modeling: Attention(Q, K,V) = softmaX(Q 1%
Vdy,
ﬂ' Long Sequence
Model Efficiency
General Relation Quadratlc Big Model ® Task & Data

Modeling CompIeX|ty Universal



Quadratic Complexity in Selt-Attention

L] L] L]
”: T . i | '
oo, S ' a' {
: Wi < --. - " =
- | PRy s o !’ ——
1 eEfey | = '-‘lt '\ E ' o = B >

QKT

Pair-wise Relation Modeling: Attention(Q, K, V') = softmax( 1%

/

O(nzd)
Can we remove Softmax function?

(QKT)V = Q(KTV) = 0(n%d) - 0(nd?)




Recap: Softmax function

Softmax function is proposed as a differentiable generalization of
the
‘winner-take-all” picking maximum operation.

Competition
Mechanism

—

The key to avoid
trivial attention

Bridle et al. Training stochastic model recognition algorithms as networks can lead to maximum
mutual information estimation of parameters. NeurlPS 1989.



Recap: Softmax function

Softmax function is proposed as a differentiable generalization of
the
‘winner-take-all” picking maximum operation.

P (Q)(P(K)'V) T
n <:::> Softmax ( ) | %

Competition Mechanism

Bridle et al. Training stochastic model recognition algorithms as networks can lead to maximum
mutual information estimation of parameters. NeurlPS 1989.



Flow Network Theory

o sooseoee
3
- = ~fConservationPropertyl: The trrcommgfiow ==

capacity of each node is equal to the outgoing
————————————————— flowe - - - - - -



Attention: A Flow Network View

Results
4 Information flow

MatMul | |4 > R

l
I
l
=
l
l
I
l
I

\Y R
(Source) (Sink)

MatMul |

tf
Q K

Attention map

<

S(Q, K)
(Flow capacity)

(@) Inner View



Attention: A Flow Network View

Add & Norm

’ Feed

Forward

Add & Norm

Multi-Head
Attention

Information flow
>

Obtain

Outgoing

o B

e

information ==

from previous layer

Saaw”

Source View |

(b) Outer View

Information flow
>

Incoming
flow

Provide

H .—> information

\ to next layer

Sink View



Flowformer: Conservation in Attention

R (Sink) (3) Allocation Aggregated Source

INOVIVIVIMIAL

, . O sigmoid NN
Incoming Flow ‘\\J ol o és}z” &é{%f |

Conservation /
\'o 2 Information
] ;
Outgoing Flow ,’T el Il A‘ggr\eg\fatl r\n |
Conservation ! (‘?Ns&
— | el . AN
v/ \ Softmax AN
W%MMN\N ¥ NN
cos cos ° » -
V (Source) (1) Competition Competed Source

[Incoming Flow Conservation]: Competition among Source tokens

[Outgoing Flow Conservation]: Competition among Sink tokens



Flow-Attention

Q

R (Sink)
\
Linear
A
Allocation |« Flow-Attention
4
H —~— MatMul |e——
! \
5 \ — MatMul <~|
[ \
' AR
- RN P 2 Competition
; \Q"‘. ” A
\ ,o' \ 7
A 4’ AN P
Non-Neg Non-Neg
L A A J
T [T [
Linear J Linear J Linear J
¥ ¥ ¥
K V (Source)



Flow-Attention

R (Sink) Incoming
4 . flow
Linear ) QT
A L 1
~ 0 » R Provid
N[ eeaitra | Flow-Attention :’ . inforron\:;tieon
4 X \ to next layer
H —~— MatMul |e—— N 4
'
H \‘\ —| MatMul
! N\ 4| Competition | | . T
\ I [t Incoming flow: I; = ¢(Q;) X; ¢(K;)
A 4" \ pid \
\
Non-Neg Non-Neg \
?1 ?I | y Incomlng ﬂOW conservatlon d)(IQ)
Linear J Linear J Linear J
f f f : ¢(Q) _ i _
< V Source) Incoming flow: Z] gb(K) =

Q



Flow-Attention

R (Sink)
\
Linear
A .
Allocation |« Flow-Attention
4
H —~— MatMul |e——
! \
5 \ — MatMul
A 1
0 \\ |_ —————— =
- RN _ _-=b|{ Competition !
‘\ ':Q . ’I———J—__J’I\
\ " R \
Non-Neg Non-Neg
A A )
[ ! |
Linear J Linear J Linear J
¥ ¥ ¥
K V (Source)

Q

&

Incoming
flow
v
,: R Provide
' .—> information
N to next layer

Incoming flow: I; = ¢(Q;) chb(Kj)T
¢ (Q)

Incoming flow conservation:

Conserved outgoing flow: 0 = ¢(K)Zi¢(f,i)T




Flow-Attention

R (Sjnk) Outgoing :
flow
Linear :'"" =
—— > ohan v i
1| Allocation AN Flow-Attention information == '
— —— S from previous layer : [ ]
J—~— MatMul  [+—— L]
(] \\ ~N -
AN —~ MatMul i
: N\ S j .
- \ _ _ —»| Competition . . T
‘.‘ N1 o Outgoing flow: 0; = ¢(K;) X; ¢(Q;)
\ - BN 27 N
Non-Neg Non-Neg S 4
i I Pa O ﬂ d)( )
!, 3 , J utgoing flow conservation: p
Linear J Linear J Linear J
¥ t f : ¢( ¢(Ky) _0i _
K V (Source) Outgomg flow: 2] ¢(Q]) E =1

Q



Flow-Attention

Q

R (Sink)
\
Linear
— -
Allocation 1'\\ Flow-Attention
—_— o A \ —_ LN
,’ —\\—> MatMuJ\ -~
! \ S
R —{> MatMul
AN ~— |
- AN _ _—»| Competition
\ ,o"’— N
“ ""\ ’/' ‘\ N
A 2 \ 2 S <
Non-Neg Non-Neg +
| 3 P
[ [l |
Linear J Linear J Linear J
¥ ¥ ¥
K V (Source)

Na

Outgoing
flow
fow
P
Obtain v \'\ -
information == !
from previous layer S -
r I

Outgoing flow: 0; = ¢(K;) Zj¢(Qj)T

Outgoing flow conservation:

Conserved incoming flow: 1= 4@ 3,

¢ (K)

o(kj)"
Oj



Flow-Attention

R (Sink)
)
Linear
yYs
Allocation |« Flow-Attention
4
'—\\—> MatMul |[+——
\
\ — MatMul <~|
\
\

-— G G o
- -

Competition

P 2
oQ" B PR A
A 4" \\ Pid
Non-Neg Non-Neg
A A
T T |
Linear J Linear J Linear J
¥ ¥ ¥
Q K V (Source)

Competition: V = Softmax(ﬁ) oV
(6(K)TV)

AN

oid(I) ® A,

Aggregation: A =

Allocation: R = Si

Successfully bring the Competition Mechanism

Into Attention design to avoid trivial attention



Flowformer: Efficiency and Universality

R (Sink) (3) Allocation Aggregated Source

- DN EEEEN-- :
\\\X/ \S&f \\SX/;’ \ &f/zf \%?2;{ % | é . .
SPANNARI Sigmoid

. \
Incoming Flow \“J ol -

Conservation

Informatlon

) Aggregatlon

:
Outgoing Flow '
going F ,,T... u Il
'

Conservation
1

==\ izSwSIN\T Soft
AN ‘Q\ oftmax
rf/ \» H{/%\m/ﬂ \\}\ f{// k\\ f’/ \\1\\ /{ \ii\l *

V (Source) (1) Competition Competed Source

[Efficiency]: All the calculations are in linear complexity.

[Universality]: The whole design is based on flow network without specific inductive biases.



Flowformer Experiments

Image BENCHMARKS TASK VERSION | LENGTH
LRA (20200) SEQUENCE | NORMAL | 1000~4000
WIKITEXT (2017) | LANGUAGE | CAUSAL 512
L IMAGENET (2009) VISION NORMAL | 49~3136
anguage UEA (2018) TIME SERIES | NORMAL | 29~1751
D4RL (2020) OFFLINE RL | CAUSAL 60
Time  Extensive tasks (covering 5 mainstream
Series
tasks)
 Normal and causal versions
Agent
= Trajectory « Various sequence lengths (29-4000)

Extensive baselines (20+)



Flowformer Experiments

|
. | Vanilla
Task Metrics | Flowformer Performer Reformer
I | Transformer
|
Long Sequence Modelin I
g 589 9 AvgAcc (%)1 | 56.48 | 51.41 50.67 OOM
(LRA) : I
Vision Recognization | I
Top-1Acc (%) T . 80.6 | 781 79.6 78.7
(ImageNet-1K) | I
|
Language Modeling , |
Perplexit | 308 375 33.6 33.0
(WikiText-103) plexity | : I
. . L I I
Time series classification
Avg Acc (%) 1 | 73.0 I 715 71.9 71.9
(UEA) : I
Offline RL Avg Reward 1 1 I
73.5+29 63.8 =76 639+29 722+26
(D4RL) Avg Deviation | | :

Strong performance on all five mainstream tasks within the linear complexity



Flowformer

Long Sequence
Model Efficiency

General Relation Quadratic Big Model ® Task & Data
Modeling Complexity Universal
Flowformer

Linear complexity w.r.t. sequence length
Based on flow network & without specific inductive biases

Strong performance in Long Sequence, CV, NLP, Time Series, RL

Haixu Wu, Jialong Wu, Jiehui Xu, Jianmin Wang, Mingsheng Long . Flowformer: Linearizing Transformers with Conservation Flows. ICML, 2022.
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