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Introduction

* |Interacting system is an interplay of components in dynamics

= A wide range of dynamical systems in physics, biology, sports, and other areas
can be seen as groups of interacting components

= Example: A movement of basketball player can influence other basketball player

» Recent works for dynamical model of interacting systems

* Implicit interaction model (GNNS)

» Send messages over the fully-connected graph,
= Where the interactions are modeled implicitly by message passing or attention mechanisms
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Neural Relational Inference Model (NRI)

= Qverview

» Model: Variational auto-encoder with (discrete) edge types as discrete latent variables to
solve the problem of inferring an explicit interaction structure
» Encoder and decoder are GNN-based
= Main intuition
= Encoder: Generates latent interaction probability distribution (how the system interacts)

= Decoder: Learns dynamical model (trajectory prediction) constrained by the interaction probability
distribution of encoder

» Trained jointly using Gumbel softmax trick as straight-through gradient estimator
= Target
» Simultaneously learn to predict the edge types and learn the dynamical model in unsupervised way

» Formalize the model as a variational autoencoder(VAE) with evidence lower bound(ELBO):
L = Eq,(z1x)[l0gpe(x12)] — KL[qy(z]|X)||pe (2)]

[Legend: [B: Node emb. [FlH: Edge emb. —#:MLP L., : Concrete distribution ==#: Sampling )
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Neural Relational Inference Model

» Single node-to-node message passing operation in GNN
= Similar to “Neural Message Passing for Quantum Chemistry” (Justin Glimer et al.)
= Node-to-Edge and Edge-to-Node

l [ l [
V—E€ h('Lj’} = fﬁ([h'l"hj"x{'hjj])
l [
eE—U . hj+1 — fT;([ZiEJ"'u"} hf{i:jjxj])

» Difference between existing VAE and NRI model

1. Decoder ignores latent code z
» Train the decoder to predict multiple time steps (not a single step)

2. Latent distribution is discrete
» Use continuous relaxation in order to use the reparameterization trick
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Neural Relational Inference Model

= Encoder
= Since we do not know underlying graph,

= Use a GNN on the fully-connected graph to predict latent graph structure

* Model the edge type posterior as gy (z;;|x) = softmax(h{; ;))
- femb (Xj)

- 12}([1151 }1}])

h2 =1 I(Z?:aéj h%z;j))
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Neural Relational Inference Model

= Sampling
= The operation of selecting z;; is a discrete decision — therefore, we cannot directly
propagate gradients through it.
= Can use the Gumbel softmax trick to circumvent this:

Zij = Softmax((h%i’j) +g)/7)

» Where g, ~Gumbel(0,1) and 7 is a temperature parameter (converges to one-hot
when t —0)

* This is a continuous approximation to the discrete distribution

[Legend: [: Node emb. [Tl: Edge emb. —»:MLP {l..,: Concrete distribution --#: Sampling ]
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Neural Relational Inference Model

= Decoder
* Predict the future continuation of dynamics for interacting system
= With Markovian assumption, py(xt*t1|x%, ..., x1, 2)
= Can use any GNN algorithms as our decoder (since it is conditioned on the graph z)

v—e : hfi,j) = Z%j,kff([xg;x; )
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Experiments

= Evaluation with various datasets
* Physics simulation, Motion capture, Sport tracking data etc.
= NRI can learn to discover ground-truth relations with very high accuracy
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Conclusion

* NRI Is a versatile model for inferring latent interaction graphs from
pointwise trajectories

» Latent graph discovery is still in its early phases

= Limitations

» Sparsity — Most real-world graphs are sparse but proposed model need to
start with complete graph and gradually discover sparsity
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1 (F3: https://github.com/cws7777/gcn finalproject)

BT} B[O T AE J|HOR MY G 4
« IE LhF0| &H 7HX| Of 2{Abe ==

= train.py

Line 93: os.mkdir 2 os.makedirs

Line 46: default = ‘log’ > default="./logs’
= |stm_baseline.py

Line 94: args.suffix £
s JC AIoH ‘||-I-I

A
T T

= data/generate_data.py & (command: “python generate_data.py”, 222 A|[Zt: 8A[Zh)
= train.py & & (command: “python train.py”, 282 A|Zt 12A|7H

= |stm_baseline.py &2 (command: “python Istm_baseline.py”, 222 A|ZF 17A|ZH
= Github 32| & 1AM

= GithubOl|= data/generate_data.pyOl Al 243t O|O|HE S

2 47} QUL (25MB 0|42 YR E E7h
» NT MBS SN Z, MOIH MY FAIR M COE HUSS
= XM™MOZ AlSIS OLE

= R

HLIjEZ] 74|¢|—| Ct. (wschm@snu.ac.kr)
= =M logs =00 7|'EA|D:| M7t =518 22 | OQE O| RUSL|LCH
X HIR Z 0 (exp2020-06-18T10:51:31.601871)7F NRI0]| Ci et Al&i0|H O

OHof| &&= modeII'_f log.txt7} A& LIC.
= log.txt= epoch OFC} O] epochdt H| W3t £2 H5 Zg0| L= AS B 0|52 log Y LI C.
= 5 HWY Z(exp2020-06-18T17:20:49.331843)= Istm_baselinedi| Cior 2 210|H 1 0+o1| xi EEl |og.txt7t S Lt
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Al A 8 Aop (F 3 https://github.com/cws7777/gen finalproject )
DET7H B O|U0) ST RE V| R NS 4
= M2 =2|7|2T python 2 library requirement

= Python 2.7 EE= 3.6

oo

= Pytorch 0.2 > 0.2 O|& HA S 2 ZT A2 simulation decoder”t break LtA &/ A& 0| |X| %43

= ‘/data/generate_dataset.py’S &5l HO|H ‘&8 (‘python generate_dataset.py’)
= HO|E Mo 22 A7 gA|Zt

= Physical simulation(spring) dataset
= |ocation, velocity, edge0f| CH$t training(500007H), validation(100007H), test(100007K) .npy 4

. T 53 UA

(nri_test) choiws@choiws:~/Desktop/nri_test/data$ python generate_dataset.py

springss

Generating 50000 training simulations
Generating 10000 test simulations
Generating 10000 validation simulations

Iter: 9900, S\mulatlon time: O 4425308309020990
D test 1S s
f synthetic_sim.pyc vel train sprinas5.npy

(nri_test) choiws@choiw
edaes test sprinas5._nov edqes valxd spr 1noss nov _ init__.py loc train sprinasS.npv _ 2
loc test springsS5.npy loc valid springsS5.npy synthetlc sim. py vel test springsS5.npy vel valid springs5.npy

E MdAl AR E| = python IHY

. Syntetlc sim. pyol 85 generate dataset.pyOi|A] G| O
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sl pd S Ao (F 3 https://github.com/cws7777/gen finalproject )

« JCO| XX MY
- 1Y & 29
= |stm_baseline.py
= S =Z M LSTM (oin)2t 22 A2 2 R2[7t Y1 Y= 7|E LSTMI H|Xot R HO|H X QtSh= 2 21F H| wdt7| @fg

= CtEX: 23 MLPE S1}$t 2 E objects?| input representationS concatenation
» RecurrentBaseline class (Line 97 ~ 179)

= modules.py
= NRI 220 A AFES}E variational autoencoderOf| A encoder?t decoder?| 3571 M| £ JU= =

= MLPEnNcoder (Line 89 ~ 147) : 2-layer MLP(hidden and output dim. of 256, batch norm., drop out, and ELU activation)
= node2edge (Line 113 ~ 116) : reciever?} sender feature2| edge concatenation= 22t
* edge2node (Line 118 ~ 123) : 2 & incoming edge featuresE sum2 £ accumulate

= MLPDecoder (Line 415 ~ 521) : All/Single time-step 0| &
» single_step_forward (Line 436 ~ 482) : single time-step 0|0 CHt forward function
= forward (Line 484 ~ 521) : all time-step 0= 0{| CH$t forward function

= CNNEnNcoder (Line 150 ~ 226) : trajectory size 'H2} encoding= & &
= CNN (Line 46 ~ 86) : 1D convolutions with attention

= RNNDecoder (Line 524 ~ 651) : single step 0|Z0f| GRU 2|0 E gtAlS =T}
= single_step_forward (Line 553 ~ 600) : GRU Al (Line 586 ~ 590)

= SimulationDecoder (Line 229 ~ 412) : Zf G| O|E{ Al 0f| [tE Ground-truth A| = 2| O|H
= Motion2| Newtonian equation integrator (Line 242 ~ 267)
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e aPd U A (>3 https://github.com/cws7777/gen finalproject )

« ACO| X MY
» O EH AT
= utils.py

= CHEXNOZ X5t Z RO Sampling® [ AHE &|= Gumbel Softmax, HIO|HE Z =35} load_data 2| utlls7f NS
= Gumbel Softmax (Line 69 ~ 108) : pytorch community % ericjangO|2t= X 9| githubO| A 7} 2

= train.py
= O{H7tX| argument== 7|82 £ trainingd testE cﬂ St-= main It
= Encoder2}t Decoder 35S A2 A}t argumentZE AT module.pydl Al E2212F =3 (Line 117 ~ 141)

» Train (Line 184 ~ 292)
» A3 REES =222 traing TS Epoch E 2 trainlt validation2| MSE, NLL §2| =X| £ print (Line 267 ~ 276)
» M50/ E2 2EELS XME (Line 277 ~ 290)

= Test (Line 295 ~ 383)
» train= 7|9t 2 X E pest PR 2 22T (Line 305 ~ 306)

»  testS TSI Epoch # 2 nll_test, mse_test, S print (Line 365 ~ 372)
= train_enc.py2l train_dec.py

» Encoder@} decoderE M2 train & = Y= IEE LHH =8

=2
= train.pylf Rl= ZE EES M2 LIEHE2 E'_EOU:H train.pyOll M S&iot= 2Alap 242
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A aPd A Al (F 3 hitps://github.com/cws7777/gcn finalproject)

S AlS] K|S -
= HO|H dd =, 28 I (‘python train.py’)
= =20 7| THE[O U= A Z1t2f reproducing 4 1t I:llu_
= St TEE= ST =20 A Table1Z} Table 20| A 2] Springs£
= Table 1. Accuracy of unsupervised interaction recovery%{| A1 2| NRI (Iearned)—.——l—
= Table 2. MSE in predicting future states for simulations with 5 interacting objects 3| A|2| NRI (learned) £ &

n AlS )| 'E,'(prediction=steps = 10, num_atoms(objects) = 5)

(nri_test) choiws@choiws:~ i tS python train.py
Namespace(batch_size=128, cud rue, decoder— mlp', decoder_dropout=0.0, decoder_hidden=256, dims=4, dynamic_graph=False, edge_types=2, encoder='mlp', encoder_dropout=0.0, encod
er_hidden=256, epochs=500, factor=True, gamma=0.5, hard=False, load_folder_ i lr=6. 0005, lr_decay=200, no_cuda=False, no_factor=False, num atoms=5, prediction steps=10, prior=F

alse, save_folder='./logs’', seed=42, sktp_first=False, suffix=‘_springss', temp=0.5, timesteps=49, var=5e-05)
Using factor graph MLP encoder.
Using learned interaction net decoder.

= A3 reproduce Z 1}
Table 1. Accuracy (in %) of unsupervised interaction recovery. N Rl (l ea rn ed) m Od el

Maodel Springs Charged Kuramoto Dptimization Finished!
B Epoch: 0492

Corr. (path) 62.8+a0 -- -
Corr. l:]'_g‘[\,” hd.dias s 6.4134 4 k1_test: -0.0015021029 mse_test: 0.0000397987 acc_test: ©.9986847310
T B , 0.000000131017 , 0.000000292691 , 0.000000515906 , ©.000000/98559 , ©.000001138511 , 0.000001533449 , 0.000001981092 , 0.000002478713 , 0.000003023529 ,
)JRI{SIDI] = & 000004243413 , 0.000004913697 , 0.000005621429 , 0.000006365979 , 0.000007146337 , 0.000007961426 , 0.000011093128 , 0.000014427284 , 0.000017692602 ]
SEI ”;ﬂ[m; i EEIE-IIII T gﬁ.[}-li-.l
Supervised 99.9400  95.0z02 99.Txa00
| Springs
Prediction steps | 1 ‘JO’ 20 |
Static 7.93e-5 7.59%-3 2.82e-2
LSTM (single) 227e-6  4.69-4 4.90e-3
LSTM (joint) 4138 219e-5 7.02e-d 9- >
NRI (full graph) 1.66e-5 1.64e-3 6.31e-3 199.8037110341 mse_test: 6.000104064436 mse_baseline_test: 0.0001205871
NRI (learned) 3.12e-8  3.29e-6  2.13e-5 {SE: [ 0.000080022443 , 0.600000111469 , ©.0006000318527 , ©.000000732543 , 0.600001500170 , 0.080002852601 , 0.000005140345 , ©.000008876621 , 0.000014790002 , ©.000023887296 ,
0.000037526344 , 6.000057476394 , 0.000086006447 , 0.000126022132 , 0.000181158044 , 0.000255900319 , 0.000355729368 , 0.000489608559 , 0.000663363608 , 0.000886167516 ]
o NRI (true graph) | 1.6%-11 1.32e-9 T-Oﬁc-ﬁl MSE Baseline: [ 0.000078298188 , 0.600312591996 , ©.000701769769 , 0.001244124258 , 0.001937958645 , ©.002780992072 , 0.003770666430 , 0.004904094152 , 0.006178658218 , 0.007589
W S ( hOl C}\T, I 018904 , ©.009133122861 , 0.010806214996 , 0.012603825890 , 0.014521185309 , 6.016553251073 , 0.018694678321 , 0.020939871669 , ©.023285211995 , 0.025722427294 , 0.028244880959
. . o L Tuble 2. Mean squared error (MSE) in predicting future states for simulations with 5 interacting objects, 1

Llogs/exp2020-06-18T17:20:49.331843/
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