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To start: some preliminaries

(Optimal) transport and flows

e.qg., EMD, Wasserstein distance, diffusion models

Find map 1 such that 14py ~ p,
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€& On amortizing convex conjugates. Amos, ICLR 2023.

\Wasserstein manifold

“Physics” in this talk

L & for me as a non-physicist

differential equations x, = f(x,) @

e.g., the Newton-Euler equations of motion
M(qt)qt T I/l(qt, qt) — T(qt) + Bl/tt

Mechanics is the paradise of the mathematical
sciences because by means of it one comes to
the fruits of mathematics.

—da Vinci (found in Bullo & Lewis)



This talk

Physics-tangential extensions and applications
Three lightning sub-talks —slightly niche but interesting topics
Goals:

1. share from the ML side so you can understand capabilities
2. hopefully inspire new ideas and applications :)



This talk

Transport for Imitation Learning Non-Euclidean Transport Meta and \Wasserstein Flows
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(a) Obstacles
samples (M source | target M push-forward) transport paths

€ Gromov-Wasserstein Imitation € | agrangian Optimal Transport € Meta Flow Matching
& \Vasserstein Flow Matching




Motivation: matching states in a physical system

(aka imitation learning)

state-action distributions




One way: use optimal transport

ICLR 2021 1
P
PRIMAL WASSERSTEIN IMITATION LEARNING . ;
W, (po, pl) = )1(n£ . c(x, T(x))p dpy(x)
Robert Dadashi*!, Léonard Hussenot! 2, Matthieu Geist', Olivier Pietquin’ T. D — X
#Po = P1

1Google Research, Brain Team
2Univ. de Lille, CNRS, Inria Scool, UMR 9189 CRIStAL

— state-action distributions
A Challenge: what if the state-action spaces are not aligned?

e.g., the cross-domain setting—human-robot transfer, cross-robot transfer

. 4 — B

LIC IVIUJOU O dU d 11 d SAdllIPIC € . Al111C . Ul dEC HILCI d U Al
of expert interactions with the environment. Finally, we show that the behavior of
the agent we train matches the behavior of the expert with the Wasserstein distance,
rather than the commonly used proxy of performance.
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Use the Gromov-Wasserstein Distance!

Compares pairwise distances between the spaces (metric-measure spaces)

1
p p

dy(x,x") — dY(T(x), T(x’)) dpo(x) dpo(x’))

Source

& Entropic metric alignment for correspondence & Cross-domain imitation learning via optimal transport.
problems. Solomon et al., SIGGRAPH 2016. Fickinger, Cohen, Russell, Amos, ICLR 2022.




Results transferring from one system to another

& Cross-domain imitation learning via optimal transport. Fickinger, Cohen, Russell, Amos, ICLR 2022.




We published it, and then...

ICLR 2022 (April)

CROSS-DOMAIN IMITATION LEARNING
VIA OPTIMAL TRANSPORT

= I'le > ¢s > arXiv:2205.03476v1

Computer Science > Machine Learning

[Submitted on 6 May 2022 (this version), latest version 10 May 2022 (v2)]

Issues in "Cross-Domain Imitation Learning
via Optimal Transport” and a possible fix

Arnaud Fickinger'3* Samuel Cohen?® Stuart Russell! Brandon Amos?®

1Berkeley Al Research 2University College London 3Facebook Al

Ruichao Jiang, Javad Tavakoli, Yiginag Zhao
ABSTRACT Jiang, ] s

[4] proposes to use the Gromov-Wasserstein ( GW) [6] distance as a proxy
reward for imitation learning. We show that their approach suffers both
mathematical and algorithmic issues. We use hitting-time of a Markov
decision process (MDP) to fix their mathematical issues and discuss the
difficulty behind the algorithmic issue. To our best knowledge, we are the
first to define the first-hitting time in the context of MDP.

Cross-domain imitation learning studies how to leverage expert demonstrations of
one agent to train an imitation agent with a different embodiment or morphology.
Comparing trajectories and stationary distributions between the expert and 1mi-
tation agents is challenging because they live on different systems that may not
even have the same dimensionality. We propose Gromov-Wasserstein Imitation
Learning (GWIL), a method for cross-domain imitation that uses the Gromov-
Wasserstein distance to align and compare states between the different spaces of
the agents. Our theory formally characterizes the scenarios where GWIL pre-
serves optimality, revealing its possibilities and limitations. We demonstrate the
effectiveness of GWIL in non-trivial continuous control domains ranging from
simple rigid transformation of the expert domain to arbitrary transformation of
the state-action space.

Subjects: Machine Learning (cs.LG)
Cite as: arXiv:2205.03476 [cs.LG]
(or arXiv:2205.03476v1 [cs.LG] for this version)

https://doi.org/10.48550/arXiv.2205.03476 €@

Submission history




Thankfully the issue was minor

We forgot to include the pushforward term in our isomorphic definition (sorry) &

Definition 2 (Isomorphic policies). Two policies mg and 7 4 are isomorphic if there exists a bijection

¢ : Supp[pﬂ‘E] — Supp[pﬂ'A] that SatiSﬁBSfOT all (SEa a'E)a (SEla CZE/) = Supp[pﬂ'E] and (8A7 a’A) S
SUpPP P4 )

de ((sE,ag), (sg’,ag")) =da (¢(sg,ag),d(sg’,ar")) 3)
Pra(54,04) = pry (07 (sEr0E)) 4)

In other words, ¢ is an lsometry between (supp|pr,.|,dg) and (supp|pr,|,da) and p,, is the
push-forward measure ¢y (pr )
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Easy fix, everybody happy &

. = I'Xiv > ¢s > arXiv:2205.03476v2
= I‘le > ¢cs > arXiv:2205.03476v1

Computer Science > Machine Learning

ComPUter SCIence > Machme Learnmg [Submitted on 6 May 2022 (v1), last revised 10 May 2022 (this version, v2)]

[Submitted on 6 May 2022 (this version), latest version 10 May 2022 (v2)] H itting time for Markov decision process

Issues in "Cross-Domain Imitation Learning
via Optimal Transport” and a possible fix

Ruichao Jiang, Javad Tavakoli, Yiginag Zhao

We define the hitting time for a Markov decision process (MDP). We do not use the hitting time
of the Markov process induced by the MDP because the induced chain may not have a
stationary distribution. Even it has a stationary distribution, the stationary distribution may not
[4] proposes to use the Gromov-Wasserstein ( GW) [6] distance as a proxy coincide with the (normalized) occupancy measure of the MDP. We observe a relationship
reward for imitation learning. We show that their approach suffers both 4 dayS |ater between the MDP and the PageRank. Using this observation, we construct an MP whose

mathematical and algorithmic issues. We use hitting-time of a Markov ———- stationary distribution coincides with the normalized occupancy measure of the MDP and we
define the hitting time of the MDP as the hitting time of the associated MP.

Ruichao Jiang, Javad Tavakoli, Yiginag Zhao

decision process (MDP) to fix their mathematical issues and discuss the
difficulty behind the algorithmic issue. To our best knowledge, we are the

Comments: The first version of this paper pointed out some issues in the old version of "Cross-Domain Imitation
first to define the first-hitting time in the context of MDP.

Learning via Optimal Transport". The authors have then addressed these issues according to our

suggestions in a new version. We therefore updated our paper, in which we removed contents related to
Subjects: Machine Learning (cs.LG) these issues
Cite as: arXiv:2205.03476 [cs.LG]

(or arXiv:2205.03476v1 [cs.LG] for this version)

https://doi.org/10.48550/arXiv.2205.03476 6
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This talk

Transport for Imitation Learning Non-Euclidean Transport Meta and \Wasserstein Flows
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(a) Obstacles
samples (M source " target M push-forward) I transport paths

€ Gromov-Wasserstein Imitation & [agrangian Optimal Transport €& Meta Flow Matching
& \\asserstein Flow Matching
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Motivation: transport under physical constraints

| ]
W, (po, pl) 1= . )1(n_f) . Lc(x, T(x))p dpo(x)

Lypy = p;

Bird population dynamics

Cell population dynamics

Y Physical obstacles
| £ GMM (forward policy)

& Riemannian Metric Learning via Optimal Transport. €& Deep Generalized Schrodinger Bridge.

Scarvelis and Solomon, ICLR 2023. Liu et al., NeurlPS 2022.
13



Focus: minimum-action Lagrangian paths

Lagrangian (e.g., geodesics
Squared Euclidean grangian (e.g., g )

easy, closed-form computation

| '
* | 14

(a) Obstacles




How to solve?

& Neural Optimal Transport with Lagrangian Costs. Pooladian, Domingo-Enrich, Chen, Amos, UAl 2024,

-------------------------------------------------------------------------------------------------------------------------------------------
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1/3(290»191» c) € argsup fyllfc(}’)dmo’) — fxlp(x)dpo(x)

YeLl(py)
neural network

c-transform like other neural O

& On amortizing convex conjugates.:

A\ ) / Costs Amos, ICLR 2023
. e e = " ——— - W RN AN AE NN NN AR AN NN AR AN NN AN AN AN AW AW . ~
E ‘ Lagrangian (e.g., geodesics)

Other applications to HJB, see also:

: & Deep Legendre Transform.
Minabutdinov, Cheridito. NeurlPS 2025.

And then”? Can also learn the cost/metric with all of this as a subproblem e ———————————
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Aside: predicting solutions to optimization problems

Reinforcement learning and control
et actor-critic methods, SAC, DDPG, GPS, BC

Machine Leaming
16:5

Variational inference
VAES, semi-amortized VAES

Meta-learning
HyperNets, MAML

Sparse coding
PSD, LISTA

Roots, fixed points, and convex optimization
NeuralDEQs, RLQP, NeuralSCS

Optimal transport
slicing, conjugation, Meta Optimal Transport

10



box
NLOT (alg. 1)

Lagrangian Transport Results

contours indicate Lagrangian potential U(x) (darker color=higher value)

M source samples

" target samples

M push-forward samples

well

" transport paths
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(a) Obstacles (b) Circular Geometry~~.”,

samples (M source " target M push-forward) ™ transport paths

box slit hill well

NLOT (ours) | 1.6+£0.2 13+02 18+13 1.3+0.3

NLSB (stochastic) | 24+06 1.3+04 20+01 26+1.6
NLSB (expected) | 6.0+0.5 17.6+1.8 4.0+09 16.1+3.

5

“Results are from training three trials for every method.
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Metric Learning Results

Table 2: Alignment scores £)ign € |0, 1] for metric recovery in Fig. 4. (higher is better)

Circle Mass Splitting X Paths
Metric learning with NLOT (ours) 0.997 +0.002 0.986 +0.001 0.957 + 0.001
Scarvelis and Solomon (2023) 0.995 0.839 0.916
PP —Y——T——T A S S S S s
Circle NN X Paths' v/ //zcrz777 77 )Mass sghttm Y YYYYY.
SIS SIS SIS S SIS SIS S \\\u NN\ S S SIS S S
SIS SIS IS IS SIS S &k\\\\~w/////////
SIS LSS S ST SSS S \\\& NN\ S S S S S S
LSS LS ALLATS L LSS INNNSEENNSA S
LSS EAT AL IS LSS INNNNKANNNASS S S S SIS
///////Vﬁ////////// SNNNN NN~/ S S S S S S
//Aﬁnf(////////////-x\\\\\\\\#/////////
Aamy//////f//jffif Srtrte et NN\ NS S S S S S S S
A R R
NN 3%&\\\\\\\\\\\\\ H A S SN N NN N it
\\\&Nm\\\\\\\\\\\\\ AAAL S S~ NN NN SN N
NN N NE NN AN N NAN /////Agy/ﬁ\\\\\\\\\~
NN NN SN NNNANNNNN T 2 2 2822/ /=N AN N NSNS
NN N A NENA N NN ///¢ i /7 /= NN NN NN N
NNNNANNNNNNNNSANNNANNTY /2807 7/ /=S NN NN NN
NN N N N NN NN N NN NN /Aﬁ%/////ﬂx\\\\\\ N
NANANNANNNNNANNANNNANY /A 22/ 7/ /2= NN NN AN
NSANNANNNANNANNNANNNNNNNANTY /2 7/ /7 /7 2= NN AN NN

smallest eigenvectors of A (M learned M ground-truth)
B data (lighter colors=later time)




This talk

Transport for Imitation Learning Meta and Wasserstein Flows

(a) Obstacles

samples (M source " target M push-forward) transport paths

€ Gromov-Wasserstein Imitation €& [ agrangian Optimal Transport €& Meta Flow Matching
& \\asserstein Flow Matching
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So far: single distribution to single distribution

Pa(X)
\Wasserstein manifold

20



Next: multiple distributions %

Pa(X)
\Wasserstein manifold

& \Meta Flow Matching. Atanackovic*, Zhang*, Amos, Blanchette, Lee, Bengio, Tong, Neklyudov. ICLR 2025. 2



Background and Motivation

Scientific goal: understand and model the dynamics of many-body systems
(the dynamic evolution of interacting particles)

E.g. the dynamic processes cells undergo w.r.t. their environment and
Interactions with each other

Py

Po
@ ' =

& \Meta Flow Matching. Atanackovic*, Zhang*, Amos, Blanchette, Lee, Bengio, Tong, Neklyudov. ICLR 2025. 22



Background and Motivation

We want to model the dynamics of particles (or cells) at the population level.

Many methods do this:

| ([ X))
L ) [ R x[0,1 5 R
dx
. e x(to) ;}£§“‘/% x(t1)
— | —O— >N | —
@ i
To

,/// ! ; I T i | = ‘ =
Tl T T xT » 5 o ;
Tong et al. b=l
Bunne et al.
ICML, 2020 Neklydov et al.
Schiebinger et al. Nature Methods, 2023 CML, 2024

Cell, 2019

They typically assume the evolution of cells are independent particles

€ \leta Flow Matching. Atanackovic*, Zhang*, Amos, Blanchette, Lee, Bengio, Tong, Neklyudov. ICLR 2025.
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Background and Motivation

We would also like a model that can generalize across measures (populations)

observed data X0 ~ Po X1 ~ D1

L > @)=

unseen

Existing methods are typically restricted to a single measure (population, patient)

€& \Veta Flow Matching. Atanackovic*, Zhang*, Amos, Blanchette, Lee, Bengio, Tong, Neklyudov. ICLR 2025. 24



Problem setup

We want a model that can:
1. model the evolution of particles while taking into account their interactions
2. generalize across unseen populations

Assumptions.
1. Coupled distribution/population pairs {(py(xg | i), p;(x | i))}fil

2. The collected data undergoes a universal developmental process
depends only on the population itself
e.g., Interacting particles or communicating cells

€ \eta Flow Matching. Atanackovic*, Zhang*, Amos, Blanchette, Lee, Bengio, Tong, Neklyudov. ICLR 2025. 25



Meta Flow Matching

& \Meta Flow Matching. Atanackovic*, Zhang*, Amos, Blanchette, Lee, Bengio, Tong, Neklyudov. ICLR 2025. 20



Meta Flow Matching

A model to learn to represent the population

GCN w/ knn edge pooling (). 1)
X(y), I

®

h = @(py, 9)/

U approximates the population dynamics given
1. representation of the population, and

2. additional seen conditions ¢
e.g. treatments applied to population

(x(to), to)
@(py, 0)

>

@(py, 0)

@(pg, 0)

& & @&

@(py, 0) captures particle interactions

& \Meta Flow Matching. Atanackovic*, Zhang*, Amos, Blanchette, Lee, Bengio, Tong, Neklyudov. ICLR 2025. 2/



Synthetic Example
Paired joint distributions { (py(xq|7), p;(x | i))}fi |
Target distributions p;(x; | i) for i = 1,..., N (letter sihouettes)

To get py(xy| i) we simulate a forward diffusion process

L not iImages, but renderings of 2D particle systems

Train: 24 letters (excluding YY" and ‘X’) Test: 'Y’ and ‘X

source target source target

O
|

€ \leta Flow Matching. Atanackovic*, Zhang*, Amos, Blanchette, Lee, Bengio, Tong, Neklyudov. ICLR 2025. 28




Train— -

Test

& Veta Flow Matching. Atanackovic*, Zhang*, Amos, Blanchette, Lee, Bengio, Tong, Neklyudov. ICLR 2025.

Synthetic Setting Results

source t=0.50 t=1.00 target

MEM
MFEM learns to represent entire populations,
hence generalizes across unseen populations

(x(%p), £p)

h = @(p,

99) 7

/

Ut(xa ha 60)

29



Synthetic Setting Results

Train Test (X’s) Test (Y’s)

Wy Ws MMD (x1073) Wy Ws MMD (x1073) Wy W MMD (x1073)
FM 0.209 4 0.000  0.277 £ 0.000 2.54+0.00 0.23440.000 0.309 % 0.000 2.45+0.00 0.23840.000 0.316 & 0.000 3.32 £ 0.01
FMY N 0.806 + 0.000 0.960 £0.000  31.68+0.00 0.76440.000 0.931+0.000  25.04+0.00 1.03040.000 1.228+0.000  45.36 & 0.00
CGFM 0.090 4 0.000  0.113 £ 0.000 0.25+0.00 0.334+0.000 0.407 & 0.000 5.55+0.00 0.327 £ 0.000 0.405 4 0.000 6.85 £ 0.00
CGFMY' N 0.156 4 0.025 0.201 £ 0.027 1.024+0.39 0.849+0.004 0.993+0.003  35.084+0.75 1.062+0.011 1.2294+0.010  55.66 +0.76
MFMYN (k=0)  0.148 £0.003 0.195 4 0.010 0.94+0.11 0.347+0.011  0.431 4 0.012 6.47+0.44 0.402+0.011 0.4854+0.010  10.9240.18
MFMYN (k=1)  0.15440.004 0.208 & 0.010 0.91+0.01 0.349+0.023 0.433 4 0.023 6.53+0.52 0.391+£0.035 0.4774+0.041  10.71+1.86
MFMYN (k =10) 0.151 +£0.013 0.197 4 0.015 0.94+0.15 0.343+0.020 0.427 4 0.019 6.38+0.67 0.413+0.018 0.5024+0.024  11.934+1.14
MFMYN (k = 50) 0.174+0.005 0.232 4 0.006 1.40+0.13 0.3634+0.010 0.449 £ 0.013 7.46+0.44 0.4464+0.021 0.536 +0.028  13.40 +0.23
MFM (k = 0) 0.081 + 0.003  0.100 + 0.004 0.16 £0.06 0.20240.002 0.249 + 0.003 2.290+0.05 0.218 £0.001  0.262 = 0.002 3.79+£0.11
MFM (k = 1) 0.082 4 0.001  0.101 = 0.002 0.16 +£0.01 0.20540.008 0.251 & 0.008 2.38+0.22 0.215+0.006 0.258 & 0.007 3.78 £0.25
MFM (k = 10) 0.088 4 0.002  0.109 =+ 0.003 0.21+£0.01 0.201 £ 0.006 0.248 + 0.006 2.20+0.15 0.208 £ 0.003  0.252 = 0.002 3.55 + 0.06
MFM (k = 50) 0.092 4 0.004 0.116 =+ 0.004 0.25+0.06 0.206 £ 0.008 0.257 & 0.008 2.18 £0.25 0.204 + 0.005  0.249 + 0.006 3.14 +0.18

€ Meta Flow Matching. Atanackovic*, Zhang*, Amos, Blanchette, Lee, Bengio, Tong, Neklyudov. ICLR 2025. 30



Biological data—patient-specific organoid drug screen dataset

Each patient has ~250 different (control, treated) pairs

Mass Cytometr

N
CRC PDO-CAFD Ar TOBiI: 0™~ o *17 A
- rug Array is
(2,520 3D Cultures) Mass Cytometry CO ntrOI Tre ated
—4 5 Data we observe
oo”o/
Control
5-FU
e Treatments
SN-38
g SN-38 + Berzosertib ® Xx 1 | Cq
°g’ SN-38 + 5-FU
§ SN-38 + Cetux. S X, | C,
= | SN-38 + 5-FU + Cetux.
Oxaliplatin
Cetux. y
Berzosertib ’ 1 , Low High
LGK974 y_ Protein / PTM
® x ¢

(Zapatero et al, Cell, 2023)

10 patients, 11 treatments, varying doses, 3
different cell cultures ... up to 2500 different

environmental conditions! (we use ~ 1000)
€ \leta Flow Matching. Atanackovic*, Zhang*, Amos, Blanchette, Lee, Bengio, Tong, Neklyudov. ICLR 2025. 31



Organoid Drug Screen Data

Treatment Conditioning

C1 . .
p(.ler) Replica split D L. .
In-Distribution ® @ @
cell microenvironment o o ® o e o ® o
C2 e
Po e, pl("C?)
’ s .
)
i
Ck g Patient split
‘ ' pl(-lck) Out- Of-Distribution
: cell microenvironment ® o ® o ® © e o
® @ o o
® ® ® o o

m(xo, T1|Ck)

Cell samples (pg, p1(.|c;)) = © Train o Test

€ \leta Flow Matching. Atanackovic*, Zhang*, Amos, Blanchette, Lee, Bengio, Tong, Neklyudov. ICLR 2025. 32



Organoid Drug Screen Results

Train Test

Wi(l) Wa(l) MMD (x107°) ({) r%(1) Wi({) Wa(l) MMD (x107°) ({) (1)
FM 3.925+0.019 4.041 4 0.023 3.76 £0.26 0.9524+0.007 3.961+0.036 4.089 + 0.042 5.90 £0.25 0.941 +0.010
FMY N 6.908 +0.037 7.181 4+ 0.033 57.70£0.75 0.639+0.005 6.972+0.022 7.244+ 0.022 60.39 +0.98 0.642 4+ 0.007
CGFM 3.864 +0.064 3.975 + 0.069 3.16+0.89 0.964 +£0.006 4.087+0.063 4.211+ 0.066 8.84 £0.75 0.938 4+ 0.006
CGFMY N 4.187 +0.008 4.340 % 0.009 8.69+ 0.50 0.936 £0.002 6.852+0.045 7.114+0.044 71.24 £3.71 0.666 £+ 0.016
ICNN 4.286 +0.018 4.313+0.112 38.6+0.212 0.897 +£0.031 4.194+0.110 4.313+0.112 37.9+2.84 0.897 +0.008
MFMYN (k = 0) 3.940 +0.022  4.047 4 0.023 3.914+0.18 0.959 +£0.006 3.896 +0.026 4.002 + 0.030 4.35+0.18 0.950 + 0.005
MFMYN (k =10)  3.976 £0.044 4.086 + 0.049 4.524+0.42 0.961+0.002 3.943+0.032 4.051 4+ 0.034 5.28 £0.25 0.952 + 0.001
MFMYN (k =50)  3.968 +£0.013 4.075 £ 0.014 4.36 +0.44 0.961 +£0.002 3.934 +0.007 4.041 £ 0.008 4.99 +0.35 0.954 4+ 0.000
MFMYN (k =100) 3.937+£0.014 4.040 4+ 0.015 3.94+0.00 0.963+0.001 3.908+0.030 4.011 4+ 0.033 4.68 +0.52 0.953 +0.002
MFM (k = 0) 3.8744+0.015 3.973 4+ 0.020 3.37+0.14 0.967 + 0.003 3.880 & 0.009 3.990 + 0.011 4.68 +0.16 0.955 =+ 0.002
MFM (k = 10) 3.896 +0.021  4.000 + 0.021 3.82+0.12 0.9644+0.001 3.899 +£0.013 4.012 4+ 0.011 5.13 +£0.48 0.955 + 0.001
MFM (k = 50) 3.888 +0.038 3.991 4 0.030 3.59+0.41 0.963 +0.001 3.900+0.038 4.013 £ 0.034 5.06 +£0.22 0.954 + 0.003
MFM (k = 100) 3.906 +0.010 4.008 & 0.005 4.05+0.38 0.964+0.002 3.898 +£0.008 4.009 + 0.009 5.19 £0.05 0.957 &+ 0.000

€ Meta Flow Matching. Atanackovic*, Zhang*, Amos, Blanchette, Lee, Bengio, Tong, Neklyudov. ICLR 2025. 33



So far: pairs of distributions

Meta FM assumes coupled pairs of distributions

Source

Control

target

L]

) —

Treated

34



Can we learn a flow on the Wasserstein manifold? Yes!

& \\Vasserstein Flow Matching. Haviv, Pooladian, Pe’er, Amos. NeurlPS 2025.
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Transport, but each point is a distribution

& \Wasserstein Flow Matching. Haviv, Pooladian, Pe’er, Amos. NeurlPS 2025.
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Ok transport ¥ physics, now what?

The usual ones: scale, applications, extensions
For example, drug discovery, other population and particle dynamics
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Ok transport ¥ physics, now what?

The other usual one: AGIH
1. Integrate broader knowledge and information into the transports
2. Language models can’t solve transport problems (at least not yet...)
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Can Language Models Speed Up General-Purpose Numerical Programs?

(Neu riPS D&B 2025)
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On transport, flows, and physics

Brandon Amos
bamos.github.1o0/presentations

Transport for Imitation Learning
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