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O noKnaa4yumkKe

*  Beaywmui Hay4HbIM coTpyaHuk, PUL UY PAH (www.frccsc.ru)

*  Beaywmui Hay4HbIM coTpyaHuK, AIRI (www.airi.net)

e 3aseayrowmin nabopatopmen Mapkosa, CM6IY (no site yet)

 [JoueHT, PNMMU MPTU (www.mipt.ru)
* [JoueHT, PKH BLU3 (www.hse.ru)

HayuHble MHTepecbl: UCKYCCTBEHHbIN MHTENNEKT, UHTENNEKTYaibHble CUCTEMbI YNPaBAEHUA,
MHTEN/IeKTya/ibHble AMHAMUYECKNE CUCTEMbI, POOOTOTEXHWKA, aBTOMATUYECKOE NIaHMPOBaHME,
3BPUCTUYECKUMN MOUCK, MHOFOareHTHble CUCTEMbI, KOTHUTUBHbIE areHTbl

MpocTtbimn cnoBamn: www.kyakovlev.me -> Media
MocmoTpeTtb Buaeo: www.kyakovlev.me -> Research
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* 0,2 AlphaGo

At lust — a computer program that
can beat a champion Go player e 44

ALL SYSTEMS GO

CORSIRNNT 0 PUESARCH ITIRES ML SN INIWLER TR

SONGBIRDS SAIEGUARD WHELN GENES

Al | { ..'\HI E I.K.\ ‘\T))'.‘\Rl,,'\[“‘x l,(.?l ‘\H,? ISH’ m
- s https://deepmind.google/research/projects/alphago/
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Al = SPL (MN=NTTY)

| see one move, but always the best move

José Raul Capablanca

[TnaHnpoBaHue ~ ymeHune paccyXaatb 006 apPeKTax A4eNCTBUN N O TOM, KaK 3TUM
3P PeKTbl CNOCOOBCTBYIOT AOCTUKEHUIO LEeNen

[Tonck ~ ymenHune nepebupathb (B ronose) pasiMyHbie BapMaHTbl PELIEeHNA U BbIOUpPaATb
JIYYLLINA

ObyyeHne ~ ymeHue yayyllaTb cTpaTerMm nomcka 3a c4eT UCNoib30BaHUSA
npeueaeHToB (HaCTOALWMX MU CUHTETUYECKUX)



Planning vs. Sequential Decision Making

Tekyuiee MocnepoBaTeNbHOCTb Xenaemoe
COCTOAAHUE aAencreum (nnaH) =  cocTosHMe

Po6oT B nosunuuu (3, 7) Po6oT B no3uuum (12, 2)

Jimmy The Greek Jimmy The Groek

Things Remembered Things Remembered

ido st Buy Mobile ost Buy Mobile
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Michael Hill Lush Saje Natural Weliness Michael Hil Lush Saje Natural Weliness
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kechers

Amaya Express Hot Topic Zumiez Spencer Gift > Amaya Express Hot Topic Zumiez Spencer. Gift



Planning vs. Sequential Decision Making
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Planning vs. Sequential Decision Making

. Tekyuiee . Henaemoe
anning > NNIAH =)
COCTOoOAHMUE COCTOAHMUE
VS.
TeKyu_l'ee UcnonHeHue
. - mmm) [leiicTBMe =) [eiiCTBUA  =mm) COCTOAAHME )
iﬂeq;entlal Decision cocTOIHUE (execution)
aking

UcnonHeHune
... COCTOAAHME mm) [leiicTBMe =) neiicrens Henaemoe

(execution) COCTOAHMUE



[TOUCK B MPOCTPAHCTBAaX CO CNOXHOM
KOMBOWHATOPHOM CTPYKTYpOW

Yncno coctoaHumn
161 =20922 789 888 000

BanuAaHbIX COCTOAHUM
16!/2 ~ 1012

Ecau 1 coctoaHue ~ 1 byte, To

1022 byte ~ 109Kb ~ 106 Mb ~
~103Gb~1Th

10



[TOUCK B NpOCTPaAHCTBAX CO C/IOXKHOWA

KOMBOWHATOPHOM CTPYKTYpOW

14 9 12 11

q
8
9 10 11 12
13 14 15 1]|

Xopowaa HOBOCTb

EcTb appeKkTnBHEE anropntmbl cOOpKMU

NATHaWeK 1 Kybuka Pybuka
(cybonTmanbHble peleHmns)

NMnoxaa HOBOCTbL

3TO He YHUBEPCabHble aNrTOPUTMbI.
MeHAaem KybuK 333 Ha 4444 —
anropuTm He pabotaem

Xotum
YHMBEpPCaNbHbIN aNropuUTm



'padbl Kanu (Cayley Graphs)

412

l T 43214— 3214

1234

241 3‘—4132
/241 —_—1324 \
1243 g 2431 z134<_ 1342

1432 —>2143*
3124 —>4312 4213—>3421

3142 q— 142 /
2314 ——pd23

3412

[pynna + [eHepaTopbl =

[pad Kanwu

Kak nckartb nytb 0 eAUHUYHOIO
3/1eMeHTa?



YHuBepcanbHbin anroputm. SPL.

MouckK no rpady/aepesy (pomeHo-He3aBUCUMBbIiA)
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MawuHHoe obyueHne ana GOKYyCMpPOBKM NOUCKA




DeepCubeA (2019)

ARTICLES

nature . . .
https://doi.org/10.1038/542256-019-0070-z maChlne lntelllgence

Solving the Rubik's cube with deep reinforcement
learning and search

Forest Agostinelli'?, Stephen McAleer?3, Alexander Shmakov'? and Pierre Baldi ®"2*

The Rubik's cube is a prototypical combinatorial puzzle that has a large state space with a single goal state. The goal state is
unlikely to be accessed using sequences of randomly generated moves, posing unique challenges for machine learning. We
solve the Rubik's cube with DeepCubeA, a deep reinforcement learning approach that learns how to solve increasingly difficult
states in reverse from the goal state without any specific domain knowledge. DeepCubeA solves 100% of all test configura-
tions, finding a shortest path to the goal state 60.3% of the time. DeepCubeA generalizes to other combinatorial puzzles and
is able to solve the 15 puzzle, 24 puzzle, 35 puzzle, 48 puzzle, Lights Out and Sokoban, finding a shortest path in the majority
of verifiable cases.

https://deepcube.igb.uci.edu/

Npesn:

HewnpoceTtb
annpokcmmupyet
3Ha4yeHue
3BPUCTUYECKOWN

byHKUMK h(s)

h(s) —u4uncno xonos
N0 uenn us
COCTOAHMUA S
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A Machine Learning Approach That Beats Large
Rubik's Cubes (2025)

A Machine Learning Approach That Beats Large Rubik’s Cubes
The CayleyPy Project

A. Chervov®!2:3T K. Khoruzhii®*’, N. Bukhal®, J. Naghiyev!, V. Zamkovoy®, 1. Koltsov®?,

L. Cheldieva®, A. Sychev®?, A. Lenin®?, M. Obozov®, E. Urvanov®, A. Romanovi®P"
Lnstitut Curie, Université PSL, Paris, F-75005, France;
2INSERM U900, Paris, F-75005, France;
3CBIO, Mines ParisTech, Université PSL, Paris, F-75005, France;
4 Technical University of Munich, Garching, 85748, Germany;
S Institute of Artificial Intelligence, RTU MIREA, Moscow, 11945/, Russia;
 Yandex Research, Moscow, 119021, Russia

* . v
Corresponding author: romanov@mirea.ru

"These authors contributed equally to this work.

https://arxiv.org/pdf/2502.13266
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A Machine Learning Approach That Beats Large
Rubik's Cubes

(a) Training phase (b) Model architecture
Generating training set Update model et .
(for a single epoch) parameters : Linear Tinoar l .
:_'_’ Nyx Ny Nox Ny 1
E BatchNorm| [BatchNorm E
. ReLLU ReLLU :
Linear Linear ResBlock A ResBlock | |Linear
62 n2x Ny N Nix N, Nyx N, > Nyx N Nyx1
BatchNorm| |BatehNorm
RelLU ReLU
N.
(¢) Beam search tree example
Agent . * 8 e a0 m s
weights Solving phase . SAR AN EL
= (B2 ENE R
Agents | / VYT :EEEE_
ULB'L.. I
Beam search | > f NZ N2 BB
@ > pathfinder |y, | Shortest path | | I\ SEZH
e selection block j : : : A R Y 3 gl
Scramble Solution ; : 5 E ; : E ik § ]
| move sequence e v 0 E\.ﬁ

Model distance estimation

0 5 10 15 20

https://arxiv.org/pdf/2502.13266
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MHTepecHble 3aaa4un, naen, HanpasneHus pabor

Mepentn ot «npoctoro» Kybuka 333 K 6onee cnoxkHomy, Hanpumep, 444

* YnyyweHue ML yactn (4TO yumm, Kak yuum, oTkyaa 6epém aaHHbIe)
* YnyywieHne anroputmoB noucka (beamsearch >> A*)

CopeBHoBaHue Ha Kaggle
https://www.kaggle.com/competitions/cayley-py-professor-tetraminx-solve-
optimally/overview

[lpyraa ronoBo/IOMKa, HO CMbIC/ TOT }Ke

Ultimate Goal
Peliatenb AnA Npon3BOJIbHbIX rpynn/reHepaTopos
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PushWorld
PushWorld

A benchmark for manipulation planning
with tools and movable obstacles

EN |
|
m

https://deepmind-pushworld.github.io/play/
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Pushworld

10 —a&— Fast Forward - 70 PPO DQN
140 Fast Downward Level 0 Puzzle Set Train Test Train Test
= LAMA - 60 Base 88.5% 404% | 249% 19.5%
§ 120 { —e— FD Stone Soup Larger Puzzle Sizes | 93.2% 71.5% | 61.2% 61.8%
g —v— SaarPlan - 50 -a:J More Walls T79% 233% | 185% 13.1%
§ 1007 5 pual BFWS g More Obstacles 64.7% 214% | 17.6% 13.1%
E RGD - 40 ks More Shapes 745% 24.2% | 23.9% 17.1%
& 807 Novelty+RGD ¥ Multiple Goals 53%  1.1% | 09% 02%
g 60 - - 30 - All 212% 57% | 11.4% 10.1%
a (=]
g 40 1 F20° Table 2: The percentage of training and testing puzzles solved by
z PPO and DQN.
20 A - 10
0- T 0

1072 1071 10° 10! 102 10°
Planning Time Per Puzzle (seconds)

Figure 5: Number of solved puzzles vs. planning time. Planning
time is measured independently for each puzzle.

Knaccmnyeckune anroputmbl NoUcKa/naaHnpoBaHus — paboTator,

HO A0TO
RL «13 KOpobKn» - paboTaeT BbICTPO, HO NMAOXO



Pushworld

160 4
—a&— Fast Forward 70
140 4 —+— Fast Downward 60
- —+— LAMA I
£ 120 { —e— FD Stone Soup
4 —%— SaarPlan - 50
§ 1001 — pual BFWS
N g0 RGD 40
& Novelty+RGD
o - 30
5 60
£
- 20
% 40 4
20 - 10
0- 0

102 1071 10°

10!

102
Planning Time Per Puzzle (seconds)

10°

% of Puzzles Solved

Figure 5: Number of solved puzzles vs. planning time. Planning
time is measured independently for each puzzle.

Knaccmnyeckue anropmutmbl NoUcKa/nnaHnpoBaHus — paboTator,

HO 0/ro

RL «n3 KopobKkn» - paboTtaeT 6bICTPO, HO NNOXO

PPO DQN
Level 0 Puzzle Set Train Test Train Test
Base 88.5% 404% | 249% 19.5%
Larger Puzzle Sizes | 93.2% 71.5% | 61.2% 61.8%
More Walls T779% 233% | 185% 13.1%
More Obstacles 64.7% 21.4% | 17.6% 13.1%
More Shapes T4.5% 24.2% | 23.9% 17.1%
Multiple Goals 53% 1.1% | 09%  0.2%
All 21.2% 5.7% 114% 10.1%
Table 2: The percentage of training and testing puzzles solved by
PPO and DQN.
H



[ O/10BOJIOMKU C KAPTUHOYHbIM BXOA0OM

Planning from Pixels in Environments with
Combinatorially Hard Search Spaces

Marco Bagatella Mirek Olsak
Max Planck Institute for Intelligent Systems Computer Science Department
Tiibingen, Germany University Innsbruck, Austria
mbagatella@tue.mpg.de mirek@olsak.net
Michal Rolinek Georg Martius
Max Planck Institute for Intelligent Systems Max Planck Institute for Intelligent Systems
Tiibingen, Germany Tiibingen, Germany

michal.rolinek@tue.mpg.de georg.martius@tue.mpg.de

https://papers.nips.cc/paper files/paper/2021/file/cf708fcldecf0337aded484f8f4519ae-Paper.pdf
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[ O/10BOJIOMKU C KAPTUHOYHbIM BXOA0OM

1.0 q success

rate

latent graph space

0.8 1

0.6 1

0.4 1

breadth first search 0-21

(with reidentification)

0.0

IceSlider

Figure 1: Planning from Pikels with Graph Search. Our method leverages learned latent dynamics
to efficiently build and se'ach a graph representation of the environment. Resulting policies show
unrivaled performance a¢ ross a distribution of hard combinatorial tasks.
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HeWpocmBoabHaA MHTerpaums

[ learned solver
) representation output
Input (e.g. image) > S
w y(w)
» — Loss
x < - I
C T af _dL J
e dw dy dy
more NN layers
NN layers / convolutions Blackbox combinatorial solver . )
(optional)

Figure 1: Architecture design enabled by Theorem 1. Blackbox combinatorial solver embedded into
a neural network.

] o ] ] Fly(w)) Flwa)  fly(w))
Differentiation Of Blackbox Combinatorial Solvers // ICLR 2020 T o —
https://iclr.cc/virtual 2020/poster BkevoJSYPB.html _ o fw)

T R— =
https://openreview.net/pdf?id=BkevolSYPB @ ©

Figure 2: Continuous interpolation of a piecewise constant function. (a) fy for a small value of
A; the set I/Ve)& is still substantial and only two interpolators ¢, and g» are incomplete. Also, all
interpolators are O-interpolators. (b) f for a high value of A; most interpolators are incomplete and
we also encounter a d-interpolator g3 (between ; and ys) which attains the value f(y;) d-away from
the set P;. Despite losing some local structure for high A, the gradient of f is still informative.
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https://openreview.net/pdf?id=BkevoJSYPB

HeWpocmBoabHaA MHTerpaums

Input x Predicted concepts ¢
pﬂ(éo ‘ X:ct) > ...
Unmasking model ]

Program ¢(¢?)

qo(c’ | x,y") ]| 5
Variational posterior == (Dijkstra)
|
Concepts c” Masked concepts c’ i
. Gradient estimation
Vaﬁy(ﬁj
True path y Costs: grass sand M rock [l masked Predicted path 3"

Neurosymbolic Diffusion Models // NeurlPS 2025

https://arxiv.org/pdf/2505.13138
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TpaHcdopmepom no rpuay

TransPath: Learning Heuristics For Grid-Based Pathfinding via Transformers htt pSs: / / airi-institute. git hub.io / TransPath /

Daniil Kirilenko, ' Anton Andreychuk, > Aleksandr Panov, "> Konstantin Yakovlev '-2

! Federal Research Center for Computer Science and Control of Russian Academy of Sciences, Moscow, Russia
2 AIRI, Moscow, Russia
anedanman @ gmail.com, andreychuk @airi.net, panov@airi.net, yakovlev@isa.ru

MoHATHaA 3agaya:
MCKaTb NyTb Ha ceTyaToMm rpade (grid)

Abstract

Heuristic search algorithms, e.g. A*, are the commonly used
tools for pathfinding on grids, i.e. graphs of regular struc-
ture that are widely employed to represent environments in
robotics, video games etc. Instance-independent heuristics for
grid graphs, e.g. Manhattan distance, do not take the obstacles
into account and, thus, the search led by such heuristics per-
forms poorly in the obstacle-rich environments. To this end,
we suggest learning the instance-dependent heuristic prox-
ies that are supposed to notably increase the efficiency of the
search. The first heuristic proxy we suggest to learn is the cor-
rection factor, i.e. the ratio between the instance independent
cost-to-go estimate and the perfect one (computed offline at
the training phase). Unlike learning the absolute values of the
cost-10-go heuristic function, which was known before, when
learning the correction factor the knowledge of the instance-
independent heuristic is utilized. The second heuristic proxy
is the path probability, which indicates how likely the grid cell
is lying on the shortest path. This heuristic can be utilized
in the Focal Search framework as the secondary heuristic,
allowing us to preserve the guarantees on the bounded sub-
optimality of the solution. We learn both suggested heuristics
in a supervised fashion with the state-of-the-art neural net-
works containing attention blocks (transformers). We conduct
a thorough empirical evaluation on a comprehensive dataset
of planning tasks, showing that the suggested techniques i)
reduce the computational effort of the A* up to a factor of 4x
while producing the solutions, which costs exceed the costs of
the optimal solutions by less than ().:3% on average; if) outper-
form the competitors, which include the conventional tech-
niques from the heuristic search, i.e. weighted A*, as well as
the state-of-the-art learnable planners.

[MpocTaa naea:
HenpoceTb + A*

Path probability map Focal search
(PPM) with PPM

Key ingredient:
; CTYAEHT «C FON0BOM U pyKamm»

PROFIT
CtaTtba Ha AAAI'23 (ogHoM 13 BeayLmX
KOHpepeHuun no M1 B mupe)

MpocTbimu PaboT caenaHa < 4 mecaua
CnoBaMu Ha

Xabpe

The project web-page is: |https:/airi-institute.github.io/|
TransPath/.
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[1n1aHUpOBaHUE TPaeKTopumn

An Algorithm for Planning
Collision-Free Paths
Among Polyhedral Obstacles

Tomas Lozano-Pérez and Michael A. Wesley
IBM Thomas J. Watson Research Center

This paper describes a collision avoidance algorithm
for planning a safe path for a polyhedral object moving
among known polyhedral objects. The algorithm
transforms the obstacles so that they represent the locus
of forbidden positions for an arbitrary reference point
on the moving object. A trajectory of this reference point
which avoids all forbidden regions is free of collisions.
Trajectories are found by searching a network which
indicates, for each vertex in the transformed obstucles,

NOdeS - Vel’theS Of the p0|ngnS which other vertices can be reached safely.
bounding the obstacles in C_free

References
.. . . 1. Adamowicz, M., and Albano, A. Nesting two-dimensional
—_ shapes in rectangular modules, Comptr. Aided Design 8, 1 (Jan.,
ges - visible connections in C_free shapes in rec
H H H _ _cl 2.  Boyse, JLW. Interference detection among solids and surfaces,
(determined via line-of-sight Comm. AGM. 22,1 Oan 1970), 35~
o . Braid, 1.C, Designing with Vealumey, Cantab Press,
funCthn) Cambridge, England, 1973,

4. Hart, P., Nilsson, N.J,, and Raphacl, B, A formal basis for
the heuristic determination of minimum cost paths. IEEE Trans.
Syst, Sei. Cybernetics §5C-4, 2 (July 1968), 100-107.

5. lgnat'vev, M.B,, Kulakoy, I'.M., and Pokrovskiy, A.M.
Robot manipulator control algorithms. Rep. No. JPRS 59717,
NTIS, Springfield, Va., Aug. 1973.

Lozano-Pérez, T., & Wesley, M. A. (1979). An algorithm for planning collision-
free paths among polyhedral obstacles. Communications of the ACM, 22(10),
560-570.
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Among Polyhedral Obstacles
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This paper describes a collision avoidance algorithm
for planning a safe path for a polyhedral object moving
among known polyhedral objects. The algorithm
transforms the obstacles so that they represent the locus
of forbidden positions for an arbitrary reference point
on the moving object. A trajectory of this reference point
which avoids all forbidden regions is free of collisions.
Trajeclories are found by searching a network which
indicates, for each vertex in the transformed obstacles,
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Background

A* - heuristic search algorithm, that iteratively expands nodes based on their f-values
f(s) = g(s) + h(s)
g(s) - current cost of the path from start to s (computed by the algorithm)

h(s) - heuristic estimate of the cost from s to goal (provided as an input)

h(s)=0 h(s) = Octile Distance h(s) = 2*Octile Distance h(s) = h*(s)

L

L I L

Dijkstra Regular A* Weighted A* A* with perfect heuristic *



Problem and Solution Idea

Heuristic search performance strongly depends on a
gradient update (training step)

given heuristic function T-— )
}' ' Neural Predicted

Typically, heuristic functions are not instance- — | Network | — Heuristic
dependent, which results in excessive expansions 1
o  obstacles are not taken into account input map Loss

Uninformed
search from Perfect
% thegoal | — Heuristic

informed heuristics that are instance- dependent
and take obstacles into account
Use SOTA machine learning to construct such

heuristics

Problem
i Inference Process 5

Solution fF T o e ]
i ' eura redicie esuiting :

@ i |: | Network | ™ Heuristic FETIET | Path !

input map

30



What Do We Learn 1: Correction Factor

Correction factor (CF): the ratio between the Octile distance
(instance-independent) and the perfect heuristic (instance
dependent)

cf(n) = h(n)/h*(n)

e CFis naturally bounded by [0, 1] interval (good for neural
networks)
e CF emcopasses the information on two heuristic functions

e Fortraining phase: uninformed search from the goal node
is utilized to get the ground-truth values

e After training: use CF as an additional weight within
Weighted A* (Pohl et al., 1970)

Pohl, I. 1970. Heuristic search viewed as path finding in a graph. Artificial intelligence, 1(3-4): 193-204.

WA* + CF

31



What Do We Learn 2: Path Probability Ma

e Path probability map (PPM): How likely the node is ‘
lying on the (shortest) path from start to goal
PPM

cost(m(s,q))/(cost(m(s,n)+cost(mw(n,g))
. Theta* (Nash et al., 2007) is used to .
get ground truth PPM values

e After training: Use PPM as the secondary heuristic in GBFS + PPM
Focal Search (Pearl and Kim, 1982) I

[ i

Nash, A.; Daniel, K.; Koenig, S.; and Felner, A. 2007. Theta*: Any-Angle Path Planning on Grids. In Proceedings of The 22nd
AAAI Conference on Artificial Intelligence (AAAI 2007), 1177-1183.

N

Pearl, J.; and Kim, J. H. 1982. Studies in semi-admissible heuristics. IEEE transactions on pattern analysis and machine
intelligence, (4): 392-399. l




Method: Planners

Generic search algorithm to exploit different
types of heuristics:

e A* executes black parts only
e WA* -black and red
e Focal Search (FS) — black and purple

e FSturnsinto the Greedy Best First Search
(GBFS), if wis big enough

e WA* + CF - black and blue

e Octile distance is used as the basic
heuristic function

W N =

@ ~N & W

10

11
12
13
14
15
16
17

Input: Grid Gr, start node, goal node, heuristic
function h, sub-optimality factor w, hroc AL

— secondary heuristic for Focal Search

Output: path ™

g(start) := 0; Vn # start g(n) := oo
OPEN := {start}; CLOSED :={
while OPEN +# () do

n := GetBest Node(OPEN, FOCAL,
hrocAaL)
remove n from OPENand FOCAL
insert n into CLOSED
if f..:n has changed then
update FOC AL

if n is goal then
return Reconstruct Path(n)

for each n’ in GetSuccessors(Gr,n) do
if g(n’) > g(n) + cost(n,n’) then
g(n') := g(n) + cost(n,n’)
Fn') = gln')+uh(n') ()
update or insert n’ in OPEN
if f(n') <w- finin then

| update or insert n’ in FOC AL

18 return path not found
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Method: Neural Network

Main components: convolutional

encoder, decoder and transformer
blocks

The network includes ~1m trainable
parameters

W Loss = MSE(hgt, hpred)

~—

Net irect

supervision

input map
(HW,2)

output PPM
(HW,1)

(H/8,W/8, 64)
v

x 3 times
= = |
Conv2D |! I
kernel_size = (5, 5) I ResNet It Positional
4 T Downsample Embeddings
oy Block d o
out_channels = 64| | | g
] |
e
P (HW, 64)1 2 s Decoder
plalada f =Ry =0 =0 = |
Conv2D + Tanh ! | 3
kernel_size = (3, 3) | | ResNet [ Posmqnal ;
in_channels =64 | | Upsamp € Block | Embeddings E
| out_channels=1 | | and rearrange |:
! I

—

Transformer
Block

x4
times
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Experiments: Dataset

TMP (Yonetani et al. 2021) maps based on the obstacles from
the Motion Planning Dataset (MPD) (Bhardwaj et al. 2017).
o Mapsize 64 x 64

e TMP data was augmented to 64k samples via mirroring and
rotating

e Goals and starts were chosen randomly
o 1goal ]
o 10 starts = 10 instances per map

e Resulting dataset includes 640k samples

o  Train 512k
o  Validation 64k
o  Test 64k

Bhardwaj, M., Choudhury, S., and Scherer, S. Learning heuristic search via imitation. In
Proceedings of the Conference on Robot Learning (CoRL), 2017.

MPD

Alternating Gaps I

Single Bugtrap M ] M
Shifting Gaps I I I
Forest e L ; ﬂl

Bugtrap+Forest | al '-jl_

Gaps+Forest E_:E F @

Mazes | _H Ry

Multiple Bugtraps | Jﬂ I_I‘||— L

T™MP @-
_If — I."_.ﬁ
-ar ¥F o

64x64 64x64




Experiments: Results

° Expansion Ratio best: GBFS + PPM

° Cost Ratio best: FS + PPM

° Optimal Found Ratio best: WA* + CF

A*

T

WA*

g

Neural A*

N

L
L

A* + HL

Optimal Found Cost Expansions
Ratio (%) 1 Ratio (%) | Ratio (%) |
A* 100 100 100
WA* 40.66 103.52 +4.85 44.43 £25.92
Neural A* 29.82 104.90 +£6.56  52.30 +£30.47
A*+HL 79.11 100.27 £0.62  80.50 +£74.40
WA*+CF 85.40 100.25 £1.13  36.98 +21.18
FS+PPM 82.97 100.24 +0.74 26.36 +21.08
GBFS+PPM 83.02 100.25 £0.90 23.60 +18.34
WA* + CF FS + PPM (w=2) GBFS + PPM predicted PPM
" E " E _
- - _—
i o AN

’_W
| —

o
—tl_l
| —

L

bl

e

d



CNN model Transformer

Experiments: Transformer Blocks

Path probability map

« Replacing Transformer blocks with
ResNet blocks reduces performance

Search results

« CNN model predict fragmented paths,
which lead to excessive expansions

and costly solutions

FS+PPM (w = 4) w/ Trans w/o Trans
Optimal Found Ratio (%) 85.22 61.74
Average Cost Ratio (%) 100.31 +1.58 101.12 +2.19
Average Expansions Ratio (%) | 16.06 == 11.57 19.65 £ 17.03
MSE %1073 3.2 53
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Experiments: Out of Distribution Performance

MovingAl benchmark

Different map structure and size (128x128 and

predicted CF

WA* + CF

predicted PPM

FS + PPM (w=2)

GBFS + PPM

%

Berlin_1

Maze512-32-0

Sy

BigGameHunters

Optimal Found Cost Expansions
Ratio (%) 1 Ratio (%) | Ratio (%) |
A* 100 100 100
WA* 8.13 104.31 £4.76  57.52 £30.72
Neural A* 3.24 107.10 £6.77  63.08 £34.63
A*+HL 29.02 101.90 +2.72 148.94 £136.95

WA*+CF 10.61 106.10 £5.59  63.64 £36.31
FS+PPM 18.66 105.62 £5.61  55.06 £39.57
GBFS+PPM 18.59 106.12 +6.54  54.33 +47.24
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Follow-up. MKH BbIxOAUT Ha cLeHy

Baldur's Gate

Dcaffo House Expo Masked Pyramid

Upea:
YHusepcanbHbil TransPath
paboTaeT 0g4MHaKOBO XOPOLLIO

Ha /11060l KapTe B iz i_;rt_gf r%
PeweHue: ?’?}& %" z ‘,ﬁ:ﬁr ::-f e
*  MopguduumposaHHas (cnerka) :;:, *:}E 3 DR u:_‘H_ " SRR L

) = 4 {

apXUTEKTYypa
 «AbGCTpaKTHasA», HO «boraTaa» obyyatouian
BbIOOpKa

Optimal Found Length Expansions
Ratio (%) 1 Ratio (%) ]  Ratio (%) | Pesynbrarl
A¥ 100.00 100.0 100.0 1. Bcex nobunm
EEME(WOF@ ;;(25;1 110051. lli 146.12 jg-iig%-g 2. Topganwu ctatbto Ha AAAI'26
at ¥ J14. 4121, .

WA*, w=2 32.35 103.744.9  54.6430.1 : * [lpownu Bo 210 pasy otbOpa, XKAEM
WA*, w=3 24.13 105.246.5 49.84+30.1 peueH3nm
WA*, w=5 14.38 107.94+8.9 47.3429.8 BbIu.pecypcbi
TransPath 32.34 125.9449.7 111.4+134.3

Paszmep ceTkn 1-2M
Table 1: Performance comparison on 64x64 UPF. 1 x A100 40Gb



Follow-up. MKH BbIxOAUT Ha cLeHy

Uaeu ana npoeKTos

bBonee cnoXHaa NOCTaHOBKA 33434M
e 3D
 HebuHapHbIM rpua (KaxKaaa KNeTouyka
MMEIT CBOKO COOCTBEHHYO CTOMMOCTb)
* [MpnmUTMBBLI ABUKEHUA
Anctnnaumna ceTkn 4o Toro COCTOAHMUA, YTO
OHa paboTtaeT B real-time Ha Nvidia Jetson

M
v




Multi-agent Pathfinding
(MAPF)



O 3ana4ye

* N areHToB

 obuwasn cpeana

* N CTapTOoB, N PUHUNLLEN

* Hy)XHO poBecTu Bcex
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LleHTpann3oBaHHbIM N AELEHTPAIN30BAHHbLIN

BaPUAHT

Centralized

single planner t.\
P ./ .o

full observability

information sharing

Idea

[Central planner] Plans a set of collision-free paths
Each agent follows its path

Pros
Strong theoretical guarantees

High-quality (optimal) solutions

Contras

Computationally intensive

The scalability is limited

Decentralized T ¢\
each agent decides A 3
partial observability -\

limited information sharing

Idea

[Each agent] Observes local surrounding

Each agent decides the next action

Pros
Fast
Highly scalable

Contras

No (limited) theoretical guarantees

Sub-optimal solutions



LleHTpanusosaHHbi MAPF. Knaccmnueckue

NonyweHus.

Bpems - AUCKPETHO
T={0,1,2,3,4, ..}

Pa6.npocTpaHCcTBO - rpad

G=(V, E)
V — nokauyuu
E — nepemelieHmna mexay HUMMU

co ~ (=2} w B~ w [ =

Ilencteua
OXunaaHue (B TEKyLLEN BEPLUUHE)

nepemelleHme (B CMEXKHYIO BEPLLMHY)

NMnaH

MocnenoBaTeNIbHOCTb AEUCTBUI

CtommocTtb/Bec nnaHa — YMC0 AENCTBUN B HEM



Knaccnyeckas 3agava (MAPF)

* Bxoa: pad, N HAYaNbHbIX BEPLUUH, N
KOHEYHbIX BEPLUNH
* BbIXxoa: N COBMECTHO HEKOH(PNUKTHbIX
NJ1aHOB
* MWHU3NPYEM MO0 CYMMAPHYIO
cToMmocTb 60 makespan

Objective (¥):
Sum-of-Costs ).* , cost(;)
Makespan max;_, ,,(cost(m;))

Edge (swap) conflict

L Ty
P\
e_O6—@ O—@—O
‘QgLO OoO—a—C

Vertex conflict




AHOHMMHbIX BapuaHT (AMAPF)

() onlﬂl: rpad)’ n Hal‘laanbIX BepLLIMH’ n :.......-...........:....:.:....
m ®
KOHEYHbIX BEPLUMH, HA3HAYEHMUA «CTapT- = o =@
dbuHULW» He PUKCUpOBaHbI ; ':':'E oOHEHREE _:'"“
* BbIXOA: N COBMECTHO HEKOHMNMKTHbBIX - o 5°ns * &
EEEEEEEEEEEEEEERE | . EEEEEEN
nnaHoB = == om
o @ [ - on [ I
* MMHM3Mpy€M j-”/l6o CyM’V\apHyI-O : - ..=...--..--...=....= e}
cTtoumocTb 6o makespan = 5 . =
o E e - Em
ai} EEEEEEEEEEEEEEERE EEEEEEN
"o m " o o
m m [} " o
" o H m on ] o
] ] @ ©] 3] ~n ® B B
ObJECtlve (i): :. : : : .............:...
= = me ¥
n
Sum-Of-COStS Zl:l COSt(T[l) :....: - =....=.......... ..
i O i = O

Makespan max;_, ,,(cost(m;))



Lifelong MAPF (LMAPF)

nepeHasHa4aroTCA

Ha Kaxkaom ware BpeMeHHU

Bxoa: Mpad, n HaYaNbHbIX BEPLUMH, N
KOHEeYHbIX BEPLUMH, LLleaIn NOCTOAHHO

BbIXxo4: n COBMECTHO HEKOH(I)I'II/IKTHbIX
N1aHOB

]
CRORORSR RGN

A EE B B =
i ) N
N ] I8l N
Il EE B
N N N
H EE B N
H B i N
Al EEEEEEN
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CnoXHoctb 3aga4mn MAPF



CnoXHoctb 3aga4mn MAPF

Undlrected graphs Directed graphs

Decision variant P * Decision variant NP-hard
Kornhauser et al, 1984 Nebel, 2020
* Optimization variant NP-hard * Optimization variant NP-hard

Yu et al, 2016

Daniel Martin Kornhauser et al. Coordinating pebble motion on graphs, the diameter of permutation groups, and applications. In
Proceedings of the 25th Annual Symposium on Foundations of Computer Science (FOCS 1984), pages 241-250, 1984.

Jingjin Yu et al. Optimal multirobot path planning on graphs: Complete algorithms and effective heuristics. IEEE Transactions on Robotics,
32(5):1163-1177, 2016.

Bernhard Nebel. On the computational complexity of multi-agent pathfinding on directed graphs. In Proceedings of the 30th International
Conference on Automated Planning and Scheduling (ICAPS 2020), pages 212-216, 2020



CnoXHoctb 3aga4mn MAPF

Undirected graphs Directed graphs

e Decision variant P * Decision variant NP-hard
Kornhauser et al, 1984 Nebel, 2020

* Optimization variant NP-hard * Optimization variant NP-hard
Yu et al, 2016

HanpaBsneHusa uccneposaHuii/3agaum
* [lapameTpunu3oBaHHAsA CNOKHOCTb
e Ocobblie Knaccbl rpados



MAPF with Large Agents (MAPF-LA)

MAPF Undirected graphs

* Decision variant P
Kornhauser et al, 1984

MAPEF-LA Undirected graphs

e Decision variant ????



MAPF with Large Agents (MAPF-LA)

MAPF Undirected graphs

* Decision variant P
Kornhauser et al, 1984

MAPEF-LA Undirected graphs

 Decision variant NP-Hard
Agafonov & Yakovlev, 2025



MAPF-LA

MAPEF-LA Undirected graphs

* Decision variant NP-Hard
Agafonov & Yakovlev, 2025

QICII* %

«lMpusTHO ocosHaBaTb, YTO Hall pe3ynbTaT
MPU3HaH HEe TONIbKO B PaMKaXx 3aliuTbl MPOEKTa,
HO U Ha CepbE3HOM MEXAYHapPOAHOM YPOBHE»

ApTéM ArapoHoB

CTyneHT 2ro Kypca

«CHauvana s nbiTancs npugyMaTb

TpebyeMbili anropuTM»

Ins atoro 6bIIM HanNWcaHbl NPOrpaMMbl AN reHepauum
TecTa 3afaun, ASiF ero peLeHus NonHbIM nepebopom

¥ AN8 BU3YyanusaLmm OBUKEHUS areHTOB B HEM.

1 BbIABUran pasHble rMNoTe3bl U NPOBEPS UX C MOMOLLbIO
3TUX NnporpaMM. Ho kaxapli1 pas st CTankuBasncs C TeM,

4YTO Ha KaKOM-TO TeCTe nporpamMma He pa60Tana.

Te npo6neMbl, ¢ KOTOPbIMU
CTaNkKMBasoCb MOE pelleHune,
HaBeNn MEeHsl Ha MbICJlb, YTO

pewnTb 3agadvy 3a NoOJIMHOMUAJIbHOE

BpeEMA HEBO3MOXHO.

Mhe NMoKa3aJloCb, 4YTO 3Ta rMNoTe3a O6'b9|CH$IJ'Ia, noyemy

ApYyrve ToXxe He MO/ pelunTb AaHHyto 3agady. [Toatomy

s pewwnn nonpobosaTh A0OKa3aTb 3TO.

Hoabpb 24 — Hayano paboTbl
®eBpanb 25 — nepsbie —
opOopM/IEHHbIE Pe3ynbTaThbl
Anpenb 25 — nogaya cTatbu W74
Utonb 25 — cTaTba NpuHATa

M7434

M7449

ECAIl 2025 (peiATUHr A)

M7480

Ha ero mecte mor 6b1 6biTb Tbi! =) i

O & https//ecai2025.0rg
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Multi-Agent Path Finding For Large Agents Is Intractable

On the Sample Efficiency of Abstractions and Potential-Based Reward
Shaping in Reinforcement Learning

EFX Orientations of Multigraphs

D-HyperNet: Brain Disorder Identification in Directed Hypergraph via Effective
Network Construction and Flow-aware Feature Aggregation

RLSF: Fine-tuning LLMs via Symbolic Feedback

Towards Privacy-Aware Bayesian Networks: A Credal Approach




MAPF-LA — Hago KonaTtb Aasiblie

MAPEF-LA Undirected graphs

 Decision variant NP-Hard
Agafonov & Yakovlev, 2025

Upen
MocmoTpeTb Apyrme Knaccbl rpados (NnaHapHbIE,
rpvapl)

TeKylwlee AOKa3aTeNbCTBO onupaeTca Ha 61M30CTb
BEPLWMUH Apyr Apyry (M Ha HanoxeHune pebep)



LleHTpann3osaHHbi MAPF

MHoro apyrux uHTepecHbiX/HepelleHHbIX 3a4au

e KoTopble peLatoTca YNCTO a/ITOPUTMUYECKHU

* (ecnu Bbl He nbUTe ML, HO NtOBUTE aNrOPUTMbI — 3TO A5 Bac)

MAPF with Turns

SOTA pewatb (PIBT) «nepecraetr» paboTaTtb

Paris-1-256

1.0

.........

______

sortation

— PIBT

- Causal PIBT

—— EPIBT(3)

--=« WPPL

+++= LoRR24-Winner

«+++ EPIBT(3)+LNS

— — Causal PIBT+traffic flow
—— WPPL+GG

~
N, == LoRR24-Winner+ GG
“\ - — EPIBT(3)+LNS+GG
~

ndom-32-32-20

MAPF HD

https://arxiv.org/abs/2509.06374

He “3yyan BHMMaTENbHO, HO YBEPEH
«Mbl MOXEeM CAeNaTb yyLe»


https://arxiv.org/abs/2509.06374

[leueHTpannsosaHHbin MAPF/LMAPF/AMAPF

No central planner Sequential decision making
Each agent at each time step decides its next action Observe
limited observability Decide
limited communication Act
Repeat

After a goal is reached a new one is assighed

-----------------------

; O
PSR S S dbserve fhe  world



[Toyemy 6bl NPOCTO KaXKAOMY areHTy He
naaHMpoBaTb A*?

(each agent)
1. plans the shortest path to the goal
ignoring the other agents
2. picks the first action of that plan



[Toyemy 6bl NPOCTO KaXKAOMY areHTy He
naaHMpoBaTb A*?

910 He paboTaeT =(
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# goals achieved by the red agent =0
# goals achieved by all agents =36
Throughput (512 steps, 32 agents) = 0.07
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How about ‘pure’ reinforcement learning 59
(RL)?

-> Non-stationary environment
- Sparse reward
—> Hard combinatorial structure of the solution space

9 - Slow, unstable learning (costly?)
- Low generalization



Planning and Learning ...

... is all you need

(to solve decentralized MAPF efficiently)
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The Thirty-Eighth AAAI Conference on Artificial Intelligence (AAAI-24)

Learn to Follow: Decentralized Lifelong Multi-Agent Pathfinding via Planning
and Learning

Alexey Skrynnik', Anton Andreychuk!, Maria Nesterova®>,
Konstantin Yakovlev>', Aleksandr Panov'’
' AIRI, Moscow, Russia
2Federal Research Center for Computer Science and Control of Russian Academy of Sciences, Moscow, Russia

3MIPT, Dolgoprudny, Russia
skrynnikalexey @ gmail.com, andreychuk @airi.net, minesterova@yandex.ru, yakovlev @isa.ru, panov@airi.net

Abstract d b W W e DD

_ ) 8 6 eemeoE | ®
Multi-agent Pathfinding (MAPF) problem generally asks to sem @ Ii o o Besel @
find a set of conflict-free paths for a set of agents confined to e 908 o e e
a graph and is typically solved in a centralized fashion. Con-
versely, in this work, we investigate the decentralized MAPF [ 0 [ ) aesees .i [ a8 )
setting, when the central controller that possesses all the in- e e o [ [ ]
formation on the agents’ locations and goals is absent and 0 008 [ ] oo oe®
the agents have to sequentially decide the actions on their ] e [©)
own without having access to the full state of the environ-
ment. We focus on the practically important lifelong vari- L : : @ _ .—.-T. 0eees

ant of MAPF, which involves continuously assigning new
goals to the agents upon arrival to the previous ones. To ad-
dress this complex problem, we propose a method that inte-
grates two complementary approaches: planning with heuris-

Figure 1: An example of a decentralized LMAPF instance.
Agents are depicted as filled circles. The dashed line illus-

https://ojs.aaai.org/index.php/AAAl/article/view/29704/31207
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Learn to Follow: Decentralized Lifelong Multi-Agent Pathfinding
via Planning and Learning

Two types of behavior:

Moving towards the goal Avoiding the other agents and/or yielding
(long-range planning) to them (short term decision making)

A* (heuristic search) PPO (reinforcement learning)



Learn to Follow: Decentralized Lifelong Multi-Agent Pathfinding via

Planning and Learning

Planning
> A*

—> Other agents are not taken
into account

—> Penalizing frequently used
cells

(Reinforcement) Learning
> PPO

—> Local observation (path segment,
other agents, obstacles)

N2

Decentralized (fast) learning

N2

Simplistic reward (achieve a waypoint
= reward)

global coordinates of the agent

I
——— -
I

=1 =

* local obstacles and
path waypoints

updating
penalties

i usinglocal

agents
I

- i— = =4  headssplit [

77777777777777777777777 ; input for
[ learning-based policy

sampling
action

4o
\

£

r

Action
\ Decoder ]
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~
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RNN
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Spatial
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Learn to Follow: Decentralized Lifelong Multi-Agent Pathfinding via
Planning and Learning

Planning
A*

Other agents are not taken
into account

Penalizing frequently used
cells

cost(c, ) — | maxcrev(avg_cost(c'))l +‘ Zt'e[o,t] AgentAtCell(c, tr)l

avg_cost(c)

static cost dynan;ic cost

L path_cost(c,c')
avg_cost(c) = X ey, (o) Vo] Viree(€) - denotes the
vertices reachable from C




Learn to Follow: Decentralized Lifelong Multi-Agent Pathfinding
via Planning and Learning

Average Throughput
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Empirical Results

Episode Length

> Outperform (learnable) competitors in terms
of solution quality and ability to generalize

—> Better scalability compared to centralized planners

- Both components — planning and learning —

are crucial



Learn to Follow: Decentralized Lifelong Multi-Agent Pathfinding

via Planning and Learning

Planning only
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# goals achieved by the red agent =0
# goals achieved by all agents =36
Throughput (512 steps, 32 agents) = 0.07
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Planning + Learning
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SWITCHER
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When to Switch: Planning and Learning for
Partially Observable Multi-Agent Pathfinding

Alexey Skrynnik, Anton Andreychuk, Konstantin Yakovlev™, and Aleksandr I. Panov™, Member, IEEE

Abstract— Multi-agent pathfinding (MAPF) is a problem that
involves finding a set of non-conflicting paths for a set of agents
confined to a graph. In this work, we study a MAPF setting,
where the environment is only partially observable for each
agent, i.e., an agent observes the obstacles and other agents
only within a limited field-of-view. Moreover, we assume that
the agents do not communicate and do not share knowledge on
their goals, intended actions, etc. The task is to construct a policy
that maps the agent’s observations to actions. Our contribution
is multifold. First, we propose two novel policies for solving

QA

h,

Discount factor, value between 0 and 1, deter-
mines the importance of future rewards.
Decision-making policy, maps states to actions.
Expected discounted return, expected sum of
discounted rewards over time.

Set of parameters of a neural network, defines
the network’s behavior.

Hidden state of the neural network, calculated

| I, | — [ESR . S N (. J— —h4 S | R

https://ieeexplore.ieee.org/document/10236574
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When to Switch: Planning and Learning for Partially Observable
Multi-Agent Pathfinding

___________________________________________
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When to Switch: Planning and Learning for Partially Observable
Multi-Agent Pathfinding

Learning: EPOM
‘ Grid | ‘
Encoder
Memory e
ofo|ofofo —-o0 t
ofjofo|o|e ___‘.-O—)-
oo . oo | L
of1|oflo|o . . . . . . . . . B . B
oflo|1fofo
Action
re.ls?live relative A* Sel Pl Switcher
position target (ﬂm@d’] h an
PO-MAPF . -
observation Planning: RePlan i:xfi::)m:ln
™\ N
4 (b)

Success Rate

0.8

0.6

0.4

0.2

0.0

Algorithm

1 High-Level

Pseudocode for the

Search-Based Policy Incorporating LD and GAs:

RePlan

Input: 0 — observation; map — map; pos — current
position of the agent; goal — position of the goal;
hist — sequence of the already performed actions.
At the beginning of the episode, plan = map = 0.

Qutput: ¢ — action to perform at the current timestep;

updated hist and map.

map:= MapUpdate(map, o),
if plan # @ then

else

NI IS

“

if DetectLoop(a, plan) then

plan:= A*(map, pos, goal);

| a:= GetFirstAction(plan);

L a:= GetGreedyAction(pos, map):;

8 L With p,.;, probability return wait;

9 hist:= hist + a;
10 return a, map, hist

(a)

a\.\
nl...'_:_..
¥

=@~ RePlan

—e,
=4 RePlan (no greedy actions) .-\_‘-,\._
=h= RePlan (no loop detection) -
=#= RePlan (ne LD, no GA)

)
Ay ey
e
o i

100 200
Number of Agents

300

Independent Success Rate

1.00
0.95
0.90
0.85
0.80
0.75
0.70

~
=@~ ReFlan
=4 RePlan {no greedy actions)
== RePlan (no loop detection)
== RePlan (no LD, no GA)

100 200 300
Number of Agents

69



When to Switch: Planning and Learning for Partially Observable

MU

ti-Agent Pathfinding

/0

represents the 95% confidence intervals. (a) Success rate. (b) Independent

success rate.

SUCCESS RATES OF THE EVALUATED PO-MAPF SOLVERS WITH RESPECT TO DIFFERENT MAP TYPES. IN ADDITION TO THE SUCCESS RATES,
WE INCLUDE THE STANDARD DEVIATION COMPUTED FOR EACH MAP AND NUMBER OF AGENTS,
WHICH IS THEN AVERAGED ACROSS ALL INSTANCES
agent | mazes random scl street wc3 | average success rate
REPLAN 92.41% +1607  66.72% +20.84  53.29% 41806  87.1% +19.88 55.51% 42871 | 69.72% +19.66
EPOM 80.38% 43124  52.81% 42266  17.26% +1525  52.94% +4003  3531% +17.28 | 45.95% +2398
Assistant Switcher | 97.36% +14.73  77.84% +13.13  67.1% +17.06 95.1% +1227 82.97% +1453 | 81.71% +14.75
Heuristic Switcher | 97.18% 4553 73.98% +7.16 43.73% +1375  78.19% 42054  43.73% +£1296 | 66.92% +11.28
Learnable Switcher | 99.39% +3.11 75.44% +587 55.16% +1483  94.17% +1561  83.78% +8.71 77.88 % +9.66
(a)
1.00
o
(a) (b) N
1.0 s g SpEs s e 1.00 — it g g
..“. \ -n..“‘ o . R -‘::"-..‘ i | § 0,90
0.8 ."l_ '\ 1 &£ 0.95 "’._ \"o. @ 0.6 =#— RePlan "‘-." 2 20 g5/ —® RePlan "."\v.‘
", s, @ ., S - EPOM e S 77| === EPOM %
2 % h Y ] . . ~-m- HSwitcher '\ g -m- HSwitcher e
o] 3 v 0.90 % . e g 0.80 " %,
£ 06 . \ v] . 0,4| =#= ASwitcher sy - 3 -4 ASwitcher A
W *, N A . —+- LSwitcher ) = 075 —*- LSwitcher i1
o -+ HSwitcher 3 = 0.85 --m- HSwitcher - 100 200 300 100 200 300
g 0.4 —#= ASwitcher TN k % —g= ASwitcher ",. Number of Agents Number of Agents
o —+- LSwitcher § 080 . Lswitcher © @
0.2} =4 PRIMALZ2 '-... ﬁ 0.75 =4+ PRIMAL2Z e 225 o RePlan i L0 wm = Rebian —
-m- Cooperative A* u = =®= Cooperative A* 200 —#- EPOM 4_/ 0.8 -#- EPOM
0.0 £ -«m= HSwitcher 4{/ o ~m- HSwitcher ..
100 200 300 400 500 100 200 300 400 500 g AR L
Number of Agents Number of Agents 3 150 S 2|l Lot
2125 ‘ ©04 .
a u e e G
Fig. 8. Comparison of switchers with other approaches on the mazes 100 0.2
maps. Cooperative A* has access to the full state of the environment, so it 5E 0.0
. N . 100 200 300 100 200 300
shows the best results, solving all the presented instances. The best algorithm Number of Agents Number of Agents
among those working in the PO-MAPF setting is ASwitcher. The shaded area Fig. 6. (a) Success rate, (b) independent success rate, (¢) episode length, and

(d) EPOM usage per each number of agents averaged over all the evaluated
instances. The shaded area reports confidence intervals 95%.



MAPF-GPT: Imitation Learning for Multi-Agent Pathfinding
at Scale
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MAPF-GPT: Imitation Learning for Multi-Agent Pathfinding

at Scale

Tokenization

> The input consists of 256 tokens, but the
example shown uses fewer tokens for clarity
and visibility.

> The local observation of an agent at a certain
time step while following its (expert) path is
composed of two parts: egocentric cost-to-go
in local 11x11 field of view and data about the
agent itself and the nearby ones.

> The information about each agent is encoded
via 10 tokens: 2 for the current position, 2 for
goal location, 5 for action history, and 1 for the
next greedy action.

state of the environment

211 =
8 8 ea®
80
e o eeaas 8 @

Olm
[

e CCOICORORCO000

relative
position

_______

| tokenization vocabulary:

[4, =, o,

_____________

| numerical : [-20, -19, ..., 0, ..., 19, 20]
: actions: ['-., =y ﬂ, ', t) ]
| greedy actions: [ [, 1,,, ... ,e&, ]

 empty: 2; blocked: o0; >20: >; <-20: <

local agents information

relative
target

greedy
action

action history

(0, 0)

('5: '5)

down

[left, left, down]

(1,1)

(1, 1)

wait

[left, left, wait]

('2: '2)

(4; '5)

down-right

[right, right, down]

o P T T T ey

-



Success Rate

MAPF-GPT: Imitation Learning for Multi-Agent Pathfinding
at Scale
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MAPF-GPT Vaoewn gna pa3Butus

JloyumBaTtb Ha CNIOXKHbIX CLUeHapuAX (y*Ke peannsoBaHo, nogaHo Ha IROS
2025, cTaTbA NpuHATA)

9BONOLUOHHOEe 0byueHune aka AlphaEvolve

Ob6yyeHune 6e3 yuutens ang npoeKTUPOBaHNS OKPYXKEHNN
B YCTOMYMBOM MHOFOAreHTHOM NOUCKe NyTu

3TOT NPOeKT npennaraeT 3aMKHYTYIO CXeMy, KOTopas 06beAuHAET reHepaTop OKPYXXEeHWU B CTUne
alpha-evolve ¢ o06y4yeHnemMm KpynHOMacwTabHoOro TpaHchopMepa O19 3a4ausm MOUCKa NyTH
HeckonbKUMKU areHTamu (MAPF). FeHepaTop co3[aéT pasHoo6pasHble U BCE 6onee CloXHble
KapTbl, aKCNepTbi-peLlaTeny npefocTaBnaoT AEMOHCTPaLMK, a TpaHcpopmep 0By4aeTca Ha 3TUX
TpaekTopusax. Cnabble CTOPOHBI MOAENH, BbiBIEHHbIe B XOf4e 00y4YeHus, HanpaBnsoT reHepaTop
Ha 3BOJIOLMIO HOBbIX CNOXHbIX KapT, YTO o6ecnedynsaeT afanTUBHOCTb U NONHOTY AaTaceTa.

B atom nTepatMBHOM UUKNe NpoeKTUpoBaHUe KapT KU oﬁyueHme cTpaTtermn TeCHO MHTerpupoBaHbI:
reHepaTop HENPepLIBHO CO303a8T  OKPYXXEHWsi, BbisBAsAoWwWMe c6oM, a TpaHchopmep
COBEPLUEHCTBYETCS, 00y4YasdaChb Ha HWMX. ITOT npouecc A4aéT mMogenb, CNoCoBGHY 00006WaTh Ha
HOBble KapThl, 6onee BbICOKME MIIOTHOCTW areHTOB W CHOXHble 3ajayun KoopaunHauuu, yCctpaHasa
HEO6X0AMMOCTb B CO3[aHNM BPYYHYHO pa3paboTaHHbIX TECTOB.

3apgauu:

- PeanusoBatb reHepatop KapT B cTune alpha-evolve u cBA3aTb ero ¢ co3gaHuem cLeHapues.

- WHTerpupoBaTbh cyuwecTBytowmn pewatens MAPF ona nonydyeHuss aKCMepTHbIX TPAEKTOopWi
(Hanpumep, LaCAM*).

- MocTpouTb KOHBeNEpP ANsA fataceTa U 06y4YuTb KpynHOMAacLUTaGHbIA TpaHchopMep.

- 3aMKHYTb LMK/ 9BONMOLUMOHMPOBATb KapTbl HA OCHOBE OWWGOK MOLENH.

- MpoBecTu oUeHKY Ha cTaHAapTHbIX 6eHYMapkax MAPF.



[eueHTpanusosaHHbi MAPF B HenpepbiBHOW

cpene

EcTb aBTOpCcKOE onyb/IMKOBaHHOE peLleHne Ha
KNaCCUYECKMX ONTUMMU3ALMOHHbBIX a/ITOPUTMAX
(ctoxacTuyeckasa ontummnsaums, MPPI)

MPPI

Cenyac npobasnaem B Hero RL

[Mony4aeTcsa HENNOXo (parke C
HanBHOM KOMbUHauUmMen)

EcTb ewé MHOro naeun, Kak
KOMOUHNPOBATb => Bbl MOXKeTe
NPUCOEAUHNTBLCA K 3TOMY MPOEKTY



HemHoro opdtonuk: Spatial Intelligence

https://physbench.github.io/

© PHYSBENCH

Benchmarking and Enhancing VLMs for
Physical World Understanding

Wei Chow'", Jiageng Mao'™, Boyi Li%, Daniel Seita’, Vitor Guizilini3, Yue Wang'

'University of Southern California, “UC Berkeley,*Toyota Research Institute

Common VQA

Q What are the things I should
be cautious about when I visit
here?

A When visiting the pier over

the lake, there are a few things
you should be cautious about.

First, ensure that you ...

*Equal Contribution

& Physical Object Property

IC1 D 2N2R

elasticity?

Q Which object has greater

A. Green ball, B. White ball
C. Same elasticity
D. Cannot determine

to the teacup in
A. The pastry
C. The knife

Q What is the object closest

the Figure?
B. The peach
D. The spoon »

C. Moves upward

A. Moves downward

‘ Physical Scene Understanding

4 r

Q How does the viewpoint alter?

B. Rotates to the right ,
D. Rotates upward

Q Which object will the cart hit first?

A. The red cube B. The blue

C. The green cube

cube

D. The yellow cube

Common VQA tasks typically involve questions about visual content and general knowledge.
© PHYSBENCH emphasizes understanding the physical world, encompassing 4 dimensions.
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Human Performance
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HemMHOoro odPpTonuK: apxXnTeKTypbl C NAMATLIO

Recurrent Memory Transformer

Aydar Bulatov! Yuri Kuratov!>? Mikhail S. Burtsev!:?
bulatov.as@phystech.edu  yurii.kuratov@phystech.edu burtcev.ms@mipt.ru

'Neural Networks and Deep Learning Lab,
Moscow Institute of Physics and Technology, Dolgoprudny, Russia

2AIRL Moscow, Rusia https://dsworks.ru/en/champ/aij25-memory

@ > UYemnuowatel > AlJourney Contest 2025 > GigaMemory: global memory for LLM

GigaMemory: global memory for
LLM
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