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1. Baseline Algorithms
1.1. Goal-Conditioned Multi-Agent Behavior

Cloning (GCMBC)
We propose goal-conditioned multi-agent behavior cloning
(GCMBC), a fully decentralized extension of GCBC [3, 5]
that serves as a fundamental baseline capturing the behav-
ioral competence present in the dataset. Following the
GCBC paradigm, GCMBC trains a goal-conditioned policy
by sampling future states from the same trajectory as rela-
beled goals, enabling the policy to learn a general-purpose
capability of reaching any achievable goal state from a given
observation [15]. In the fully-decentralized setting with N
agents, each agent receives a local observation oi ∈ S, is
assigned a corresponding relabeled local goal gi, and then
executes an action ai. Each agent maintains its own decen-
tralized policy network πi, and these policies are trained to
predict actions conditioned on their respective observations
and goals, according to the following objective:

Jπi(θi) = E(oi,ai)∼D, gi∼pD
traj(gi|τ)

[
log πi(ai | oi, gi)

]
,

(1)
where D means the dataset, τ means the trajectory being
sampled.

1.2. Independent Contrastive Reinforcement
Learning (ICRL)

Independent Contrastive Reinforcement Learning (ICRL),
a fully decentralized multi-agent extension of CRL [1, 9],
which estimates the value function by contrastive learning.
The objective of value function is as follows:

J(fi) = E(oi,ai)∼D, gi∼pD
geom(gi|oi,ai), g

−
i ∼pD

rand(gi)[
log σ

(
fi(oi, ai, gi)

)
+ log

(
1− σ

(
fi(oi, ai, g

−
i )

))]
,

(2)

where pDgeom means the truncated geometric future state dis-
tribution [9], pDrand means the uniform state distribution over
the dataset D, and σ denotes the sigmoid function. fi is
parameterized as follows:

fi(oi, ai, gi) =
ϕ(oi, ai)

⊤ψ(gi)√
d

, (3)

with ϕ : Oi ×Ai → Zi = Rd and ψ : Oi → Zi = Rd.
This contrastive objective Eq. 2 encourages fi to assign

higher values to observation-goal pairs that are genuinely

reachable, while pushing down values for randomly sam-
pled, mismatched goals, allowing ICRL to learn a goal-
reaching value function through contrastive discrimination.

We adopt advantage-weighted regression (AWR) [10,
11] to extract a policy from the learned value functions
for manipulation tasks. Although prior work shows that
behavior-constrained DDPG (DDPG+BC) [2] can generally
outperform AWR in offline control [8], DDPG+BC is con-
siderably more sensitive to the parameter α, often requir-
ing careful tuning to obtain stable performance. In contrast,
AWR provides a more robust, stable, and hyperparameter-
insensitive policy extraction mechanism, making it partic-
ularly suitable for establishing a fundamental and repro-
ducible baseline for the new environment. Note that fu-
ture work may further enhance results by incorporating
DDPG+BC or other stronger policy extraction techniques.
The policy extraction function based on AWR is as follows:

JAWR(πi) = E(oi,ai,o′i)∼D, gi∼pD
mixed(gi|oi)[

eα(fi(oi,ai,gi)−fV
i (oi,gi)) log π(ai | oi, gi)

]
,

(4)

where pmixed means a mixture of these four goal-sampling
distributions following [9], and fVi is an additional con-
trastive value function only based on local observation and
goal:

J(fVi ) = Eoi∼D, gi∼pD
geom(gi|oi), g

−
i ∼pD

rand(gi)[
log σ

(
fVi (oi, gi)

)
+ log

(
1− σ

(
fVi (oi, g

−
i )

)) ]
.

(5)

1.3. Independent Hierarchical Implicit Q-Learning
(IHIQL)

To achieve better performance in multi-agent offline rein-
forcement learning, we extend the state-of-the-art HIQL
[7, 9] into the goal-conditioned offline MARL setting, in-
troducing IHIQL (fully decentralized) which leverages hi-
erarchical policies to enhance robustness against sparse re-
wards and improve long-horizon reasoning. IHIQL learns
the value function following Eq. 6 and extracts each agent’s
hierarchical policy from the same value function learned by
Eq. 6.

LV (θ
V
i ) = E(oi,o′i)∼D, gi∼pD

mixed(g|τ)

[
L2
τ

(
r(oi, gi)

+ γVθ̄V
i
(o′i, gi)− VθV

i
(oi, gi)

)]
,

(6)

where r(oi, gi) = 1{gi}(oi) − 1 denotes the goal-
conditioned reward, which means if the agent reaches the



goal, its reward is 0, or its reward is −1. θ̄Vi denotes the
parameters of the target V network. L2

τ is the expectile loss
with a parameter τ ∈ [0.5, 1) [7, 9]. Note that we denote
Vi(oi, gi) = Vi(oi, ϕi(oi, gi)), where ϕi : Oi × Oi → Zi

serves as a goal representation function for each agent.

The high-level policy πθh
i

i (zt+k
i | oti, gi) produces opti-

mal k-step subgoals ot+k
i for each agent, and uses zt+k

i =
ϕ(oti, o

t+k
i ) as compact representations of subgoals [7, 9].

The low-level policy πθℓ
i

i (ati | oti, z
t+k
i ) produces the opti-

mal actions ati of each agent, taking the current observation
oti and the subgoal zt+k

i as input. The objective of high-
level policy is as follows:

Jπh
i
(θhi ) = E(oti,o

t+k
i ,gi)

[
exp

(
β · Ãh

i (o
t
i, o

t+k
i , gi)

)
·

log π
θh
i

i (zt+k
i | oti, gi)

]
,

(7)

The objective of low-level policy is as follows:

Jπℓ
i
(θℓi ) = E(oti,a

t
i,o

t+1
i ,ot+k

i )

[
exp

(
β · Ãℓ

i(o
t
i, a

t
i, o

t+k
i )

)
·

log π
θℓ
i

i (ati | oti, zt+k
i )

]
,

(8)
where β is the hyperparameter, Ãh

i (o
t
i, o

t+k
i , gi) =

VθV
i
(ot+k

i , gi) − VθV
i
(oti, gi) and Ãl

i(o
t
i, o

t+k
i , gi) =

VθV
i
(ot+1

i , ot+k
i )−VθV

i
(oti, o

t+k
i ) means the temporal differ-

ence advantage based on the value function. The high-level
policy aims to produce a subgoal to reach the goal, and the
low-level policy aims to produce an action to reach the sub-
goal. This hierarchical policies overcome the noise in value
function result from the sparse reward.

1.4. HIQL under Centralized Training with Decen-
tralized Execution Paradigm (HIQL-CTDE)

To further evaluate different training paradigms, we extend
HIQL [7, 9] into the centralized training with decentralized
execution (CTDE) paradigm, where training leverages cen-
tralized value learning while execution remains fully de-
centralized. HIQL-CTDE maintains the same hierarchical
structure as the decentralized version, but the value function
is now trained with global observations and global subgoals,
allowing the critic to capture cross-agent dependencies and
reduce non-stationarity during offline training. The central-
ized value function is defined as:

LV (θ
V
i ) = E(o,o′)∼D, g∼pD

mixed(g|τ)

[
L2
τ

(
r(o,g)

+ γVθ̄V
i
(o′,g)− VθV

i
(o,g)

)]
,

(9)

where o = (o1, . . . , oN ), g = (g1, . . . , gN ) are the global
observations and goals of all N agents. The decentral-
ized policy extraction functions are the same as Eq 7 and

Eq. 8. Note that Vi(o,g) = Vi(o, ϕ
global
i (o,g)), where

ϕglobal
i : S × S → Z . Since the centralized value function

and the decentralized policy extraction function all need the
goal representation network to encode the goal, we sep-
arately learn the global and local goal representation net-
work, the local goal representation function is ϕlocal

i (oi, gi),
where ϕlocal

i : Oi ×Oi → Zi.

1.5. Goal Conditioned Variant of OMIGA
(GCOMIGA)

To evaluate whether the current offline MARL can robustly
handle the noise caused by sparse rewards to learn use-
ful policy under the goal-conditioned environment, we de-
signed GCOMIGA by goal relabeling and randomly goal
sampling, the goal-conditioned variants of OMIGA [14].
GCOMIGA follows the CTDE paradigm and uses value
decomposition methods [12, 13] to decompose the global
value function into a linear combination of local value func-
tions:

Qtot(o,a,g) =
∑
i

wi(o)Qi(oi, ai, gi) + b(o),

Vtot(o,g) =
∑
i

wi(o)Vi(oi, gi) + b(o),

wi ≥ 0, ∀i = 1, . . . , n.

(10)

where o = (o1, . . . , oN ), a = (a1, . . . , aN ), g =
(g1, . . . , gN ) are the global observations, global actions and
global goals of all N agents. GCOMIGA extracts the local
goal conditioned policy by:

J(πi) = E(oi,ai)∼D, gi ∼ pDmixed(g | τ)
[

exp

(
wi(o)

α
(Qi(oi, ai, gi)− Vi(oi, gi))

)
·

log πi(ai|oi, gi)
]
.

(11)

1.6. Goal Conditioned Variant of OMAR (GCO-
MAR)

Through goal relabeling and randomly goal sampling, we
further designed GCOMAR, the goal conditioned variant
of OMAR [6] following fully decentralized paradigm. The
decentralized critics are conditioned on the local goals gi
and trained by Conservative Q-Learning algorithm [4]. The
goal conditioned policy objective is as follows:

J(πi) = E(oi,ai)∼D, gi∼pD
mixed(g|τ)

[
(1− β)Qi

(
oi, gi, πi(oi, gi)

)
+ β

(
πi(oi, gi)− âi

)2]
,

(12)

where β ∈ [0, 1] means the parameter and âi denotes the
action generated by the zeroth-order optimizer [6].



2. Environmental Details
2.1. Observation Space, Action Space
We provide an overview of the multi-agent local observa-
tion and action spaces for each task in Table 1, and present
the detailed specifications of action space for each agent in
Table 2 and Table 3. Note that the global observation space
is the union of the local observation spaces of all agents of
the same type. Therefore, for simplicity, we uniformly refer
to the local observation space as the observation space in
the following.

Table 1. Dimension of Multi-Agent Observation and Action
Space.

Environment Type Observation Dim. Action Dim.

antmaze 2× 4 21 4
antmaze 2× 4d 21 4
antmaze 4× 2 17 2
antsoccer 2× 4 34 4
antsoccer 2× 4d 34 4
antsoccer 4× 2 30 2
bimanual manipulation 64× 64× 3 8

Table 2. Multi-Agent Action Space of Ant. Since action spaces of
the corresponding agents in AntMaze and AntSoccer are the same,
we denote them uniformly as Ant.

Agent Type Agent ID Action Actuation Site

Ant 2× 4

Agent 0

Torque hip 1 (front left leg)
Torque ankle 1 (front left leg)
Torque hip 2 (front right leg)
Torque ankle 2 (front right leg)

Agent 1

Torque hip 4 (right back leg)
Torque ankle 4 (right back leg)
Torque hip 3 (back leg)
Torque ankle 3 (back leg)

Ant 2× 4d

Agent 0

Torque hip 1 (front left leg)
Torque ankle 1 (front left leg)
Torque hip 4 (right back leg)
Torque ankle 4 (right back leg)

Agent 1

Torque hip 2 (front right leg)
Torque ankle 2 (front right leg)
Torque hip 3 (back leg)
Torque ankle 3 (back leg)

Ant 4× 2

Agent 0
Torque hip 1 (front left leg)
Torque ankle 1 (front left leg)

Agent 1
Torque hip 2 (front right leg)
Torque ankle 2 (front right leg)

Agent 2
Torque hip 3 (back leg)
Torque ankle 3 (back leg)

Agent 3
Torque hip 4 (right back leg)
Torque ankle 4 (right back leg)

Table 3. Multi-Agent Action Space of Bimanual Manipulation

Agent ID Dimension Actuation Site

Agent 0
7 joint
1 gripper

Agent 1
7 joint
1 gripper

Given the high dimensionality of the observation space
for each agent in the AntMaze and AntSoccer environ-
ments, we list the shared observation components among
multiple agents in Table 4, and detail the specific compo-
nents of each agent in AntMaze and AntSoccer in Table 5.

Table 4. Multi-Agent Shared Observation Components in
AntMaze and AntSoccer.

Environment Type Observation Type Observation

AntMaze

qpos of root

x coordinate
y coordinate
z coordinate
w orientation
x orientation
y orientation
z orientation

qvel of root

x coordinate velocity
y coordinate velocity
z coordinate velocity
x coordinate angular
y coordinate angular
z coordinate angular

AntSoccer

qpos of root

x coordinate
y coordinate
z coordinate
w orientation
x orientation
y orientation
z orientation

qpos of ball

x coordinate
y coordinate
z coordinate
w orientation
x orientation
y orientation
z orientation

qvel of root

x coordinate velocity
y coordinate velocity
z coordinate velocity
x coordinate angular
y coordinate angular
z coordinate angular

qvel of ball

x coordinate velocity
y coordinate velocity
z coordinate velocity
x coordinate angular
y coordinate angular
z coordinate angular



Table 5. Multi-Agent Specific Observation Components in AntMaze and AntSoccer. Since specific observation components of the corre-
sponding agents in AntMaze and AntSoccer are the same, we denote them uniformly as Ant.

Agent Type Agent ID Observation Observed Body Site

Ant 2× 4

Agent 0

Angle hip 1 (front left leg)
Angle ankle 1 (front left leg)
Angle hip 2 (front right leg)
Angle ankle 2 (front right leg)

Angular Velocity hip 1 (front left leg)
Angular Velocity ankle 1 (front left leg)
Angular Velocity hip 2 (front right leg)
Angular Velocity ankle 2 (front right leg)

Agent 1

Angle hip 3 (back leg)
Angle ankle 3 (back leg)
Angle hip 4 (right back leg)
Angle ankle 4 (right back leg)

Angular Velocity hip 3 (back leg)
Angular Velocity ankle 3 (back leg)
Angular Velocity hip 4 (right back leg)
Angular Velocity ankle 4 (right back leg)

Ant 2× 4d

Agent 0

Angle hip 1 (front left leg)
Angle ankle 1 (front left leg)
Angle hip 4 (right back leg)
Angle ankle 4 (right back leg)

Angular Velocity hip 1 (front left leg)
Angular Velocity ankle 1 (front left leg)
Angular Velocity hip 4 (right back leg)
Angular Velocity ankle 4 (right back leg)

Agent 1

Angle hip 2 (front right leg)
Angle ankle 2 (front right leg)
Angle hip 3 (back leg)
Angle ankle 3 (back leg)

Angular Velocity hip 2 (front right leg)
Angular Velocity ankle 2 (front right leg)
Angular Velocity hip 3 (back leg)
Angular Velocity ankle 3 (back leg)

Ant 4× 2

Agent 0

Angle hip 1 (front left leg)
Angle ankle 1 (front left leg)

Angular Velocity hip 1 (front left leg)
Angular Velocity ankle 1 (front left leg)

Agent 1

Angle hip 2 (front right leg)
Angle ankle 2 (front right leg)

Angular Velocity hip 2 (front right leg)
Angular Velocity ankle 2 (front right leg)

Agent 2

Angle hip 3 (back leg)
Angle ankle 3 (back leg)

Angular Velocity hip 3 (back leg)
Angular Velocity ankle 3 (back leg)

Agent 3

Angle hip 4 (right back leg)
Angle ankle 4 (right back leg)

Angular Velocity hip 4 (right back leg)
Angular Velocity ankle 4 (right back leg)



2.2. Predefined Goals
To avoid biased evaluation, each manipulation task is as-
sociated with 5 clearly defined sequential multiple goals
to facilitate consistent comparison across algorithms. We
demonstrate our five predefined evaluation goals for coop-
erative manipulation tasks. Specifically, the goals for the
lift-barrier task are shown in Fig. 1, and those for the place-
food task are presented in Fig. 2. For cooperative locomo-
tion tasks, the predefined goals follow the same design as in
[9].

descend dock grab lift hold

Figure 1. Lift-Barrier Task. Predefined evaluation goals (from
left to right): descend, dock, grab, lift, and hold.

descend grab lift move place

Figure 2. Place-Food Task. Predefined evaluation goals (from left
to right): descend, grab, lift, move, and place.

3. Hyperparameters
We provide the complete hyperparameter settings for all
baseline algorithms across tasks in Table 6. As AWR of-
fers a more robust, stable, and hyperparameter-insensitive
policy extraction mechanism, we adopt it uniformly to es-
tablish a strong, reproducible baseline for the manipulation
environments.

4. Full Results
We report the full benchmark results on cooperative manip-
ulation tasks and cooperative locomotion tasks in Table 7
and Table 8, respectively. The results suggest that IHIQL
emerges as the state-of-the-art algorithm for most multi-
agent offline goal-conditioned tasks. The results in Table 7
indicate that our goal-conditioned offline MARL baselines
dramatically outperform the imitation learning method DP
in both manipulation tasks while requiring only 5-7% of
its training time, demonstrating effectiveness and efficiency
of our proposed baseline algorithms. No single method
achieves uniformly superior performance across all settings,
underscoring the complexity of the problem and the signifi-
cant untapped potential of this emerging research direction.

Table 6. Hyperparameters for baselines.

Hyperparameters Value

Learning rate 0.0003
Optimizer Adam
gradient steps 1000000 (locomotion)
gradient steps 15000 (lift-barrier)
gradient steps 38800 (place-food)
batch size 1024 (locomotion)
batch size 256 (manipulation)
discount factor γ 0.995 (antmaze-giant)
discount factor γ 0.99 (others)
target smoothing coefficient τ 0.005
hidden size 512
ICRL latent dimension 512
ICRL AWR α 3.0 (manipulation)
ICRL DDPG+BC α 0.1 (antmaze-navigate)
ICRL DDPG+BC α 0.1 (antmaze-stitch)
ICRL DDPG+BC α 0.003 (antmaze-explore)
ICRL DDPG+BC α 0.3 (antsoccer-navigate)
ICRL DDPG+BC α 0.3 (antsoccer-stitch)
IHIQL&HIQL-CTDE expectile κ 0.7
IHIQL&HIQL-CTDE subgoal k 25 (locomotion)
IHIQL&HIQL-CTDE subgoal k 10 (manipulation)
subgoal representation dimension 10
IHIQL&HIQL-CTDE AWR α 10.0 (antmaze-explore)
IHIQL&HIQL-CTDE AWR α 3.0 (others)
GCOMIGA mix network hidden size 128
GCOMIGA AWR α 10.0
GCOMAR actor rectification iters 2
GCOMAR actor rectification samples 20
GCOMAR actor rectification elites 5
GCOMAR actor coefficient 0.5 (antmaze-navigate)
GCOMAR actor coefficient 0.7 (antmaze-stitch)
GCOMAR actor coefficient 1.0 (antmaze-explore)
GCOMAR actor coefficient 1.0 (antsoccer)
GCOMAR cql α 5.0 (antmaze-navigate)
GCOMAR cql α 1.0 (antmaze-stitch)
GCOMAR cql α 1.0 (antmaze-explore)
GCOMAR cql α 5.0 (antsoccer)

Table 7. Comparison of training time and final success rate on the
two cooperative manipulation tasks. All results are averaged over
100 random seeds.

Task Metric IHIQL GCMBC ICRL DP

LiftBarrier Success Rate (%) 82 47 56 58
Training Time (min) 14 3 10 300

PlaceFood Success Rate (%) 23 21 35 20
Training Time (min) 34 10.4 24 300



Table 8. Full benchmark table on locomotion tasks. We report each method’s average (binary) success rate (%) across the five test-time goals on each
task. The results are averaged over 5 seeds , and we report the standard deviations after the ± sign. Numbers at or above 95% of the best value in the row
are highlighted in bold.

Environment Dataset Type Dataset IHIQL ICRL GCMBC GCOMIGA GCOMAR

antmaze

navigate

antmaze-medium-navigate-v0(2x4) 95.1± 1.6 92.0± 2.9 22.3± 1.8 5.9 ±1.0 6.5 ±0.6
antmaze-medium-navigate-v0(2x4d) 95.9± 1.1 95.5± 0.9 25.5 ±1.4 7.7 ±2.1 5.3 ±1.6
antmaze-medium-navigate-v0(4x2) 94.8± 1.3 90.0± 2.0 11.7± 3.3 5.7 ±1.6 8.1 ±1.6

antmaze-large-navigate-v0(2x4) 85.4± 5.3 80.2± 2.4 15.0± 2.8 2.1 ±0.6 2.1 ±0.2
antmaze-large-navigate-v0(2x4d) 92.2± 1.9 80.8± 3.3 21.2± 2.4 1.7 ±0.4 6.7 ±1.6
antmaze-large-navigate-v0(4x2) 87.1± 2.3 72.0± 0.8 3.0± 1.3 1.3 ±0.2 2.3 ±0.9

antmaze-giant-navigate-v0(2x4) 57.3± 2.1 19.8± 3.7 0.0± 0.0 0.0 ±0.0 0.0 ±0.0
antmaze-giant-navigate-v0(2x4d) 50.3± 2.9 14.9± 2.3 0.1± 0.2 0.0 ±0.0 0.2 ±0.2
antmaze-giant-navigate-v0(4x2) 35.5± 8.3 5.8± 1.6 0.0± 0.0 0.0 ±0.0 0.2 ±0.2

antmaze-teleport-navigate-v0(2x4) 46.8± 1.7 50.6± 2.1 24.3± 2.9 10.0 ±2.1 5.9 ±1.2
antmaze-teleport-navigate-v0(2x4d) 47.2± 2.4 51.4± 1.4 26.8± 4.3 10.8 ±3.0 5.0 ±1.3
antmaze-teleport-navigate-v0(4x2) 48.7± 2.4 44.9± 1.7 15.1± 1.1 14.8 ±4.0 2.9 ±0.3

stitch

antmaze-medium-stitch-v0(2x4) 94.3± 1.4 64.8± 3.7 43.7± 1.4 3.4 ±1.1 19.3 ±1.3
antmaze-medium-stitch-v0(2x4d) 93.9± 2.5 62.9± 5.1 48.4± 1.2 4.4 ±1.3 10.3 ±3.5
antmaze-medium-stitch-v0(4x2) 93.3± 0.9 60.7± 4.0 44.3± 1.4 7.1 ±3.4 18.5 ±2.4

antmaze-large-stitch-v0(2x4) 80.2± 2.1 8.5± 1.8 0.6± 0.6 0.5 ±0.5 5.0 ±2.6
antmaze-large-stitch-v0(2x4d) 74.7± 3.4 7.0± 1.2 9.8± 1.8 2.1 ±1.0 8.6 ±2.4
antmaze-large-stitch-v0(4x2) 64.5± 2.5 5.8± 1.5 0.0± 0.0 0.7 ±0.5 1.9 ±1.1

antmaze-giant-stitch-v0(2x4) 5.1± 3.5 0.0± 0.0 0.0± 0.0 0.0 ±0.0 0.0 ±0.0
antmaze-giant-stitch-v0(2x4d) 0.7± 0.7 0.0± 0.0 0.0± 0.0 0.0 ±0.0 0.0 ±0.0
antmaze-giant-stitch-v0(4x2) 0.2± 0.3 0.0± 0.0 0.0± 0.0 0.0 ±0.0 0.0 ±0.0

antmaze-teleport-stitch-v0(2x4) 37.9± 1.6 33.4± 2.3 26.6± 3.8 10.7 ±2.2 5.7 ±2.9
antmaze-teleport-stitch-v0(2x4d) 39.2± 1.2 29.8± 3.5 32.6± 1.6 3.3 ±0.4 2.9 ±1.6
antmaze-teleport-stitch-v0(4x2) 36.1± 2.7 29.7± 2.7 22.5± 1.1 6.8 ±0.9 11.4 ±5.2

explore

antmaze-medium-explore-v0(2x4) 34.2± 6.6 1.3± 0.6 1.3± 0.5 2.1 ±0.9 0.0 ±0.0
antmaze-medium-explore-v0(2x4d) 36.5± 9.6 1.5± 1.1 3.0± 0.9 1.9 ±1.2 0.0 ±0.0
antmaze-medium-explore-v0(4x2) 24.8± 4.1 0.1± 0.1 0.1± 0.2 1.8 ±0.8 0.0 ±0.0

antmaze-large-explore-v0(2x4) 5.4± 2.1 0.0± 0.0 0.0± 0.0 0.6 ±0.2 0.0 ±0.0
antmaze-large-explore-v0(2x4d) 1.0± 1.4 0.0± 0.0 0.0± 0.0 1.0 ±0.9 0.0 ±0.0
antmaze-large-explore-v0(4x2) 1.9± 1.8 0.0± 0.0 0.0± 0.0 0.5 ±0.3 1.1 ±1.5

antmaze-teleport-explore-v0(2x4) 35.7± 4.8 17.5± 7.5 2.6± 0.8 3.4 ±1.6 0.0 ±0.0
antmaze-teleport-explore-v0(2x4d) 34.2± 10.2 13.6± 3.4 9.9± 0.7 2.9 ±0.2 0.0 ±0.0
antmaze-teleport-explore-v0(4x2) 36.6± 3.1 13.0± 3.0 11.4± 2.1 2.5 ±0.7 0.0 ±0.0

antsoccer

navigate

antsoccer-arena-navigate-v0(2x4) 34.8± 1.4 10.6± 1.8 2.5± 0.4 0.0 ±0.0 0.0 ±0.0
antsoccer-arena-navigate-v0(2x4d) 37.4± 3.8 12.3± 2.1 2.5± 0.8 0.0 ±0.0 0.0 ±0.0
antsoccer-arena-navigate-v0(4x2) 14.3± 1.5 2.3± 1.2 0.6± 0.2 0.0 ±0.0 0.0 ±0.0

antsoccer-medium-navigate-v0(2x4) 7.1± 1.7 0.5± 0.4 2.4± 0.9 0.0 ±0.0 0.0 ±0.0
antsoccer-medium-navigate-v0(2x4d) 8.1± 2.1 1.1± 0.8 2.6± 1.0 0.0 ±0.0 0.0 ±0.0
antsoccer-medium-navigate-v0(4x2) 4.2± 4.1 0.2± 0.2 0.9± 0.8 0.0 ±0.0 0.0 ±0.0

stitch

antsoccer-arena-stitch-v0(2x4) 4.2± 1.1 0.2± 0.2 13.5± 1.8 0.0 ±0.0 0.0 ±0.0
antsoccer-arena-stitch-v0(2x4d) 6.6± 1.3 0.2± 0.2 14.6± 1.4 0.0 ±0.0 0.0 ±0.0
antsoccer-arena-stitch-v0(4x2) 1.4± 1.1 0.1± 0.2 9.1± 1.6 0.0 ±0.0 0.0 ±0.0

antsoccer-medium-stitch-v0(2x4) 2.0± 0.8 0.0± 0.0 1.5± 0.6 0.0 ±0.0 0.0 ±0.0
antsoccer-medium-stitch-v0(2x4d) 3.3± 1.0 0.0± 0.0 2.8± 0.7 0.0 ±0.0 0.0 ±0.0
antsoccer-medium-stitch-v0(4x2) 1.0± 0.4 0.0± 0.0 1.1± 0.6 0.0 ±0.0 0.0 ±0.0
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