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Abstract— Visuomotor reinforcement learning (RL) has
shown a strong capability in enabling robotic agents to perceive
their environments and generate actions to accomplish down-
stream manipulation tasks. However, existing approaches often
do shortcut learning, resulting in poor performance under out-
of-distribution (OOD) conditions, while also inducing incompre-
hensible interpretations. To address these issues, we propose
Concept-Guided Grounded Training (CGGT), a framework
that leverages task-specific concepts from the environment to
improve visuomotor learning, not only in terms of success
rates but also in terms of generalization and interpretability.
Specifically, our CGGT framework employs a single stage
training scheme that integrates visual concept alignment at the
feature extraction and spatial concept alignment at the decision-
making network, along with the reward optimization. This
approach enables robots to focus on action-relevant features
and subsequently generate actions for task completion. Through
our evaluations on eleven robotsuite tasks with multiple
OOD scenarios in the RL-Vigen benchmark, CGGT outper-
forms state-of-the-art baselines in terms of generalization while
also enabling failure inspection through concept visualizations.
Finally, we also deploy our proposed method on the Franka
Emika robot in four different tasks with real-world objects to
test its feasibility in the real-world domain.

I. INTRODUCTION

Training visuomotor control agents using deep reinforce-
ment learning (RL) has recently been a compelling topic in
robotics, thanks to its remarkable performance on various
simulation benchmarks [1]–[3]. With visual observations as
inputs, numerous auxiliary techniques have been introduced
to improve generalization, such as data augmentation [4]–
[6], contrastive learning [7], and representation learning
approaches that leverage saliency masks [8], multi-view
encoders [9], or spatial transformer networks [10]. While
these methods enhance robustness by encouraging agents to
learn invariant latent features, they primarily rely on self-
exploration to extract task-relevant information, which often
leads to unstable training dynamics and high variance in
visual representations [4], [11]. Moreover, redundant features
[12] and shortcut learning behaviors [13] remain prevalent,
leading to policies that generalize poorly when deployed in
visually perturbed, like out-of-distribution (OOD) scenarios.

Compounding these issues, deep RL policies are opaque,
making it difficult to detect when shortcut learning affects the
model’s behavior [14], [15]. Previous works have explored
interpretable approaches, such as decision trees, logic-based
policies [16], [17], and reward-driven masking strategies
[18]. However, these approaches struggle to scale to the
complexity of visuomotor control. Within this realm, concept
bottleneck models (CBMs) [19], [20] offer a promising
alternative by introducing explicit intermediate concepts that

Tr
ai

n
in

g 
Sc

en
ar

io
s

Te
st

in
g 

Sc
en

ar
io

s
Learning without 

Concept Alignment
Learning with 

Concept Alignment

ge
n
e
ra
liz
ab

le

n
o
n
-g
e
n
e
ra
liz
ab

le

Fig. 1: Overview of CGGT: The learned RL agent with concept
alignments is guided to concentrate on task-relevant objects, extracts
correct spatial coordinates, and yields actions that maximize reward
even with out-of-distribution (OOD) scenarios, showing strong
generalization capabilities. Without concept alignments, the RL
agent tends to overfit to training scenarios, eventually leading to
poor performance when encountering OOD evaluations.

improve transparency while supporting more stable and ro-
bust learning. Recent applications of CBMs in RL [21]–[23]
highlight their potential for interpretability, though remaining
limited to simplified and constrained environments, with-
out any clear generalizations. Yet, applying concept-based
learning in the context of robotic RL is substantially more
challenging than in static image classification, as it must
capture both spatial and temporal dynamics, which directly
complicates concept design and reduces training efficiency.

To apply CBMs to guide the deep RL model in ex-
tracting features in an interpretable manner, we introduce
the Concept-Guided Grounded Training (CGGT) framework,
which integrates visual and spatial concept alignments to
direct the agent’s attention toward task-relevant features.
Specifically, CGGT employs a trainable masking mechanism
that suppresses irrelevant regions in the visual domain, ex-
posing only task-critical features and thereby improving gen-
eralization under visually perturbed conditions. The mask is
thus aligned with segmentations of task-specific features, en-
suring that the latent representation encodes only meaningful
visual features as an essential step in handling the complexity
of environments. Beyond visual alignment, CGGT leverages
spatial information to extract compact bottleneck features
that capture object relations for effective action generation.
By doing so, both visual and spatial concepts serve as
interpretable probes during OOD inference, allowing for the



inspection of whether the agent attends to the correct objects
and maintains accurate spatial reasoning under distribution
shifts. Our contributions are summarized as follows:

• We propose a visuomotor RL training framework that
leverages both visual and spatial concepts to guide
training to improve interpretability and generalization.

• We do comprehensive experiments in robosuite en-
vironment [24] to evaluate the performance of CGGT at
three generalization levels from RL-ViGen benchmark
[25] against to state-of-the-art approaches.

• We empirically demonstrate the feasibility and gener-
alization of our proposed framework on a real-robot
system with real-world objects.

II. RELATED WORK

Generalizable Visual RL for Robot Control: Vision-
based model-free RL has been widely applied in robotic
control [1], [26]–[28]. Recent studies have tackled overfitting
and improved generalization in RL through complementary
strategies, including invariant representation learning [10],
environment augmentation and normalization [4], [29]–[32],
uncertainty quantification [33], and task decomposition for
modular training [18], [34]. Data augmentation has been a
central strategy, broadening the visual distribution to improve
robustness. For example, Bertoin et al. [8] propose saliency-
guided training, while Grooten et al. [18] introduce distrac-
tion masking, and Seo et al. [9] develop multi-view masked
encoders for model-based RL. Another work of Yuan et al.
[10] leverage multi-view representations with spatial trans-
former networks to capture invariant latent features. These
approaches primarily emphasize learning representations that
are robust to visual perturbations, but they often rely on self-
exploration and can retain irrelevant information. In contrast,
our method enables the model to identify and discard task-
irrelevant features, leading to an improvement in generaliza-
tion for visuomotor tasks in complex environments.

Reinforcement Learning with Interpretability: Inter-
pretable RL is an active area within the field of explainable
artificial intelligence, aiming to provide RL models with
interpretable capabilities [14], [15], [35]. Recent approaches
often encode deep RL policies using interpretable models
such as decision trees [16], [36], [37] and logical pro-
grams [17], [38], [39]. Other studies leverage large language
models to generate natural-language explanations of agent
behavior [40], [41]. Bertoin et al. [8] employ saliency-
guided masks, and Grooten et al. [18] introduce reward-
based distraction masks to suppress irrelevant pixels and
highlight task-relevant regions. Unlike prior approaches, our
work utilizes supervised visual masks as extractable concepts
to ensure that the robots focus on task-relevant objects,
even when visual inputs change. In addition, spatial concept
predictions provide an extra layer of interpretability, enabling
the analysis of the agent’s decisions in failure cases.

Concept Bottleneck Models as Learning Strategy: The
concept of CBMs was initially proposed to improve the
interpretability of deep learning models by introducing an
intermediate, human-interpretable representation [19], [20].

These models follow a two-stage training approach, first
extracting interpretable concepts from the input and then
using these concepts for the final task prediction. Integrating
the concepts of CBMs into RL-based problems, Zabounidis
et al. [21] and Grupen et al. [22] apply CBMs in multi-
agent settings, demonstrating that agents could achieve im-
proved interpretability through concept representations while
maintaining strong performance. Delfosse et al. [16] further
propose SCoBots, which uses consecutive CBMs to ex-
tract interpretable concepts across sequential feature spaces.
However, due to the complexity of defining and training
heterogeneous concepts, SCoBots separates concept learning
from RL, limiting its integration. Moreover, these prior works
are primarily restricted to 2D game environments, which
are much simpler than real-world robotic control in terms
of concept learning and decision-making. In this work, we
leverage and incorporate CBMs to guide robots to learn effi-
ciently in complex spatial environments, thus enhancing both
interpretability and generalization for visuomotor control.

III. PROBLEM FORMULATION

A. Preliminaries

In general, the visual RL problem is formulated as
a Markov Decision Process (MDP), denoted as M =
⟨S,A,P, r, γ⟩, where S as the state space, A as the action
space, P : S × A → S as the transition function, r :
S × A → R as the reward function, and γ ∈ [0, 1] as
the discount factor. A policy with learnable parameters θ,
πθ : S → A, learns to maximize the discounted return Rt =

EΓ∼π

[∑T
t=0 γ

t r(st, at)
]

along the visual state trajectory
Γ = (s0, s1, . . . , sT ). Traditional approaches use an encoder,
fθ : S → Z , to encode visual state inputs into a latent
representation Z , thus deciding optimal actions through an
actor network, ϕθ : Z → A, to gain the discounted return.

In the scope of continuous control for robotic manipula-
tion, the deep deterministic gradient policy with random ex-
ploration noise [28] is typically used with the main objective
of optimizing the Bellman residual equation [42]:

R = r(st, at) + γmax
{
Q∗

θ

(
st+1, a

′

t

)}
−Qθ(st, at), (1)

where Q∗ represents the optimal state-action value function,
Qθ is the parameterized critic network with learnable param-
eters θ, st and st+1 are the two consecutive visual states,
at denotes what the agent actually did at the state st, and
a

′

t denotes any possible action at the subsequent state st+1.
The actor network is modeled as a deterministic policy, ϕθ,
that aims to maximize the expected Q-value predicted by the
critic network, which can be expressed as follows:

Lϕ = Est∼D [Eat∼ϕθ
[−Qθ(st, at)]] (2)

The training process of the RL agent depends on the
exploration strategy to collect samples and optimize the
networks based on Eq. 1 and Eq. 2. As a result, the visual RL
agent is considered a black-box that processes the raw input
visual states to provide the action distribution. Meanwhile,
the generalizability of the RL model is contingent upon the
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Fig. 2: Architecture of CGGT: Given a task definition, the robot first observes the environment to seek out task-relevant visual features
through a trained masker, while being grounded with the alignment with task-specific concepts. The filtered observations are then encoded
as a latent representation, which is fed to train an actor-critic network. While the critic network evaluates the quality of the action, the
actor network generates robot actions that are aligned with extracted spatial concepts of task-relevant objects in the environment.

agent’s ability to extract the Visual Perturbation-Invariant
Representation (VPIR) [43], denoted as z∗:

z∗ = fθ(s) = fθ(s), with s ∈ S, s ∈ S, (3)

where s represents the perturbed counterpart of the visual
state s, which is transformed by data augmentation. However,
to mitigate the shortcut problem, there is no indication of
whether the agent extracts VPIR features thanks to the black-
box nature, nor of the mechanism that guides the RL model
in extracting VPIR features.

B. Assumptions & Problem Formulation
1) Assumptions: To formulate our problem, we first make

the following key assumptions about the environment:
• Assumption 1: The robot environment must contain a set

of objects that is sufficient for the robot to accomplish
downstream manipulation tasks.

• Assumption 2: Visual disturbances, including colors,
textures, blurriness, brightness, etc., must not affect the
agent’s performance in terms of generalization.

2) Problem Formulation: Thus, our goal is to guide the
RL model to optimally focus on task-relevant features while
suppressing irrelevant ones in the latent space z∗t in order to
improve generalization in OOD scenarios. We also promote
the interpretability of the model through the visualization of
the agent’s focus on such invariant features across multiple
visual variations. Therefore, to achieve robust VPIR shown
in Eq. 3, the optimal policy is to learn to encode only from
task-relevant information sΩ

+

:

z∗t = fθ

(
sΩ

+

t

)
= fθ

(
sΩ

+

t

)
, (4)

where Ω+ represents the set of task-relevant objects, con-
taining the necessary information for task accomplishment,
and Ω− denotes the remaining observable objects, which are
considered task-irrelevant. Note that sΩ

+ ∪ sΩ
−

= s and
sΩ

+ ∩ sΩ
−
= ∅.

IV. CONCEPT-GUIDED GROUNDED TRAINING

A. Concept Bottleneck Methodology
We utilize the concept bottleneck to guide the visual

encoder in extracting and transforming features into the

concept space C. The concept bottleneck network ζ :
Z → C projects the latent representation z into human-
understandable concepts, whereas the shortcut problem can
be identified through inspection of involved concepts in the
decision-making process. We categorize the concepts into
visual and spatial ones:

1) The visual concepts include the visual features ex-
tracted by the encoder, which comprise properties of
objects, such as shapes and colors. These features are
explicitly defined in the latent space z of the CBMs.

2) The spatial concepts capture the spatial relations of ob-
jects in the spatial domain, such as spatial coordinates
or orientations of task-relevant objects, which are first
and foremost information for robot control.

Specifically, we design concept alignment modules at the
feature extraction and decision-making networks to address
their internal differences in scales, data types, and concept
variations.

B. Visual Concept Alignment

While focusing on Ω+, Ω− is large and complex, which
makes the optimal policy learning cumbersome. To solve this
issue, we design a masker network Mθ that learns to predict
the mask of Ω+, denoted as mΩ+

predict, in RGB observations:

mΩ+

predict ←Mθ

(
sD
t

)
, (5)

where sD
t denotes depth observation, which is used to predict

the mask in a stable manner under visual disturbances.
The predicted mask mΩ+

predict ∈ [0, 1] assigns each pixel
in the corresponding RGB observation sRGB

t as a confidence
score indicating its relevance to the task. The masker network
Mθ is trained by minimizing the Binary Cross Entropy
(BCE) distance between mΩ+

predict and the ground-truth seg-
mentation mask mΩ+

sim of task-relevant objects in simulation,
defined as Lvisual = DBCE

(
mΩ+

predict,m
Ω+

sim

)
. Finally, we con-

struct a filtered observation that retains only the task-relevant
components by applying an element-wise product between
the RGB observation and the predicted mask:

sΩ
+

t ← sRGB
t ⊙mΩ+

predict (6)



Algorithm 1: Concept-Guided Grounded Training
Input : s := RGB-D state
Output: sΩ

+

:= masked visual state
mΩ+

predict := predicted mask
1 function Masking(s)
2 sRGB, sD = s

3 mΩ+

predict ←Mθ(s
D) (Eq. 5)

4 sΩ
+ ← sRGB ⊙mΩ+

predict (Eq. 6)
5 return sΩ

+

,mΩ+

predict

Input : fθ, Qθ, ϕθ,Ψθ,Mθ := initialized networks
Qtgt

θ , f tgt
θ ← Qθ, fθ := target networks

T := total timesteps
Output: fθ, Qθ, ϕθ,Ψθ,Mθ := trained networks

6 function train(fθ, Qθ, ϕθ,Ψθ,Mθ, T)
7 for t ∈ [1, . . . , T ] do
8 ▷ ------- collect samples -------

9 sΩ
+

t , ← Masking(st)
10 at ∼ ϕθ(·|fθ(sΩ

+

t ))
11 st+1, rt ∼ P(·|st, at)

12 B ← B ∪ (st, at, rt, st+1,m
Ω+

sim , cspatial
sim )

13 ▷ ------- update phase -------

14 {sb, ab, rb, s
′
b,m

Ω+

sim , cspatial
sim } ∼ B

15 sΩ
+

b ,mΩ+

predict ← Masking(sb)
16 sΩ

+

b ← τ(sb, ν) (Augmentation)
17 ▷ -- update actor and critics --
18 θϕ ← θϕ −∇θϕLϕ (Eq. 2)
19 for N ∈ {Qθ, fθ} do
20 θN ← θN −∇θNLQ (Eq. 10)
21 θQtgt ← (1− τ)θQtgt + τθQ (Soft updates)
22 ▷ ------- concept alignment -------
23 for N ∈ {Ψθ, ϕθ, fθ,Mθ} do
24 θN ← θN −∇θN (Lspatial + Lvisual)
25 θf ← θf −∇θfLInfoNCE

26 return fθ, Qθ, ϕθ,Ψθ,Mθ

From Eq. 5 and Eq. 6, we can ensure that the encoder
only selects the task-relevant objects to extract robust VPIR.
Levaraging the invariance of sD

t under augmentation, we also
apply the predicted mask mΩ+

predict onto the perturbed state
sRGB
t to produce the perturbed observation of task-relevant

objects sΩ
+

t ← sRGB
t ⊙mΩ+

predict.
To further eliminate irrelevant visual features, including

colors, textures, and brightness, we employ contrastive learn-
ing [44] to minimize the discrepancy between fθ(s

Ω+

) and
fθ(s

Ω+

) and to generate the compact and minimal VPIR z∗,
as defined in Eq. 4. We adopt InfoNCE [45] to define the
contrastive loss LInfoNCE as follows:

− log

 exp
(

sim(qT ,k+)
τ

)
exp

(
sim(qT ,k+)

τ

)
+
∑M

i=0 exp
( sim(qT ,k−

i )

τ

)
 ,

(7)
where sim(q,k) = qTk

∥q∥∥k∥ is the normalized dot product
measure of the similarity between q and k, and τ represents
the learning temperature. In specific, we use the contrastive
learning strategy to maximize the similarity between the
query vector q = fθ(s

Ω+

t ) and the positive key k+ =

fθ(s
Ω+

t ), while minimizing the similarities between the query
and the representations of the next states of all other samples.

Instead of aligning concepts in the latent space, this
approach constrains the latent representation to retain only
task-relevant visual features. This means that the latent space
is not directly interpretable at this step for robot control; the
mask mΩ+

predict only provides a means to visualize the agent’s
focus during inference in OOD scenarios.

C. Spatial Concept Alignment

Let cspatial ∈ Cspatial denote the Cartesian coordinates of
important objects in the environment. The actor network,
ϕθ, is formulated as a bottleneck projector ζθ : Z → F
to compress the latent representation into feature space F ,
and a decision maker Υθ : F → A that decides the action
distribution. Mathematically:

ρt = ζθ(z
∗
t ), at ← Υθ(ρt). (8)

Unlike CBMs, where the feature space F is explicitly
aligned with the concept space Cspatial, we contend that the
spatial concept space is not inherently structured to support
efficient network optimization. While features normalized by
LayerNorm are uniformly distributed in the feature space,
thus facilitating gradient descent during training [46], spatial
coordinates rarely exhibit such properties. For instance, when
the robot picks the cube, the cube’s coordinates should
remain unchanged until it is grasped, and the gripper’s dis-
placements vary across spatial directions. In brief, aligning
two spaces with such disparate characteristics introduces
unnecessary training complexity and degrades performance.

From Eq. 8, we introduce an auxiliary concept predictor
Ψθ : F → Cspatial to convert features into Cartesian coordi-
nates to improve the learning efficiency for both concept
learning and reward training. The output of the concept
predictor, cspatial

predict is aligned with the spatial coordinates cspatial
sim

stored in the replay buffer for each state, using mean squared
error (MSE) as the spatial loss, as follows:

cspatial
predict = Ψθ(ρt), (9a)

Lspatial = DMSE(c
spatial
predict, c

spatial
sim ). (9b)

The spatial loss Lspatial in Eq. 9b incentivizes the bottleneck
projector ζθ to produce the features ρ containing spatial infor-
mation to predict the accurate spatial coordinates, focusing
on the right features for generalization. As the critic network
Qθ is used to evaluate the action produced by the actor,
we did not apply the spatial concept alignment, allowing
the critic to look at multiple aspects of the environment. In
addition, to stabilize the critic learning under augmentation,
we adopt SVEA [4] framework to isolate the augmented and
unaugmented data streams as a linear combination of two
Bellman Residuals (Eq. 1) of sΩ

+

t and sΩ
+

t :

LQ = αR2(sΩ
+

t , at, rt, s
Ω+

t+1) + βR2(sΩ
+

t , at, rt, s
Ω+

t+1),
(10)

where α and β are the coefficients to balance the ratio of the
two data streams. The critic target network Qtgt

θ is updated



by an exponential moving average from Qθ, avoiding the
critic updates toward the moving target. We summarize the
concept guided training in Alg. 1 and illustrate it in Fig. 2.

V. EVALUATIONS & ABLATION ANALYSES

A. Baselines & Experiment Setup

1) Baselines & Environments: To validate our proposed
method’s performance, we conduct experiments on eleven
tasks in robosuite [24] at three generalization levels from
the RL-ViGen benchmark [25] (Fig. 3) on the Franka Emika
robot. We compare CGGT’s performance against state-of-
the-art baselines, all with the backbone of DrQv2 [28]:

• SVEA [4]: a stabilized actor-critic framework with data
augmentation.

• SGQN [8]: a framework that leverages salient maps to
train agents to focus only on important locations.

• MaDi [18]: a method that applies masks on visual
inputs to reduce the effect of distractions, improving
the generalization of the trained agent.

• Maniwhere [10]: the most recent state-of-the-art method
for visual RL in generalization.

train easy medium hard

Fig. 3: Training (train) and Evaluation Environments: easy
includes changes of the background and object appearances, while
medium alters light direction and arm color, and hard adds a
more complex texture and overlay as visual disturbances.

Besides train, each evaluation mode (Fig. 3) consists
of ten scenarios with distinct and visual changes across the
evaluated tasks. Throughout our experiments, we run ten
episodes on three random seeds for each scenario.

TABLE I: Training Specifications: Number of robot arms,
frozen/trained DoFs, and training steps in eleven evaluated tasks.

Task
Settings No. of

Arms
Frozen
DoFs

Trained
DoFs

Training
Steps

Lift 1 3 4 1e6
Door 1 0 7 1e6

TwoArmPegInHole 2 0 14 1e6

Stack 1 3 4 3e6
NutAssemblyRound 1 3 4 3e6
NutAssemblySquare 1 3 4 3e6

PickPlaceCan 1 3 4 3e6
PickPlaceBread 1 3 4 3e6
PickPlaceCereal 1 3 4 3e6
PickPlaceMilk 1 3 4 3e6
TwoArmLift 2 4 10 3e6

2) Experiment Setup: We utilize RGB-D observations of
size (84, 84, 4) as input for all models. The RGB input is aug-
mented with random shift [47], random overlay [5],
and random color jitter [48]. For the depth input, we
add Gaussian noise N (0, 0.005) and depth-dependent noise
N (0,depth scale) with Gaussian blur to mimic realistic

depth images. Specifically, we train 1, 000, 000 steps for sim-
ple tasks, such as Lift, Door, and TwoArmPegInHole,
and for 3, 000, 000 steps for the remaining challenging tasks.
The training specifications are outlined in Tab. I. Note that for
some tasks, we lock unnecessary robot degrees of freedom
(DoFs) to promote training efficiency.

TABLE II: Generalization Results: Episode returns (µ, σ) on
eleven evaluated robosuite tasks in the RL-Vigen benchmark.

Mode SVEA
[4]

SGQN
[8]

MaDi
[18]

ManiWhere
[10]

CGGT
(Ours)

train 301.46
± 9.84

308.63
± 14.21

312.13
± 28.81

314.38
± 8.66

310.25
± 11.97

easy 108.44
± 68.43

153.87
± 81.68

149.13
± 73.29

182.29
± 64.37

263.33
± 66.61

medium 40.19
± 23.85

42.28
± 25.50

48.86
± 18.42

135.91
± 77.53

219.99
± 94.89

hard 18.47
± 11.67

12.53
± 19.91

16.86
± 10.24

108.77
± 68.11

202.85
± 99.31

B. Generalization Results

As shown in Tab. II, our proposed framework consistently
outperforms all baselines across modes of evaluations. SVEA
achieves only 35.82% of its training performance on average,
while SGQN, MaDi, and ManiWhere lose nearly half of their
returns. For example, SGQN drops from 308.63 ± 14.21 in
training to 153.87 ± 81.68 in the easy setting, MaDi falls
from 312.13± 28.81 to 149.13± 73.29, and Maniwhere de-
clines from 314.38±8.66 to 182.29±64.37. The performance
gap becomes more noticeable in medium and hard settings,
where all baselines show substantial degradation, whereas
CGGT maintains returns of 263.33± 66.61 in easy mode,
219.99 ± 94.89 in medium mode, and 202.85 ± 99.32 in
hard mode, showing its strong generalization capabilities.

TABLE III: Concept-Pruning Results: Average episode returns
(µ, σ) in concept settings across evaluated robosuite tasks.

Setting
Mode

train easy medium hard

cvis
− , cspa 269.08

± 35.14
177.06
± 64.18

163.86
± 75.23

147.47
± 79.12

cvis
+ , cspa 309.51

± 17.63
161.90
± 70.69

130.63
± 77.67

119.61
± 66.95

cvis
∗ , cspa

−
283.58
± 28.16

199.54
± 48.42

40.89
± 58.97

30.61
± 68.44

cvis
∗ , cspa

+
312.51
± 10.63

188.06
± 64.15

168.50
± 80.68

144.53
± 68.97

Ours
(
cvis
∗ , c

spa
∗

) 310.25
± 11.97

263.33
± 66.61

219.99
± 94.89

202.85
± 99.31

C. Concept Pruning

We prune the task-specific visual and spatial concepts
(cvis and cspa) to identify the optimal set and examine the
effectiveness of these concepts in terms of generalization.
We found that for each task, the gripper end effector, along
with the gripper finger, is crucial, as are the important objects
related to the task, such as the cube, peg, or pot. Starting from
the optimal sets

(
cvis
∗ , cspa

∗
)
, we add more features (e.g. robot

base) to form the redundant sets
(
cvis
+ , cspa

+

)
or remove some



(a) Lift the cube 
successfully

Robot s End-Effector 

(b) Grasp at the wrong positions
(high-above or low-below the actual cubes)

Robot s Grippers Small Cube Big Cube

Fig. 4: Interpretability of Downstream Manipulation Tasks:
Three scenarios, including both (a) success and (b) failure cases,
is inspected with spatial concepts predicted by CGGT.

of the features (e.g. gripper finger) to create the inadequate
sets

(
cvis
− , cspa

−
)
. As shown in Tab. III, both redundant and

inadequate concept sets degrade generalization. For exam-
ple, using cvis

− with optimal spatial concepts reduces hard
mode performance from 202.85± 99.31 to 147.47± 79.12,
while cvis

+ decreases it further to 119.61 ± 66.95. Similarly,
removing key spatial concepts (cspa

− ) dramatically drops the
medium return to 40.89 ± 58.97. These results confirm
that the agent’s generalization critically depends on focusing
on relevant objects and extracting only the VIPR features.
Notably, inadequate sets also reduce training performance
due to the lack of essential information for task completion.

D. Interpretability

As aforementioned, concept predictions provide insights
into agent behavior to explain task failures. For instance, in
the cube-grasping task (Fig. 4), spatial concept predictions
reveal why certain attempts fail. In successful cases, such
as Fig. 4a, the gripper is correctly positioned, and all
object locations are accurately predicted. In contrast, failures
occur when the gripper is misaligned or spatial predictions
are inaccurate (Fig. 4b and Fig. 4c), preventing successful
lifts. We further quantify this relationship by correlating
spatial prediction errors with obtained rewards across tasks.
As shown in Fig. 5, higher prediction errors consistently
correspond to lower rewards, with an average correlation
of −0.613 ± 0.072 across eleven tasks, indicating a strong
negative correlation that highlights the critical role of spatial
alignment in improving OOD performance.

E. Ablation Studies

Next, we perform an ablation study to evaluate the im-
portance of each component in CGGT. Specifically, we
iteratively remove spatial alignment, visual alignment, con-
trastive learning, and masking from the CGGT framework.
As reported in Tab. IV, the absence of either visual or
spatial alignment results in a substantial drop in general-
ization performance, confirming their critical role in our

Fig. 5: Episode Returns vs. Concept Errors: The correlation
between episode returns and spatial prediction errors in Lift,
Stack, NutAssemblyRound, and NutAssemblySquare
tasks while being evaluated in all scenarios.

framework. For instance, removing visual alignment reduces
the average return in medium mode from 219.99±94.89 to
125.86± 55.23, while removing spatial alignment decreases
it further to 157.27±61.93. In addition, contrastive learning
contributes to more compact latent representations: without
it, the return in hard mode drops from 202.85 ± 99.31 to
only 42.48±23.94. Notably, removing the mask results in the
most degradation, where the medium performance collapses
to 10.25 ± 2.09 and hard to 11.39 ± 3.35. Nevertheless,
applying CBMs strictly with spatial alignment in the feature
space (F ← Cspatial) reduces performance in both training
and OOD evaluations, due to the discrepancy between the
two spaces mentioned in Sec. IV-C.

TABLE IV: Ablation Studies: Overall performance across eleven
robosuite tasks. Episode returns (µ, σ) are reported for each
evaluation mode among different ablations.

Ablation
Mode

train easy medium hard

Align spatial concept
with features

159.12
± 15.02

84.81
± 32.14

48.61
± 16.76

21.40
± 11.94

without masking 272.81
± 44.87

134.37
± 57.99

10.25
± 2.09

11.39
± 3.35

without contrastive
learning

292.84
± 57.50

166.04
± 88.96

56.85
± 39.44

42.48
± 23.94

without visual
concept alignment

228.43
± 21.77

174.43
± 21.77

125.86
± 55.23

111.64
± 68.97

without spatial
concept alignment

289.43
± 55.18

206.93
± 47.70

157.27
± 61.93

139.86
± 70.63

Full of CGGT
(Ours)

310.25
± 11.97

263.33
± 66.61

219.99
± 94.89

202.85
± 99.31

VI. REAL-ROBOT EXPERIMENTS

A. Experiment Set-Up

We deploy the trained CGGT model with simula-
tion scenarios across four different tasks: Lift, Stack,



(a) Lift (b) Stack (c) NutAssemblyRound (d) NutAssemblySquare

Fig. 6: Real-Robot Demonstrations: Experiment set-ups of different tasks in real-world settings, including (a) Lift tasks, (b) Stack
tasks, (c) NutAssemblyRound tasks, and (d) NutAssemblySquare tasks. In each task, we also test the model’s robustness and
generalization with objects of different colors and layouts. The RGB images and corresponding masked observations are shown, respectively.

NutAssemblyRound, and NutAssemblySquare. The
input of RGB-D observations from the Intel RealSense D435i
RGB-D camera is pre-processed and streamed to a Robot
Operating System (ROS2) node with the same settings as
we used in simulation. To mitigate the depth noises, we
apply the spatial, temporal, and hole-filling filters provided
by realsense-ros. A ROS2 wrapper is developed for the
RL model to publish action commands, while the franky
library provides a control interface that subscribes to these
actions and executes them asynchronously. For each task,
objects of different colors are 3D-printed to construct five
scenarios, as shown in Fig. 6, and each algorithm is tested
five times per scenario.

TABLE V: Real-Robot Evaluations: Success rates (%) across four
evaluated tasks on the Franka Emika robot with real-world objects.

Model
Task

Lift Stack NutRound NutSquare

ManiWhere [10] 28.00% 8.00% 0.00% 0.00%

CGGT 48.00% 20.00% 12.00% 16.00%

B. Evaluations on Real-Robot Experiments

As shown in Fig. 6, the masked views at the lower-right
corners of each tested task well-capture key visual concepts,
such as the gripper, cubes, pegs, and nuts. Tab. V reports
the performance of the tested algorithms in the sim-to-real
manner, and CGGT outperforms ManiWhere across all four
tasks. However, the overall performance remains consider-
ably below that achieved in simulation-based experiments
since the model lacks knowledge of realistic robot–object
interactions in the simulated environments. Moreover, we
find that the simulation does not account for the built-in
collision detection and safety constraints presented in the
real Franka Emika manipulator.

C. Demonstration

Demonstration videos of evaluated tasks in both simulated
scenarios and real-world settings on the Franka Emika robot
are available in our supplementary materials.

VII. CONCLUSIONS

In this paper, we present CGGT, a generalizable and in-
terpretable framework for visuomotor RL through grounded
concept training. Specifically, CGGT leverages predefined
visual and spatial concepts to guide the agent’s attention
toward task-critical objects and extract visual perturbation-
invariant representations, thereby enhancing generalization
in OOD scenarios and improving task completion. Our ex-
periments demonstrate that CGGT improves generalization,
interpretability, and real-world transfer across a range of
tasks in simulation environments with different levels of
generalization. Concept pruning and ablation studies further
highlight the critical role of visual and spatial alignments
in achieving these benefits. Through this, we deploy our
proposed method on the Franka Emika manipulator with real-
world objects, showcasing its generalization to real-world
scenarios. These empirical results show that concepts in both
visual and spatial domains highly benefit the performance of
robot systems in both simulated and real-world settings.
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