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Figure 1. Conventional navigation methods typically prioritize reaching a target location but do not account for constraints affecting
manipulation feasibility. Left: Position A prioritizes proximity but is obstructed by chairs, preventing stable execution. Middle: Position
B places the robot in a spacious and stable area for operation but beyond its effective reach. Right: Our approach, leveraging navigation
affordance grounding, identifies Position C as the optimal stance, ensuring both reachability and task feasibility.

Abstract grasp target objects amidst clutter. Using a fully automated

pipeline, we simulate diverse real-world scenarios and gen-

In mobile manipulation, navigation and manipulation erate affordance labels for optimal manipulation positions.
are often treated as separate problems, resulting in a sig- Visual data are collected from RGB-D inputs captured by a
nificant gap between merely approaching an object and en- first-person view camera mounted on the robotic arm, en-
gaging with it effectively. Many navigation approaches pri- suring consistency in viewpoint during data collection. We
marily define success by proximity to the target, often over- also develop a lightweight baseline model, NavAff, for nav-
looking the necessity for optimal positioning that facilitates igation affordance grounding that demonstrates promising
subsequent manipulation. To address this, we introduce performance on the MoMa-Kitchen benchmark. Our ap-
MoMa-Kitchen, a benchmark dataset comprising over 100k proach enables models to learn affordance-based final po-
samples that provide training data for models to learn opti- sitioning that accommodates different arm types and plat-
mal final navigation positions for seamless transition to ma- Jorm heights, thereby paving the way for more robust and
nipulation. Our dataset includes affordance-grounded floor generalizable integration of navigation and manipulation in
labels collected from diverse kitchen environments, in which embodied Al. Project page: hiips://momakitchen.github.io/.

robotic mobile manipulators of different models attempt to
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1. Introduction

Most existing navigation algorithms define success in terms
of reaching a location near the target [40]. However, in
household environments, navigation is an intermediate step
preceding task-specific manipulation. As a result, such
navigation strategies are inadequate for mobile manipula-
tion tasks that requires precise end-effector positioning. In
practice, navigation and manipulation are tightly integrated.
For instance, when tasked with retrieving an object from a
kitchen counter, a robot typically navigates toward the tar-
get using conventional policies before attempting manipu-
lation. While existing navigation algorithms reliably guide
robots across rooms, they often fail in proximity to the tar-
get. The robot may stop beyond the manipulator’s reachable
workspace or be obstructed by spatial constraints, rendering
manipulation infeasible (as shown in Fig. 1). Additionally,
obstacles such as furniture, bins, or containers in cluttered
environments are seldom accounted for in existing naviga-
tion policies, further complicating the selection of feasible
grasping positions. As a result, reliance solely on these
navigation algorithms, without incorporating the demands
of manipulation, limits their efficacy in addressing complex
tasks in household settings.

This limitation highlights the disconnect between object
localization (navigation) and physical interaction (manip-
ulation) in mobile robotics. In particular, optimizing final
positioning in the “last mile” remains a fundamental chal-
lenge, yet existing datasets and benchmarks provide lim-
ited supervision for this aspect. While recent efforts have
employed large language models (LLMs) to assist in select-
ing optimal navigation positions, these approaches fall short
when transitioning to the manipulation phase [37, 79, 81].
Training-free LLMs struggle to accurately predict the re-
quirements of robotic arm interactions. Additionally, they
cannot dynamically adjust positioning strategies based on
different robotic arm models or base morphology [64, 80].

To bridge this gap, we introduce MoMa-Kitchen, a
large-scale benchmark with over 100k samples designed to
train models for affordance-grounded final positioning in
mobile manipulation tasks. Our dataset comprises 127,343
episodes spanning 569 diverse kitchen scenes, where each
episode involves predicting floor affordances that enable a
robot to approach a target while avoiding collisions with ob-
stacles. We collect large-scale floor affordance data by cre-
ating kitchen scenes with various layouts—in which target
objects are either randomly placed or selected from com-
mon appliances (e.g., refrigerators and cabinets) and ob-
stacles are strategically positioned to generate distinct sce-
narios. In the simulator, various mobile manipulators at-
tempt to grasp target objects from multiple positions, and
success rates are recorded to obtain ground truth affordance
labels for each floor position. The collected visual data,
consisting of RGB-D and point cloud inputs from a first-
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person view camera mounted on the robotic arm, along with
robot-related information, are subsequently used to train our
lightweight baseline model, NavAff, which identifies the
optimal floor affordance region for subsequent manipula-
tion. To enhance generalization, we employ various robotic
arms (e.g., Flexiv and Franka) and varied mobile bases dur-
ing grasping, enabling the model to learn that floor affor-
dance predictions depend on arm height and operational
range. This approach is intended to develop a model that
can be used on heterogeneous devices [52]. In summary,
our contributions are as follows:

* We propose MoMa-Kitchen, the first large-scale dataset
with over 100k samples that bridges the gap between nav-
igation and manipulation in mobile manipulation tasks by
enabling models to optimize final positioning near target
objects.

We develop a fully automated data collection pipeline —
including scene generation, affordance labeling, and ob-
ject placement — to simulate diverse real-world scenarios
and enhance model generalizability.

We design a lightweight baseline model, NavAff that em-
ploys RGB-D and point cloud inputs for navigation af-
fordance grounding, achieving promising results on the
MoMa-Kitchen benchmark.

2. Dataset Generation

Task Definition. MoMa-Kitchen focuses on determining
feasible final navigation positions that enable successful
manipulation in cluttered environments. Given RGB-D in-
puts from a first-person camera and robot-specific param-
eters (e.g., arm reach, base height), the goal is to produce
an affordance map over the floor. This map indicates where
the robot can position itself to reliably manipulate the tar-
get while accounting for obstacles, bridging navigation and
manipulation within a unified pipeline.

MoMa-Kitchen includes diverse kitchen environments
with multiple types of robotic mobile manipulators, first-
person view visual data, and navigation-specific affordance
ground truth. As illustrated in Fig. 2, we first construct
large-scale kitchen environments that contain different tar-
gets, obstacles, and furniture. Mobile manipulators are then
placed in these environments to obtain navigation affor-
dance labels through robotic manipulation. For each labeled
scene, we collect first-person view visual data from multi-
ple randomly sampled robot viewpoints, including RGB-D
images of the scene. The position of each viewpoint is also
recorded to generate and transform both the global and floor
point clouds. Additionally, floor-level affordance ground
truth is collected near the target.

2.1. Scene Setup

To construct diverse kitchen environments for affordance
annotation, we employ BestMan [66], a PyBullet-based
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Figure 2. Overview of scene setup and data generation pipeline.
Each scene features unique base furniture and layout, with ran-
domly placed obstacles surrounding the target object to enhance
scene complexity. Discrete navigation affordance values are col-
lected by moving the mobile manipulator and interacting with the
target objects in the scene. View transformation and Gaussian in-
terpolation are then applied to generate a dense affordance map,
along with corresponding RGBD data.

simulation platform that integrates assets from PartNet-
Mobility [7, 33, 63]. The generation process begins with
a rectangular kitchen layout, where common kitchen furni-
ture and appliances (e.g., sinks, cabinets, dishwashers, and
fridges) are procedurally arranged along one wall. To en-
sure scene diversity, we randomize both the placement or-
der of object categories and the specific instance selection
within each category. We further augment each scene with
both rigid and articulated objects as manipulation targets,
and introduce additional obstacles around them to increase
scene complexity. Once the scene assets are ready, we ran-
domly select a manipulator from various types and place it
into the scene to collect navigation affordance labels.

2.2. Visual Data Collection

To comprehensively capture the target and its surroundings
from the robot’s perspective, we sample ten distinct cam-
era poses [R¢|T¢] € R*** around each target. These view-
points are strategically selected to cover the target object,
its surrounding environment, and the floor. For viewpoint
selection, we alternate the positions to the left and right of
the target object, gradually increasing the distance from it.
After placing the robot at the selected position, we check
whether the target object is within the observation range.
If not, we randomly generate a new position. This process
continues until the target object is within the line of sight,
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at which point we stop and record the viewpoint. For each
camera pose, we collect RGB images I, depth maps D, and
floor point clouds Pgoor € R"*3, where n denotes the num-
ber of points in the point cloud.

2.3. Affordance Labeling

We gather mobile manipulators with various robotic arms to
collect floor-level navigation affordance ground truth data
for target objects. For each target object, we define the af-
fordance sampling area 7 as a semicircular region on the
floor, centered at the target’s position with a radius equal to
the maximum reach of the robotic arm. At each sampling
position p € &7, we place the robot base and initialize the
manipulator configuration, then align the end-effector ori-
entation R € SO(3) with the surface normal of either the
target object (for rigid objects) or its functional link (for
articulated objects). Here, SO(3) denotes the Special Or-
thogonal Group, representing the set of all rotation matrices
that describe rotations in three-dimensional space.

For each configuration (p, R), we attempt a manipulation
and record a binary affordance outcome v, € 0, 1 at position
p. Success is determined by the outcome of the manipula-
tion attempt: for robots equipped with two-finger parallel
grippers (e.g., Panda, Flexiv, and xArm6), success is de-
fined by a successful grasp of the target object; for the robot
employing a suction-based end-effector (e.g., URS5e), suc-
cess is determined by a valid suction-and-move action. To
associate these affordance values with the previously col-
lected floor point cloud Pgoor, we first transform v, from
the world coordinate system to the robot base frame. This
transformation yields v, through:

ey

where Ty, and T,, € R** are the transformations from
the camera to the base and from the world to the camera,
respectively. We then match each transformed affordance
value v, to its nearest neighbor in Ppoo,. This association
process can be formally expressed as:

Vpb = TbcTcvaa

Vpb if minp@zf ”p_pj” < 67ij € Piigors

0 otherwise,

Vit (pj )= {
2
where 0 is a distance threshold. This yields sparse affor-
dance values V5 € R"*!. To produce dense and continuous
floor-level affordance maps, we employ Gaussian interpola-
tion with k-nearest neighbors. This process produces inter-
polated affordance values Ve = {9; € [0,1] | i = 1,...,n}
through the following formulation:

Th_ iy,
k
Y wij

A

Vi =

3)

where the Gaussian weights w;; are computed as follows.

), Vi, j

_ lpi—pjl?
202

Wij = exp ( “4)
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Figure 3. (a) Robot arms used in MoMa-Kitchen. The end-effectors of the Panda, Flexiv, Elephant, Realman and xArm6 robots are
grippers, while the end-effector of the URS5e is a suction cup. (b) Object categories utilized in MoMa-Kitchen. Each category consists
of multiple object instances. Rigid and articulated objects serve as manipulation targets, while obstacle objects are strategically placed
around the target to enhance scene complexity. (c) Examples of affordance maps in MoMa-Kitchen. Discrete affordance values are
first collected (left) by moving the mobile manipulator and allowing it to interact with the target. Gaussian interpolation is then applied to

obtain a smooth affordance map (right).

Here, ||p; — pjl| is the Euclidean distance between the in-
terpolation target p; and the sparse point p;, ¢ controls the
width of the Gaussian kernel, and s; is the affordance value
at p;. This weighting scheme ensures that points closer to
pi have a larger influence, resulting in a smooth, continu-
ous affordance map that captures the spatial distribution of
potential manipulation outcomes.

2.4. Generated Dataset Statistics

As summarized in Table 1, MoMa-Kitchen spans 569
kitchen scenes, each with procedural variations in ob-
jects and obstacles. These configurations yield over 127k
episodes, each capturing an RGB-D view and the re-
sulting affordance map. Six robot arms (Flexiv, Panda,
UR5e, xArm6, Realman, Elephant) are deployed to en-
sure diverse reachability constraints and end-effector types.
(see Fig. 3(a)) The dataset covers 137 kitchen-relevant as-
sets (65 rigid, 48 articulated, and 24 obstacle types), provid-
ing a broad spectrum of layouts and manipulation targets.
(see Fig. 3(b)) (Details in Supp.) During data collection,
each configuration is labeled via discrete success/failure
outcomes for different robot placements. These discrete la-
bels are then interpolated to produce dense affordance maps
(see Fig. 3(c)). Collectively, MoMa-Kitchen provides large-
scale supervision for end-to-end training of navigation-to-
manipulation models that generalize across varying hard-
ware and scene complexity.

3. Baseline Model

In this section, we introduce our baseline model, NavAff,
which is designed for optimal manipulation positioning and
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Table 1. Dataset Split Statistics.

Split Scenes  Configurations  Episodes
Train 456 11,408 102,687
Test (Unseen Scenes) 113 2,747 24,656

obstacle interaction in complex mobile manipulation tasks.
As shown in Fig. 4, Our baseline method consists of two
main components: Visual Alignment Module (VAM) and
Navigation Affordance Grounding Module (NAG). This
two-part structure is designed to process visual and spatial
information sequentially, facilitating effective affordance
prediction for mobile manipulation tasks.

3.1. Visual Alignment

VAM extracts and projects features of target object T
and obstacles {01,03,...,0,} onto the global point cloud
Poiopar € R3*Nsiobal | to ensure accurate 3D representation of
them. As illustrated in Fig. 4(a), VAM processes an image
I € R¥>*W captured by the robot’s camera along with its
corresponding depth D € R”*W | extracting target and ob-
stacle masks using BestMan[66], where H,W denotes the
height and width of the camera observation. The global
point cloud Py, is then generated via inverse projec-
tion. To enhance feature representation, we leverage Point-
Net++ [34], which supports additional feature channels in
the point cloud input. Pixels from the target mask are pro-
jected into the 3D space to form a rarget channel, with val-
ues at target locations set to 1, while obstacle mask pix-
els create an obstacle channel, assigned related values of
-1 [18]. This process enriches the global point cloud by
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Figure 4. NavAff Baseline. (a) Visual Alignment Module: Projects object masks to align 2D visual features with 3D spatial representa-
tions. (b) Navigation Affordance Grounding Module: Fuses global point cloud, floor point cloud, and robot-specific features to predict

navigation affordance maps.

embedding 2D visual cues (e.g., target and obstacle fea-
tures) into the 3D spatial structure. The resulting feature-
enhanced point cloud I_’globa; serves as input for the next
stage, aligning visual perception with spatial information
for improved downstream processing.

3.2. Navigation Affordance Grounding

NAG uses the robot’s relevant information and the visu-
ally aligned global point cloud to interact with the refer-
ence floor, generating a robot-specific affordance predic-
tion for optimal positioning. As illustrated in Fig. 4(b),
NAG takes as input the feature-enhanced global point cloud
l_)global from VAM, the floor point cloud Py, and the
robot-related information R;. To extract features from
the point cloud data, PointNet++ processes I_’gl(,ha[ and
Pyi0r, yielding feature representations F., and F).r, re-
spectively. These features are then tokenized using a multi-
layer perceptron (MLP) in preparation for multi-head cross-
attention [48]:

®)
(6)

Fng = Tokenizer(chg) )

F pef = Tokenizer(ch f) )

where I_?'pcg € Rstovar *dim gpd I_?pC reRY loor X dim

For the mobile manipulator, R; encodes the base plat-
form height and the operational radius of the robotic arm.
This information is also processed by an MLP to produce
the robot-specific tokens F,, which are then concatenated
with chg, forming a combined key and value for cross-
attention fusion with F,.r. The process is defined as fol-
lows:

F, = Tokenizer(MLP(R;)) (7)
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Fout = MCA(FpCfWLp [Fng; Fr]Wk, [FITCX7FF]WV) (8)

where F, € Rioborxdim |~ c R fioordim - Rinally, F,, is
passed through a decoder f; to predict the navigation affor-
dance grounding P,,;.

3.3. Loss Function

Following standard practices in affordance grounding, we
utilize the mean squared error (MSE) loss as the primary
objective function to align the model’s predictions P,,; with
the ground truth affordance labels Pj,,.;. In our experi-
ments, we observed that zero-valued elements constitute
a large proportion of the ground truth floor affordance la-
bels, leading to an imbalance between zero-valued elements
and those with non-zero values. To address this issue, we
apply a weighted mask to perform a weighted average on
the MSE loss (Weighted MSE). The Weighted MSE loss is
computed by adjusting the weight for zero-valued elements
in the ground truth. Specifically, for elements in the ground
truth that are zero, we apply a weight of A with a probabil-
ity of 0.5, while other elements are assigned a weight of 1.
This ensures the model places adequate emphasis on non-
zero affordance areas. The formula for the Weighted MSE
loss is as follows:

1 N
LNeight MSE = N Y Wi (Poui— Plaveri)’ )
i=1
where
W, = A if Plabe{ﬂ- = 0 and with prob. 0.5 (10)
1 otherwise.



Table 2. Main results. Quantitative evaluation of navigation af-
fordance grounding performance of NavAff.

Method RMSE | logMSE| PCCt SIM 1
PointNet++ [34]  0.164 00142 0565 0.589
VoteNet [35] 0.167 0.0143 0543  0.570
H3DNet [76] 0.174 0.0156 0503  0.522
NavAff 0.147 0.0115  0.680  0.696

Here, N represents the total number of elements, W; is the
weight applied to each element based on the correspond-
ing floor ground truth, and A € (0,1) is a hyperparameter
that assigns a reduced weight to samples with a zero ground
truth value, applied with a probability of 0.5.

4. Experiments

In this section, we benchmark NavAff on the MoMa-
Kitchen. We introduce baseline results for NavAff, conduct
a comprehensive performance analysis across both simu-
lated and real-world environments, and identify emerging
challenges in complex mobile manipulation scenarios that
are uniquely highlighted through our benchmark.

4.1. Experimental Settings

Given that this is a newly proposed task, no existing meth-
ods provide a direct basis for comparison. To establish an
evaluation, we adapt three well-established models from
point cloud learning: PointNet++[34], VoteNet [35], and
H3DNet [76]. Specifically, PointNet++ serves as a founda-
tional backbone model widely used in point cloud process-
ing tasks; VoteNet and H3DNet, both originally designed
for 3D object detection, are suited for adaptation to naviga-
tion affordance grounding on our benchmark. By leverag-
ing these models, we aim to establish strong baselines and
gain insights into how existing point cloud techniques per-
form when applied to this new challenge.

For evaluation, we employ standard and diversity met-
rics tailored for the MoMa-Kitchen benchmark. Each
metric provides a distinct perspective on navigation affor-
dance grounding performance: Root Mean Squared Error
(RMSE), facilitating understanding the magnitude of pre-
diction error; Logarithmic Mean Squared Error (logMSE)
focuses more on relative differences rather than absolute
differences; Pearson Correlation Coefficient (PCC) help-
ing to gauge the model’s ability to maintain consistent pat-
terns with the ground truth data across various affordance
regions; Cosine Similarity (SIM) compares the structural
or shape similarity between predicted and ground truth.

All the above experiments are trained on a single
NVIDIA A100 GPU with a batch size of 64, using the
Adam optimizer with a learning rate of 8e-4. Further ex-
perimental details are available in the Appendix.
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Table 3. Manipulation Success Rate (MSR).

MSR Random H3DNet VoteNet PointNet++ NavAff
Topl 0.080 0.54 0.56 0.60 0.72
Top5 0.046 0.47 0.53 0.58 0.66

4.2. Quantitative Analysis

4.2.1. Main Results

Tab. 2 reports the metrics of the proposed method NavAff
compared with other methods on the MoMa-Kitchen
benchmark. The results highlight that NavAff achieves
superior performance in navigation affordance grounding,
outperforming transferred methods across all evaluated
metrics. Specifically, NavAff achieves an RMSE of 0.147
and a logMSE of 0.0115, demonstrating a marked improve-
ment in prediction accuracy compared to the second-best
method, PointNet++. In terms of correlation and similarity
measures, NavAff achieves the highest scores with a PCC of
0.680 and SIM of 0.696, highlighting its robustness in cap-
turing affordance patterns even in cluttered environments.
Notably, VoteNet and H3DNet fall short of NavAftf’s accu-
racy and consistency across the various metrics, showcasing
the effectiveness of our approach.

For further analysis, while VoteNet and H3DNet are ef-
fective in point cloud detection and proposal classification
tasks, they are less suited to the fine-grained requirements of
navigation affordance grounding, resulting in slightly lower
performance. All methods are trained for the same num-
ber of epochs, but H3DNet converges more slowly due to
its larger parameter count. Consequently, within the same
training duration, H3DNet demonstrates the weakest per-
formance. These findings suggest that a lightweight model
capable of fine-grained feature prediction may achieve su-
perior results on our MoMa-Kitchen benchmark.

4.2.2. Manipulation Success Rate

To more intuitively demonstrate the improvement of our
method and benchmark its performance in mobile manip-
ulation, we introduce the manipulation success rate (MSR)
(See Tab. 3). The Topl MSR refers to moving the robot to
the location with the highest affordance score and record-
ing the MSR in the test scenes. The Top5 MSR refers to
recording the average MSR across the top 5 locations.

As quantitatively shown in Tab. 3 using the MSR met-
ric, our navigation affordance prediction paradigm shows
significant practical advantages. A comparison between
the “Random” baseline and other methods reveals that
approaches trained on MoMa-Kitchen benchmark signif-
icantly outperform those relying on randomly sampled
points within the robot’s operational radius, thereby vali-
dating the effectiveness of our benchmark. Among all the
trained methods, NavAff sets a new state-of-the-art per-
formance, achieving an impressive Topl MSR of 72%
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Figure 5. Qualitative comparison of navigation affordance between all methods and ground truth. Blue to red regions indicate
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and Top5 MSR of 66%. Notably, when expanding the
candidate point selection from Topl to Top5, the model
demonstrates strong generalization with minimal perfor-
mance degradation, suggesting its robust adaptability to
varying operational conditions.

Additionally, by comparing the MSR values of all
models, we observe a strong positive correlation between
MSR and the accuracy of navigation affordance prediction
(see Tab. 2 and Tab. 3), indicating that accurate navigation
affordance prediction indeed contributes to higher manipu-
lation success rates in mobile manipulation tasks.

4.3. Qualitative Results

We show the qualitative results of NavAff and compared
methods for navigation affordance grounding in Fig. 5. As
illustrated, our model successfully predicts floor-level af-
fordance maps that closely align with the ground truth pat-
terns. The visualization clearly reveals distinct void regions
in both predicted and ground truth maps, which correspond
to areas occupied by obstacles, effectively demonstrating
our model’s ability to recognize spatial constraints. Com-
pared to other methods, NavAff exhibits a more accurate
representation of these void regions, indicating its supe-
rior capability in handling complex spatial relationships and
navigating cluttered environments.

4.4. Ablation Study

To understand the impact of each module in our proposed
NavAff model, we conduct an ablation study on the MoMa-
Kitchen benchmark. Tab. 4 shows the results of this study,
where we assess the model variations by excluding robot
information, the Visual Alignment Module (VAM), and the
global point cloud. Below, we analyze the role and impact
of each component in detail.
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Table 4. Ablation study results of NavAff.

‘ RMSE | logMSE| PCCt SIM?T
NavAff 0.147 0.0115 0.680  0.696
w/o robot information 0.148 0.0115 0.670  0.688
w/o VAM 0.165 0.0140 0.562  0.589
w/o global point cloud 0.168 0.0144 0.534  0.568

w/o robot information. Removing robot-specific param-
eters (e.g., base height and arm reach) leads to moder-
ate performance degradation, particularly in RMSE and
logMSE. The limited impact may be attributed to the
simplified representation of robot information in NavAff,
which only considers two parameters. For instance, only
xArmo6 has a unique base height, while other platforms
share identical base configurations.

w/o VAM. Excluding the Visual Alignment Module sig-
nificantly reduces performance, particularly in PCC and
SIM metrics, underscoring the importance of integrating
2D visual cues for accurate navigation affordance predic-
tion. This demonstrates that aligning visual data with spa-
tial information is essential for accurate and robust navi-
gation affordance grounding.

w/o global point cloud. Without the global point cloud,
the model’s performance drops across all metrics, with
the largest degradation in PCC. This indicates that global
spatial context is crucial for capturing the layout of ob-
jects and obstacles in the scene.

4.5. Real World Application

As shown in Fig. 6, we validate our method by conduct-
ing experiments in a real-world setting. A D435i camera
is mounted on the head of a mobile manipulator to cap-
ture data. Using Grounded-Sam [39], we obtain open-
vocabulary object masks, while Depth Anything v2 [68]
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provided the depth images. We generate the global point
cloud through back projection and segmented the object’s
local point cloud based on the mask. Then, we apply our
model—trained on simulation data—to predict navigation
affordances on the floor.

The prediction results, shown in Fig. 6, demonstrate that
our model performs well in real-world scenarios, validating
the strong generalization capability of our benchmark. This
success highlights the robustness of our method, which was
specifically designed to minimize the visual gap between
simulation and reality. By addressing this challenge, our
model can effectively adapt to real-world settings, showing
that our approach is not only effective in controlled environ-
ments but also highly reliable in real-world situations.

5. Related Work

Mobile Manipulation. Such tasks have been extensively
studied by researchers in both simulated and real-world
settings [14, 15, 32, 41, 42, 59, 60, 70]. More recently,
approaches that integrate visual and linguistic information
have emerged as promising methods for achieving unified
reasoning in mobile manipulation [29, 37, 50, 69, 78]. How-
ever, most existing methods still lack the versatility re-
quired to seamlessly combine coarse and fine motions for
both navigation and manipulation. Prior mobile manipula-
tion approaches often assume obstacle-free or easily nav-
igable environments. While interactive navigation tech-
niques [62] attempt to tackle scenarios in which obstacles
must be moved or manipulated—such as shifting boxes or
pressing buttons—they typically rely solely on geometric
reasoning [24, 43,47, 53, 55, 72]. In contrast, our proposed
benchmark is specifically designed to address these limita-
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tions by integrating both semantic and geometric reasoning
for optimal positioning and manipulation. This benchmark
provides a robust and cohesive foundation for advancing
mobile manipulation tasks in complex environments.

Embodied Dataset. In recent years, large-scale embod-
ied datasets have become essential for advancing both nav-
igation and manipulation tasks in robotics. On navigation,
several datasets have been proposed to tackle challenges in
object-goal navigation [6, 21, 38, 61], rearrangement [4, 31,
57], vision-language navigation [3, 22, 23, 36], and question
answering [9, 10, 58, 71, 75]. In contrast, manipulation-
focused works leverage large-scale proprioceptive and vi-
sual data (e.g., RGB images or 3D point clouds) to simulate
real-world dexterous hand operations [28, 30, 49, 54, 65],
while other datasets provide object affordance labels to fa-
cilitate interaction learning [5, 8, 13, 16, 19, 44, 67, 73].
In parallel to simulation-based approaches, several real-
world datasets have emerged to address the gap between
simulated and physical environments. Like FastUMI [77]
propose a scalable hardware-independent robotic manipu-
lation data collection system. More recently, research has
increasingly focused on integrating manipulation capabil-
ities with navigation for everyday tasks. Recent frame-
works like BEHAVIOR Robot Suite [20] enable whole-
body manipulation with bimanual coordination in house-
hold environments, while AgiBot World Colosseo [1] offers
over one million trajectories across 217 tasks. Moreover,
some approaches use vision-language models or procedu-
ral methods to autonomously generate scalable language
annotations in simulated environments [2, 11, 12, 17, 25—
27, 45, 46, 51, 56, 74]. Despite these advances, naviga-
tion datasets often offer rich spatial information yet lack
guidance for optimal positioning during subsequent manip-
ulation, whereas manipulation datasets—despite providing
valuable interaction data—do not fully capture the com-
plexities of achieving optimal grasping positions via nav-
igation.

6. Conclusion

Our work addresses the “last mile” challenge in mobile ma-
nipulation by introducing MoMa-Kitchen, the first large-
scale dataset (127k+ episodes across 569 kitchen scenes)
featuring comprehensive, high-quality ground truth affor-
dance maps to guide optimal positioning for manipulation
tasks. We resolve the navigation-manipulation disconnect
through automated cross-platform data collection and a uni-
fied framework compatible with diverse robotic systems,
ensuring generalizability. Experimental results demonstrate
that our baseline model NavAff achieves robust affordance
prediction, validating the approach’s efficacy. This dataset
and methodology not only advance integrated navigation-
manipulation systems for real-world deployment.
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