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Affordance RAG: Hierarchical Multimodal Retrieval
with Affordance-Aware Embodied Memory

for Mobile Manipulation
Ryosuke Korekata1,2,3, Quanting Xie3, Yonatan Bisk3, and Komei Sugiura1,2

Abstract—In this study, we address the problem of open-
vocabulary mobile manipulation, where a robot is required to
carry a wide range of objects to receptacles based on free-
form natural language instructions. This task is challenging, as
it involves understanding visual semantics and the affordance
of manipulation actions. To tackle these challenges, we propose
Affordance RAG, a zero-shot hierarchical multimodal retrieval
framework that constructs Affordance-Aware Embodied Memory
from pre-explored images. The model retrieves candidate targets
based on regional and visual semantics and reranks them with
affordance scores, allowing the robot to identify manipulation
options that are likely to be executable in real-world environ-
ments. Our method outperformed existing approaches in retrieval
performance for mobile manipulation instruction in large-scale
indoor environments. Furthermore, in real-world experiments
where the robot performed mobile manipulation in indoor envi-
ronments based on free-form instructions, the proposed method
achieved a task success rate of 85%, outperforming existing
methods in both retrieval performance and overall task success.

Index Terms—Deep Learning Methods, Deep Learning for
Visual Perception

I. INTRODUCTION

AS robots are increasingly deployed in real-world human
environments, such as homes, hospitals, and warehouses,

there is a growing demand for systems that can understand and
execute flexible, language-driven instructions. The goal of our
work is open-vocabulary mobile manipulation (OVMM [1])
guided, where a robot is required to identify and interact
with objects and receptacles described in free-form language.
Given an instruction and a set of pre-explored environment
images, the robot must retrieve the appropriate target object
and receptacle, that it can successfully manipulate (e.g., pick
and place) in the real-world.

A typical use case of our target problem is a domestic ser-
vice robot instructed with a natural language instruction such
as “Please bring the paper towels to the kitchen counter.” To
execute this instruction, the robot must first identify the target
object and the receptacle from a set of previously observed
images of the environment. Furthermore, when multiple paper
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Fig. 1: Overview of Affordance RAG for open-vocabulary mobile
manipulation. The robot first constructs an embodied memory based
on images collected during pre-exploration of the environment. When
a free-form instruction is given, hierarchical multimodal retrieval is
performed over the embodied memory to identify the target object
and receptacle. To improve task success rates, candidates with higher
affordance scores are prioritized during retrieval.

towels are present in the environment, the robot is expected
to select the one with a higher grasping affordance. Similarly,
within the kitchen counter, it should prefer an area that is
uncluttered and more suitable for object placement. This task
is particularly challenging due to the need for open-vocabulary
grounding and affordance-aware reasoning.

A naive approach would involve directly applying a vision-
language model (VLM) to evaluate every candidate image
against the instruction. However, this becomes computation-
ally impractical in realistic settings, where hundreds of can-
didate views or object instances must be considered per
scene. Most existing approaches (e.g., [1]–[3]) and multimodal
retrieval methods (e.g., [4]–[7]), tend to misidentify visually
similar but semantically incorrect candidates (e.g., confusing a
lotion bottle with a water bottle). Crucially, these methods lack
affordance awareness – retrieving objects that are physically
non-manipulable, resulting in downstream execution failures.

To address the limitations, we propose Affordance RAG,
a hierarchical multimodal retrieval framework that integrates
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multi-level semantic representations with robotic affordance-
aware reasoning. Fig. 1 shows an overview of the proposed
method. The main difference between our method and prior
approaches lies in its hierarchical multimodal retrieval frame-
work that fuses regional and visual semantics, and its ability
to incorporate affordance-aware reasoning through affordance-
centric memory and reranking. While existing methods typi-
cally perform flat similarity matching, our method constructs
a structured Affordance-Aware Embodied Memory (Affor-
dance Mem) and refines multimodal retrieval through VLM-
based affordance estimation and large language model (LLM)-
guided object selection, enabling robust zero-shot mobile
manipulation. We introduce Affordance-Aware Reranking to
address a fundamental limitation in existing retrieval-based
approaches: their inability to distinguish between semantically
relevant candidates and those more suitable for execution.
Our Affordance-Aware Reranking module filters candidates
using VLM-predicted affordances and scores instance-level
descriptions with an LLM for relevance, followed by reranking
top candidates based on affordance scores to achieve both
linguistic consistency and suitability.

The key contributions of this work are three-fold:
• We propose Affordance RAG, a zero-shot hierarchical

multimodal retrieval framework that combines regional
and visual semantics via Multi-Level Fusion.

• We introduce Affordance Mem by using instance-level
Affordance Proposer based on VLMs via visual prompt-
ing to estimate robot affordances.

• We introduce Affordance-Aware Reranking that combines
affordance prefiltering with LLM-based descriptive in-
stance retrieval, and reranks candidates based on affor-
dance scores to achieve both linguistic relevance and
suitability.

II. RELATED WORK

A. Language-Guided Mobile Manipulation

Mobile manipulation tasks based on natural language in-
structions have been widely studied, with several real-world
benchmarks (e.g., [1]). While these benchmarks rely on
template-based instructions, our work addresses the more
challenging task of free-form, OVMM. The OVMM task
has been extensively studied in recent work [2], [3], [8].
Approaches that construct 3D scene graphs to represent the
environment have been proposed for mobile manipulation
tasks (e.g., [9]). Beyond this, scene graphs have also been
applied to embodied question answering (EQA [10], [11]),
navigation [12]–[14], task planning [15], and semantic map-
ping [16]. These approaches are constructed based on object
detection or semantic segmentation, but rely heavily on object
category labels, making them less suitable for the free-form
OVMM task considered in this work.

B. Multimodal Retrieval

Text-image retrieval using multimodal foundation models
has been extensively studied [4]–[7]. Recent work has actively
explored applying these models to robotics, where a robot is

given natural language instructions and retrieves target objects
from pre-explored environment images to execute manipu-
lation tasks [17]–[20]. In addition, several studies have ex-
plored applying the concept of retrieval-augmented generation
(RAG) to robotics, including approaches that construct real-
world environments as hierarchical embodied memories (e.g.,
Embodied-RAG [11], [14]). Embodied-RAG is closely related
to our work, but differs in that it focuses on what is visible
in the scene without explicitly considering robot affordances.
In contrast, our approach models high-level robot affordances
grounded in atomic actions. Affordance modeling for object
manipulation has been explored at different levels, including
predicting object functionality from 3D point clouds [21],
estimating contact points from images [22], and representing
affordances as high-level atomic actions [23], as in our work.

C. Foundation Models for Robotics
Foundation models as multimodal AI agents hold great

promise for a wide range of applications in scene understand-
ing and planning (e.g., [24]). A growing body of research has
explored applying LLMs and VLMs to robotic tasks [25]. For
example, LLMs and VLMs have been applied to commonsense
reasoning (e.g., [26]) and task planning [27]. Several prior
works [19], [28] enhance the reasoning capabilities of VLMs
by applying visual prompts to input images. In contrast,
our method uses visual prompting to generate object-centric
descriptions and predict robot-executable affordances from
observed images.

III. PROBLEM STATEMENT

In this study, we focus on the Multimodal Retrieval-guided
Mobile Manipulation (MRMM) task. In this task, given a natu-
ral language instruction, a robot performs mobile manipulation
by retrieving the images of the target object and the receptacle
from a set of environmental images. The target object and
the receptacle are identified based on the user’s selections
from the top-retrieved images. This task comprises two sub-
tasks: multimodal retrieval and action execution. During the
multimodal retrieval phase, it is expected that the images of
the target object and the receptacle are ranked highly in their
respective retrieved image lists. During the action execution
phase, the robot is expected to pick up the target object and
transport it to the designated receptacle. The input is defined

as x = {xinst, Ximg}, Ximg =
{
x
(j)
img

}Nimg

j=1
, where xinst and

x
(j)
img ∈ R3×W×H denote an instruction and an RGB image

with width W and height H , respectively. Here, Nimg denotes
the number of candidate images. The output consists of two
ranked lists of images corresponding to the target object and
the receptacle, respectively.

The terminology used in this paper is defined as follows:
The “target object” and “receptacle” are the everyday object
and the desired receptacle (piece of furniture), specified in
the instruction. We assume that images of the environment
have been collected through pre-exploration. This is a realistic
setting because mobile service robots are typically deployed
to perform tasks repeatedly in the same known environment
(e.g., [18], [19]).
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Fig. 2: Overview of the Affordance RAG framework. (a) The robot constructs Affordance-Aware Embodied Memory (Affordance Mem)
through pre-exploration. Affordance Mem is constructed from three components: Affordance Proposer, Multi-Level Representation, and Area
Summarizer. (b) Upon receiving an instruction, hierarchical multimodal retrieval is performed to identify both the target object and the
receptacle. This process consists of three stages: Recursive Top-Down Traversal, Multi-Level Fusion, and Affordance-Aware Reranking.

IV. PROPOSED METHOD

We propose Affordance RAG, a zero-shot hierarchical
multimodal retrieval framework for OVMM. Fig. 2 shows
the overview of the proposed method. To understand what
kind of robot affordances are executable in an environment,
we introduce Affordance-Aware Embodied Memory (Affor-
dance Mem), constructed from observed images through pre-
exploration, as shown in Fig 2 (a). Our method utilizes
Affordance Mem as a real-world database for RAG to identify
both the target object and the receptacle, as shown in Fig. 2
(b). While our primary focus is on OVMM, the proposed
Affordance Mem is considered to be broadly applicable to
other embodied reasoning tasks such as EQA [10], [29].

A. Affordance-Aware Embodied Memory

For robust OVMM, it is important to identify the most
suitable option in terms of robot affordance when multiple
valid candidates exist. However, existing embodied memories
(e.g., [11], [14]) and scene graphs (e.g., [9], [13]) focus solely
on what is present in the scene. To address this limitation, we
propose a hierarchical embodied memory that spans multiple
levels of nodes—from robot affordance, instance, view, zone,
and area to building—across levels 1 through N . As illustrated
in Fig. 2 (a), Affordance Mem is constructed sequentially in a
bottom-up manner by obtaining nodes through the following
three components: (1) Affordance Proposal, which predicts
instance-level affordances from visual observations; (2) Multi-
Level Representation, which obtains view-level regional and
visual semantics; and (3) Area Summarization, which aggre-
gates multi-view features to form regional nodes.

1) Affordance Proposer (Level 1-2): In this module, we
apply object-centric visual prompting to x

(j)
img and feed the

resulting image into VLMs (e.g., GPT-4o [30]), to extract

instance-level representations and robot affordances, which are
stored as levels 2 and 1 nodes, respectively. This enables the
extraction of descriptive instance-level expressions (e.g., “red
metal mug,” “antique wooden side table with vertical slats”)
that go beyond category-level nodes (e.g., “cup,” “table”)
typically constructed via object detection or semantic segmen-
tation [9], [13]. Specifically, we use SEEM [31] to generate
a segmentation mask for x

(j)
img, and feed both the original

image and a visual prompt image—where segmented regions
are overlaid with indexed numbers—into the VLM in parallel.
Although previous studies [19], [28] have proposed a similar
captioning enhancement approach, our work extends this idea
to affordance-aware memory construction. The output is a
set of instance-affordance triplets A(j) = {(ok, ak, fk)}Naf

k=1,
where ok, ak, fk, and Naf denote the instance representation,
the type of robot affordance, the affordance score, and the
number of such triplets, respectively. We focus on mobile
manipulation tasks and consider “pick” and “place” as the
primary robot affordances. However, as the Affordance Pro-
poser is a prompt-based module, it can be easily extended to
other atomic actions such as “open” and “close” without any
architectural modification.

2) Multi-Level Representation (Level 3): In this module,
we construct a Multi-Level Representation for x

(j)
img by ex-

plicitly combining two types of features—high-level regional
and low-level visual semantics—which are stored as a level 3
node. Specifically, the former refers to l

(3,j)
s ∈ Rdt , obtained

by embedding the image description generated by VLMs
using a text encoder (e.g., text-embedding-3-large [32]). The
latter, v(3,j) ∈ Rdm , is obtained using a text-aligned image
encoder from a multimodal foundation model (e.g., BEiT-
3 [7]). Here, dt and dm denote the dimensionality of the
respective embeddings. The fusion strategy for combining
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these features is detailed in Sec. IV-B2. The generated image
descriptions are also used in the Area Summarizer module to
perform hierarchical node aggregation.

3) Area Summarizer (Level N ): In this module, we apply
agglomerative clustering to generate level (i+1) nodes by ag-
gregating nodes at level i for i ≥ 3. Most existing multimodal
foundation models [4]–[7] handle each image independently
as a feature vector, making it challenging to capture out-of-
view contexts. However, in our target task, instructions often
contain referring expressions related to out-of-view objects
or room-level semantics (e.g., “... towel near the sink...,”
“... in the bedroom...”), which should be considered during
retrieval. Therefore, this module performs agglomerative clus-
tering based on both the physical and semantic distances
between nodes.

In this module, we repeat the following procedure recur-
sively up to level N : Initially, clustering is performed on the
basis of the Euclidean distance between node positions and
the cosine similarity between their textual descriptions in the
embedding space. Subsequently, for each cluster, we generate
a summary of the node descriptions using an LLM, and embed
the resulting text into l

(i+1,j)
s ∈ Rdt using the text encoder.

This hierarchical representation is expected to enable regional
and semantically grounded understanding of the environment
during retrieval.

B. Hierarchical Multimodal Retrieval

Fig. 2 (b) illustrates the procedure for performing hierarchi-
cal multimodal retrieval over Affordance Mem given a natural
language instruction. The hierarchical multimodal retrieval
process is performed sequentially in a top-down manner,
comprising the following three stages: (1) Recursive Top-
Down Traversal, which explores the hierarchical memory to
progressively narrow down candidate regions; (2) Multi-Level
Fusion, which ranks view-level nodes by integrating regional
and visual semantics; and (3) Affordance-Aware Reranking,
which refines the top-retrieved nodes by evaluating affordance.

1) Recursive Top-Down Traversal: In this module, we re-
cursively traverse the memory from level N down to level 3 by
selecting the top-Kb nodes at each level based on the similarity
score s(i,j) = sim(lt, l

(i,j)
s ), where sim(·, ·), lt ∈ Rdt , and

l
(i,j)
s ∈ Rdt denote cosine similarity, the text embedding of the

instruction, and the text embedding of the j-th node at level i,
respectively. This hierarchical traversal enables coarse-to-fine
filtering based on regional semantics such as areas and zones.
Moreover, this module selects appropriate nodes by embed-
ding similarity because previous approaches [11], [14], which
utilize LLM for selecting nodes, often struggle with global
selection from a large number of candidates, presenting a key
limitation. Since node embeddings can be precomputed and
stored during pre-exploration, this also enables faster inference
than those existing methods. As the output of this module,
a set of view-level (level 3) nodes S ⊆ {(v(3,j), l

(3,j)
s )} is

extracted.
2) Multi-Level Fusion : This module performs comple-

mentary multimodal retrieval using the high-level regional and

low-level visual semantics obtained from the Multi-Level Rep-
resentation. Specifically, for each element in S, we compute
the similarity score s

(3,j)
mlf as follows:

s
(3,j)
mlf = α · sim(lt, l

(3,j)
s ) + (1− α) · sim(lm,v

(3,j)),

where α ∈ [0, 1] and lm ∈ Rdm denote a weighting hyperpa-
rameter and a feature vector obtained from the text encoder
of a multimodal foundation model (e.g., BEiT-3), respectively.
This represents a weighted sum of regional semantics obtained
via hierarchical traversal and visual semantics derived from a
multimodal foundation model. Prior work has typically utilized
either the former (e.g., [11], [14]) or the latter (e.g., [4]–
[7]) in isolation. By fusing these regional semantics with
visual semantics, Multi-Level Fusion enables complementary
multimodal retrieval that considers both global contextual
consistency and fine-grained visual similarity.

3) Affordance-Aware Reranking: This module reranks
the top-Kr nodes in S—initially sorted by Multi-Level Fu-
sion—using {A(j)} from levels 1 and 2. The reranking process
consists of three steps: Affordance Prefiltering, Descriptive
Instance Retrieval, and Affordance Score Reranking (ASR). In
the first stage, we prefilter instance nodes based on robot af-
fordances: “pick” for target object image retrieval and “place”
for receptacle image retrieval. This allows the method to
narrow down candidates based on both object appearance and
functional perspective. In the second stage, we provide the
descriptive expressions generated by the Affordance Proposer
to an LLM, which scores the filtered instance nodes based
on their similarity to the instruction. While LLMs are less
effective at global retrieval, they excel at matching within
a small set of candidates, making this setting well-suited
to their strengths. In the third stage, the top-Kf instance
nodes are further refined by reranking them based on their
affordance scores. Finally, we perform fine-grained reranking
over the top-Kr view nodes by prioritizing those that contain
the instance nodes selected in this module. This hierarchical
multimodal retrieval process is executed separately for the
target object and the receptacle, resulting in ranked image lists
Ŷtarg and Ŷrec, respectively.

V. EXPERIMENTS

A. WholeHouse-MM Benchmark

We introduce the WholeHouse-MM benchmark, constructed
from the Matterport3D (MP3D [33]) dataset. In this task,
building-scale indoor environments with hundreds of images
and human-annotated (not generated) instructions for mobile
manipulation are required. Most existing benchmarks address-
ing open-vocabulary mobile manipulation either use template-
based instructions [1] or are not designed for building-scale
task execution [19], [20]. Therefore, we collected images
from MP3D, a standard dataset widely used for research on
navigation and scene understanding in indoor environments,
enabling the evaluation of multimodal retrieval at the building
scale. While [34], [35] also focus on referring expression
comprehension tasks in MP3D environments, they do not
handle mobile manipulation instructions. Thus, following [19],
[20], the WholeHouse-MM benchmark uses human-annotated
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TABLE I: Quantitative comparison between the proposed method and baseline methods on the WholeHouse-MM benchmark. The best and
second-best scores for each metric are indicated in bold and underline, respectively. “*” denotes reproduced results.

[%] Target Object Receptapcle Overall

Method R@5 ↑ R@10 ↑ R@20 ↑ R@5 ↑ R@10 ↑ R@20 ↑ R@5 ↑ R@10 ↑ R@20 ↑

CLIP [4] 15.7 24.2 33.6 6.2 11.7 21.7 10.9 18.0 27.7
Long-CLIP [5] 24.6 36.1 48.5 3.5 9.2 19.9 14.0 22.6 34.2
BLIP-2 [6] 30.2 40.7 48.0 5.2 10.3 19.9 17.7 25.5 34.0
BEiT-3 [7] 29.0 42.1 53.8 8.9 15.4 27.6 19.0 28.7 40.7

HomeRobot* [1] 5.9 10.2 12.9 1.7 3.9 8.4 3.8 7.0 10.7
NLMap* [17] 15.1 19.2 30.4 7.3 15.1 23.6 11.2 17.2 27.0
RelaX-Former [19] 17.9 26.5 37.7 8.8 19.8 28.4 13.3 23.2 33.0

Embodied-RAG [11] 15.1 18.5 22.8 6.7 11.3 14.4 10.9 14.9 18.6
Affordance RAG (ours) 32.8 49.9 61.7 14.8 24.3 30.2 23.8 37.1 45.9

instructions containing referring expressions collected via
crowdsourcing.

To collect images from each environment, we simulated
a pre-exploration phase in MP3D. Since MP3D provided a
map of the environment, we captured panoramic views by
rotating the camera at each waypoint in 60-degree incre-
ments, collecting six images per location. Each environment
contained an average of 590 images. The instructions in
WholeHouse-MM were collected via crowdsourcing from 116
annotators. The annotators were presented with two images
from the environment—one depicting the target object and
the other the receptacle—and asked to give instructions for
carrying the target object to the receptacle. The target objects
and receptacles were obtained by extracting the locations of
predefined object categories from REVERIE [34], a standard
benchmark for Vision-and-Language Navigation tasks. If a
target object or receptacle appeared in multiple viewpoints,
those images were also treated as positive.

The benchmark consists of 402 instructions and 2,360
images collected from real-world indoor environments. The
vocabulary size is 517, with a total of 6,410 words and an
average sentence length of 15.9 words. The environments for
each split were selected according to [19], [20]. The validation
set was used for hyperparameter tuning, while the test set was
used for evaluating the performance of the methods.

B. Quantitative Results

Table I shows the quantitative comparison between the
proposed method and baseline methods. Since the mobile
manipulation instructions include both a target object and a
receptacle, we reported multimodal retrieval performance for
each component as well as the overall score. Note that in
this benchmark, we focus on retrieval performance and omit
physical manipulation; therefore, the ASR step was excluded
from the proposed method. For results that include this step,
please see Sec. VI. We used recall@K (K = 5, 10, 20)
as the evaluation metric. The primary evaluation metric was
recall@10. We used recall@K as it is a standard evaluation
metric in image retrieval settings [36]. We used eight baseline
methods: CLIP (ViT-L/14) [4], Long-CLIP (ViT-L/14) [5],
BLIP-2 (ViT-g) [6], BEiT-3 (large) [7], HomeRobot [1],

Fig. 3: Comparison of task success rate (SR) on the WholeHouse-
MM benchmark. SR@K denotes the percentage of samples in which
both the target object and the receptacle are correctly retrieved within
the top-K results.

NLMap [17], RelaX-Former [19], and Embodied-RAG [11].
Except for RelaX-Former, all methods were evaluated in a
zero-shot setting.

As shown in Table I, our proposed method achieved re-
call@10 scores of 49.9%, 24.3%, and 37.1% for the target
object, receptacle, and overall metrics, respectively. In con-
trast, the best-performing baseline method achieved 42.1%,
19.8%, and 28.7%, indicating that our method outperformed it
by 7.8, 4.5, and 8.4 points, respectively. Similarly, our method
outperformed the best baseline method across all evaluation
metrics.

Furthermore, to compare our approach with the Object Goal
Navigation method that also utilizes a hierarchical memory
(OSG [12]), we present the task success rate (SR) comparison
results in Fig. 3. SR@K denotes the percentage of samples in
which both the target object and the receptacle are correctly
retrieved within the top-K results. As shown in Fig. 3,
OSG obtained an SR of 1.4%, whereas our proposed method
achieved 2.8%, 6.4%, 16.8%, and 25.2% for K = 1, 5, 10, 20,
respectively, the best performance among all methods.

C. Qualitative Results

Fig. 4 shows a successful example from the WholeHouse-
MM benchmark. In this example, xinst was “Take a photo
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TABLE II: Results of ablation studies on the WholeHouse-MM benchmark. The best scores for each metric are indicated in bold.

[%] Regional Visual Feasibility-Aware Affordance Overall
Method Semantics Semantics Reranking Proposer R@5 ↑ R@10 ↑ R@20 ↑
(a) ✓ ✓ ✓ 22.9 32.1 40.7
(b) ✓ ✓ ✓ 20.3 30.0 39.8
(c) ✓ ✓ ✓ 20.1 29.5 41.5
(d) ✓ ✓ ✓ 20.0 31.2 41.5
(e) ✓ ✓ ✓ ✓ 23.8 37.1 45.9

Fig. 4: Qualitative results on the WholeHouse-MM benchmark. The
given xinst was “Take a photo frame from the side table in the
bedroom and place it on the dining table with a bouquet of flowers.”
(a) Target object and (b) receptacle: Top-2 retrieved images are shown
for both the our method and the best baseline method (BEiT-3 [7]).
The ground-truth image is highlighted with a green border.

frame from the side table in the bedroom and place it on
the dining table with a bouquet of flowers.” As shown in
Fig. 4 (a), the baseline method ranked an unrelated white
table among the top candidates, whereas the proposed method
successfully ranked the photo frame placed on the side table
in the bedroom as the top-1 and top-2 candidates. Similarly,
as shown in Fig. 4 (b), the proposed method ranked the dining
table with a bouquet of flowers as both the top-1 and top-2
candidates. These results suggest that the proposed hierarchical
multimodal retrieval method, which incorporates both regional
and visual semantics, is effective.

D. Ablation Studies

To validate our framework, we conducted ablation studies
on the construction of Affordance Mem and the hierarchical
multimodal retrieval strategy. Table II shows the ablation
results on the WholeHouse-MM benchmark.

Multi-Level Fusion ablation: To investigate the effec-
tiveness of the node representation, we conducted ablation
studies by removing the features related to regional and visual
semantics. Specifically, (a) for the former, we excluded l

(3,j)
s ,

which was obtained via hierarchical retrieval; and (b) for
the latter, we excluded v(3,j), derived from the text-aligned
image encoder. As shown in Table II, Methods (a) and (b)
achieved recall@10 scores of 32.1% and 30.0%, respectively,
which were 5.0 and 7.1 points lower than Method (e). These
results support our design of Multi-Level Fusion, where high-
level semantic reasoning (regional semantics) and low-level
perceptual grounding (visual semantics) jointly contribute to
robust instruction-grounded retrieval.

Affordance-Aware Reranking ablation: To investigate
the effectiveness of reranking using instance- and affordance-

Fig. 5: Sensitivity analysis of the weight α in Multi-Level Fusion.
The hyperparameter α balances the contribution between regional
semantics and visual semantics.

level nodes in Affordance Mem, we evaluated a variant
without the reranking step. As shown in Table II, Method (c)
achieved a recall@10 of 29.5%, which was 7.6 points lower
than Method (e). This result suggests that reranking based
on instance- and affordance-level nodes in Affordance Mem
enables more instruction-consistent multimodal retrieval.

Affordance Proposer ablation: To validate the effec-
tiveness of descriptive affordance proposals generated via
visual prompting, we implemented a method that performed
LLM-based reranking using only image captions generated by
VLMs. Table II shows that Method (d) achieved a recall@10
of 31.2%, which was 5.9 points lower than Method (e). This
result suggests that beyond relying solely on VLM-generated
captions, incorporating structured information about nodes is
beneficial for reranking.

Impact of Multi-Level Fusion weight α: Fig. 5 shows
the sensitivity analysis of the weight α in Multi-Level Fusion.
We investigated the effect of α on recall@K by varying it
from 0.0 to 1.0 in increments of 0.2. The results show that
performance degrades when the retrieval was biased toward
either regional semantics or visual semantics. This suggests
that the two representations play complementary roles in
multimodal retrieval, and appropriately balancing them leads
to a more comprehensive understanding.

VI. REAL-WORLD EXPERIMENTS

We validated our method through real-world experiments
using a mobile manipulator. In particular, we aimed to evaluate
the effectiveness of ASR on the task success rate by executing
pick-and-place actions in the real world, where the suitability
of object grasping and placement varies across objects.
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TABLE III: Quantitative comparison in the real-world experiments.
The best scores for each metric are indicated in bold. The scores are
the results from 40 trials.

Method [%] R@5 ↑ SR ↑
BEiT-3 [7] 79 45
Affordance RAG (w/o ASR) 94 70
Affordance RAG (full) 94 85

A. Settings & Implementation

We used a Hello Robot Stretch 2 [37] equipped with a
DexWrist for mobile manipulation. This robot is commonly
used as a standard platform for OVMM tasks [1]–[3]. The
environment used in our experiments was a 5.0×7.0 m2 indoor
room consisting of office and kitchen areas, containing 10
different pieces of furniture. We used the 20 everyday objects
as target objects. Among them, 14 objects were randomly
selected from the YCB objects [38], which are widely used
in manipulation research, and the remaining 6 were composed
of commonly used household objects. In our experiments, we
assumed that these objects were initially placed on randomly
selected pieces of furniture.

Firstly, to construct Affordance Mem, the robot first per-
formed a pre-exploration phase. During this phase, the robot
captured RGB images using an Intel RealSense D435i camera
from a pre-defined viewpoint that allowed observation of the
entire environment. Path planning and navigation followed
standard map-based approaches. The robot constructed a 2D
map using Hector SLAM [39]. Next, the user provided a free-
form instruction. The user were asked to provide an instruction
that required transporting a randomly selected object in the
environment to a randomly selected piece of furniture. We
conducted 40 trials in total, using a different instruction for
each trial.

After receiving the instruction, the robot performed the
following steps. First, the robot retrieved images of the target
object and receptacle from Affordance Mem and presented
the top-5 retrieved images for each to the user. In real-world
experiments, when performing affordance prediction based on
a VLM, we provided a prompt that included information about
the robot’s embodiment (e.g., gripper shape and width, arm
length). The inference took 0.12 seconds per instruction and
used 16 GB of VRAM on an NVIDIA Geforce RTX 3090.
Next, the robot navigated to the location where the user-
selected target object image had been captured, and performed
the grasping action. The grasping point was determined as the
median of the point cloud corresponding to the segmented
mask of the target object, obtained from the depth image and
the segmentation produced by SAM [40]. Similarly, the robot
transported the target object to the location where the user-
selected receptacle image had been captured and placed the
target object. Since motion generation for grasping, placement,
and navigation is out of the scope of this study, we adopted
heuristic-based methods.

B. Quantitative Results

Table III shows the quantitative results of the real-world
experiments. We used recall@5 and SR as evaluation metrics

Fig. 6: Qualitative results of the real-world experiments. The given
xinst was “Please deliver a cup to the desk that has some coffee pow-
der on it.” (a) Target object and (b) receptacle: Top-2 retrieved images
and real-world execution results are shown for both the proposed
method and the variant without Affordance Score Reranking (ASR).
The ground-truth image and semantically correct but less suitable
image are highlighted with green and orange borders, respectively.

in our experiments. A trial was considered successful only
if the method retrieved a correct image for both the target
object and the receptacle within the top-5 results, and the robot
executed the pick and place actions without failure. Recall@5
indicates the overall score for both the target object and the
receptacle. We used BEiT-3 [7] as a baseline method because it
was the best-performing baseline in the simulated experiments,
as shown in Table I.

As shown in Table III, the proposed method achieved a
recall@5 of 94%, outperforming the baseline method by 15
points. Similarly, the proposed method achieved an SR of
85%, which is 40 points higher than the baseline method.
These results demonstrate that the proposed method can be
successfully integrated into a real-world robot to enable open-
vocabulary mobile manipulation. The recall@5 scores in Ta-
ble I are generally lower than those in Table III due to the
larger building-scale search space of MP3D.

To validate the effectiveness of ASR in the proposed
method, we conducted an ablation experiment by removing
this step. As shown in Table III, the proposed method achieved
an SR of 85%, compared to 70% without ASR, demon-
strating a 15-point improvement. These results suggest that
when instructions are ambiguous and allow for multiple valid
interpretations, ASR helps prioritize candidates with higher
pick-and-place suitability, thereby improving SR. The identical
recall@5 scores for both methods are due to reranking being
applied only within the top-5 retrieved candidates.

C. Qualitative Results

Fig. 6 shows a successful example from the real-world
experiments. In this example, xinst was “Please deliver a cup
to the desk that has some coffee powder on it.” As shown in
the results, our proposed method ranked a green cup placed
upright on the kitchen counter as the top candidate due to
its high suitability, while the variant without ASR ranked less
suitable options higher, such as a blue cup placed deep on
top of the refrigerator and an orange cup lying on its side.
Similarly, the receptacle was a desk with coffee powder on it;
however, two desks were present in the environment, separated
by a coffee machine. According to the results, the proposed
method ranked the tidier desk with fewer objects as the top
candidate, while the variant without ASR ranked the more
cluttered desk higher. Based on the retrieval results, the robot
was able to grasp the green cup and successfully transport it to
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the desk with coffee powder. This suggests that ASR improved
SR by promoting the selection of more suitable objects in
response to ambiguous instructions.

VII. CONCLUSIONS

In this study, we address the task of MRMM, where a robot
performs mobile manipulation based on language instructions
by retrieving target object and receptacle images from en-
vironmental images. We proposed Affordance RAG, a zero-
shot hierarchical multimodal retrieval framework that com-
bines regional and visual semantics via Multi-Level Fusion
based on Affordance Mem. Affordance RAG outperformed the
baseline methods in terms of standard metrics on the newly
built WholeHouse-MM benchmark. Furthermore, in real-world
experiments, the proposed method achieved a task success
rate of 85%, outperforming existing methods in both retrieval
performance and overall task success. One limitation of the
proposed method is that all relevant visual information is
assumed to be covered by the observed images, which may not
hold in highly occluded scenes. In addition, our current frame-
work focuses on visual and spatial affordance reasoning and
does not explicitly consider physical or kinematic constraints
of robot actions. As future work, we plan to address both
limitations by combining our approach with active exploration
and physical reasoning.
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