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Abstract. Coordinating navigation and manipulation with robust per-
formance is essential for embodied AI in complex indoor environments.
However, as tasks extend over long horizons, existing methods often
struggle due to catastrophic forgetting, spatial inconsistency, and rigid
execution. To address these issues, we propose ESCAPE (Episodic
Spatial memory Coupled with an Adaptive Policy for Execution), op-
erating through a tightly coupled perception-grounding-execution work-
flow. For robust perception, ESCAPE features a Spatio-Temporal Fusion
Mapping module to autoregressively construct a depth-estimation-free,
persistent 3D spatial memory, and a Memory-Driven Target Grounding
module for precise interaction mask generation. To achieve flexible ac-
tion, our Adaptive Execution Policy dynamically orchestrates proactive
global navigation and reactive local manipulation to seize opportunis-
tic targets. ESCAPE achieves state-of-the-art performance on the AL-
FRED benchmark, reaching 65.09% and 60.79% success rates in test seen
and unseen environments with step-by-step instructions. By reducing re-
dundant exploration, our ESCAPE substantially improves path-length-
weighted metrics and remains robust (61.24%/56.04%) even without de-
tailed guidance for long-horizon tasks.

Keywords: Embodied Mobile Manipulation - Scene Spatial Memory -
Adaptive Action Planning

1 Introduction

The vision of autonomous robots capable of assisting humans in everyday house-
hold tasks has long been a driving force in robotics research [3,18,25,28]. Recent
advances in Embodied Al [7, 16, 31, 36, 38, 43] have demonstrated remarkable
progress in enabling artificial agents to perceive, navigate, and interact with
their surroundings. Within this context, embodied Long-Horizon Mobile Manip-
ulation [34,46] emerges as a crucial next step, requiring agents to coordinate both
long-term navigation and sophisticated object manipulation while maintaining
robust performance in dynamic, complex indoor environments.
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Fig. 1: Existing methods struggle with long-horizon tasks due to catastrophic forget-
ting, spatial inconsistency, and rigid execution. ESCAPE addresses these issues through
a persistent episodic spatial memory that captures spatio-temporal relationships, cou-
pled with an adaptive execution policy that seamlessly coordinates proactive global
navigation and reactive local manipulation.
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Embodied Long-Horizon Mobile Manipulation poses key challenges for au-
tonomous agents, particularly as tasks shift from isolated actions to complex,
long-horizon goals. These tasks demand robust spatial reasoning to understand
complex and dynamic 3D environments from limited egocentric views, as well
as sophisticated planning to coordinate long-term navigation with precise object
manipulation while maintaining goal-oriented behavior. Real-time adaptation to
environmental feedback further adds to the complexity. ALFRED [34] bench-
mark serves as a standard testbed for evaluating these challenges, requiring
agents to follow natural language instructions to complete long-horizon house-
hold tasks involving extensive exploration and opportunistic interaction. In this
work, following the ALFRED [34] and HomeRobot [46] style setting, manipula-
tion refers to high-level object interactions with predicted object masks, rather
than low-level continuous control or dexterous manipulation.

Despite recent progress, executing long-horizon mobile manipulation tasks
remains exceptionally challenging, exposing three critical limitations in existing
methods, as illustrated in Fig. 1. First, catastrophic forgetting occurs in end-
to-end approaches (e.g., Seq2Seq [34], MOCA [35], and E.T. [28]) that directly
map current observations to actions without maintaining a persistent spatial
memory. This forces agents to redundantly re-explore previously visited areas
when searching for target objects, drastically reducing long-horizon efficiency.

Second, spatial inconsistency plagues modular methods like FILM [25],
CAPEAM [15], DISCO [44], and ThinkBot [23]. These methods process seman-
tics and affordances independently in the 2D image before back-projecting them
into 3D space using imperfect depth estimation. In long-horizon tasks, these
perception errors gradually accumulate due to inaccurate depth-semantic lift-
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ing. Furthermore, restricting feature interactions entirely to the 2D image plane
fundamentally limits the agent’s 3D spatial reasoning capabilities.

Third, rigid execution limits the generalization of methods (e.g., FILM [25],
Prompter [11], and CAPEAM [15]) that rely heavily on hand-crafted strategies
for specific scenarios, such as object state changes and closer target appearances.
By blindly following fixed long-term trajectories, these methods fail to react
promptly and cannot preemptively interrupt navigation when encountering a
target earlier than expected, leading to suboptimal execution paths.

To address these key issues, we propose ESCAPE, a memory-centric frame-
work designed for long-horizon mobile manipulation, as shown in Fig. 1. ES-
CAPE operates through a tightly coupled perception — grounding — execution
workflow. In the perception phase, our Spatio- Temporal Fusion Mapping mod-
ule leverages spatio-temporal cross-attention operating directly in 3D space to
fuse current observation with historical memory, autoregressively constructing
a persistent episodic spatial memory that captures temporal consistency and
spatial-semantic relationships. Notably, by using precise 3D-to-2D projection to
extract visual features, this module eliminates depth estimation dependence,
enhancing the agent’s 3D spatial reasoning capabilities. For the subsequent
grounding phase, a Memory-Driven Target Grounding module uses the 3D geo-
metric features stored in the memory to query current 2D visual observations, ex-
tracting precise masks for physical interaction. Finally, in the execution phase,
our Adaptive Execution Policy resolves the conflict between long-term planning
and short-term reacting. It employs a proactive global planner for memory-based
navigation, while running a reactive local monitor concurrently to seize imme-
diate manipulation targets, seamlessly shifting the execution horizon as needed.
For fair evaluation on ALFRED [34], we adopt [25]’s language parsing module
while focusing on advancing navigation and manipulation abilities.

In summary, our main contributions are three-fold:

— We propose a novel Episodic Spatial Memory framework tailored for long-
horizon tasks, featuring a Spatio-Temporal Fusion Mapping module for depth-
estimation-free, consistent 3D spatial memory construction, and a Memory-
Driven Target Grounding module for precise interaction mask generation.

— We introduce an Adaptive Execution Policy that dynamically orchestrates
proactive global navigation and reactive local manipulation, improving the
operational efficiency and adaptability of the embodied agent.

— ESCAPE achieves superior performance on the highly competitive ALFRED
benchmark. Notably, by reducing redundant exploration, it attains substan-
tial improvements in path-length-weighted metrics (PLWSR, and PLWGC),
demonstrating highly efficient long-horizon execution.

2 Related Work

Embodied Mobile Manipulation. Enabling mobile robots to navigate and
manipulate objects in complex environments remains a major embodied Al
challenge. Various simulators and benchmarks have emerged to advance this
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field [1,8,17,37,39]. While early works focused on navigation in static scenes,
recent benchmarks require agents to manipulate objects in dynamic environ-
ments with evolving semantics. Some support physical robot testing [12, 46],
while most use simulated environments for reproducible evaluation [6,45]. AL-
FRED |[34] stands out by integrating navigation and manipulation, challenging
agents to follow natural language instructions for long-horizon household tasks.
Its dynamic environments, which require extensive exploration and opportunis-
tic interaction, provide an ideal testbed for our proposed ESCAPE framework,
which addresses these challenges by coupling a persistent episodic spatial mem-
ory with an adaptive execution policy for flexible navigation and manipulation.
Scene Spatial Memory. Spatial memory is crucial for long-horizon mobile
manipulation. Some approaches rely on explicit memory structures like 2D se-
mantic maps or topological graphs [48,50]. While intuitive, these discrete rep-
resentations struggle to preserve fine-grained 3D geometry and suffer from er-
ror accumulation during prolonged navigation. Conversely, implicit representa-
tions like Neural Radiance Fields (NeRF) [21,24,51] and 3D Gaussian Splatting
(3DGS) [5,13,32,47] enable high-fidelity 3D reconstruction and rendering. How-
ever, their intensive optimization and implicit formulation complicate real-time
semantic querying for physical interaction. To bridge this gap, Bird’s-Eye-View
(BEV) representations [4, 10,20, 22,27, 30, 41] offer an effective top-down spa-
tial memory paradigm. Utilizing spatio-temporal transformers [19] for historical
feature aggregation, BEV enables rich spatial-semantic fusion. Building on this,
ESCAPE constructs a persistent episodic spatial memory, elegantly balancing
3D spatial reasoning with efficient 2D target grounding.

Adaptive Action Planning. In long-horizon mobile manipulation, agents must
robustly translate complex perceptual states into executable actions [42, 49].
FILM [25] utilizes neural networks to generate actions from semantic maps,
though such map-based methods often lack precision for object grounding. To
address this, DISCO [44] introduces fine-action networks that improve align-
ment and reduce ambiguity. However, despite these perceptual and grounding
advancements, both methods rely on rigid sequential planning. This inflexibility
prevents agents from preemptively interrupting navigation to seize opportunis-
tic manipulation targets. To address this issue, our Adaptive Execution Policy
couples a proactive global planner with a reactive local monitor, dynamically
shifting between long-horizon navigation and immediate manipulation.

3 Method

In this work, we present our proposed ESCAPE. The overall architecture is
shown in Fig. 2. To address the catastrophic forgetting and rigid execution typ-
ically encountered in long-horizon embodied tasks, ESCAPE is built upon two
core pillars: a unified Episodic Spatial Memory system for robust perception,
and an Adaptive Execution Policy for flexible action.

Specifically, this memory-centric framework forms a tightly coupled sequen-
tial perception — grounding — execution workflow. First, the Spatio- Temporal
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Episodic Spatial Memory Adaptive Execution Policy (Sec. 3.3)

* Spatio-Temporal Fusion Mapping (Sec. 3.1
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Fig. 2: Our ESCAPE framework features two core pillars: a unified Episodic Spatial
Memory that processes observations via Spatio-Temporal Fusion Mapping module and
Memory-Driven Target Grounding module to generate semantic scene maps and precise
interaction masks, and an Adaptive Execution Policy that dynamically shifts between
Proactive Global Planner and Reactive Local Monitor. The application shows placing
bread inside a microwave, where the agent (marked by X) navigates and manipulates
objects based on instructions.

Fusion Mapping module (Sec. 3.1) autoregressively constructs and updates a per-
sistent 3D spatial memory from egocentric observations. Based on this globally
consistent memory, the Memory-Driven Target Grounding module (Sec. 3.2) uses
3D object features derived from the memory to query 2D visual observations, ex-
tracting precise masks for physical interactions. Finally, the Adaptive Execution
Policy (Sec. 3.3) leverages the spatial memory for proactive long-horizon naviga-
tion trajectories, while a reactive local monitor simultaneously seizes immediate
manipulation opportunities. We conclude this section by detailing ESCAPE’s
application on the ALFRED [34] benchmark (Sec. 3.4).

3.1 Spatio-Temporal Fusion Mapping

For long-horizon mobile manipulation tasks, an effective memory representa-
tion must capture spatial relationships (such as relative object positions) and
semantic information, while maintaining persistent temporal consistency across
dynamic environments to avoid redundant exploration. Inspired by recent BEV
representations [10, 19] that employ spatio-temporal transformers, we propose
the Spatio-Temporal Fusion Mapping module. Unlike original BEV methods us-
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ing multi-view images, our module autoregressively aggregates temporal images
from a single egocentric camera to construct a persistent 3D spatial memory.

To achieve accurate and efficient memory construction, we introduce an
Observation-to-Memory Encoding (OME) mechanism implemented via spatial
cross attention [19] to update the memory feature from the current observa-
tion. Additionally, to integrate historical memory and acquire spatial reasoning
ability in 3D space, we propose a Memory Retrieval and Update (MRU) mech-
anism utilizing temporal cross attention. Finally, we employ a 3D map semantic
segmentation head to convert memory features into a semantic map.
Observation-to-Memory Encoding (OME). As shown in Fig. 3 (a) and
(b), from a bird’s-eye perspective, we partition the entire room into an H x W
grid, where each grid cell is initialized with a memory query Q,, € R located
at p = (x,y) with C' dimension. These queries are then lifted into pillar-like
queries, where each 2D grid p = (z,y) is transformed into Nyt 3D reference
points (z,y, z;) sampled along the height dimension. For each reference point,
we project it onto the current observation through the projection matrix of the
agent’s camera, which can be written as:

4] =P ey )

Here, (z},y;) is the 2D image plane coordinate projected from 3D point (z,y, 2;),
P € R®*% is the known projection matrix of the agent’s camera, and z| represents
the depth factor of the projected point in the camera coordinate system. This
projection yields a 2D reference point in the image plane, around which we
sample and aggregate image features through weighted summation to obtain the
output of OME, formulated as follows:

Nyet
OME(Q,, F;) = ) DeformAttn(Q,, (x}, y;), Fy), (2)

i=1

where i indexes the reference points and F; is the multi-level semantic features
extracted from the current frame O, using a ResNet50 backbone [9]. After ap-
plying this computation process to all queries in the spatial memory, we finish
updating the global memory feature using the current observation.

Here, two points require clarification. First, vanilla multi-head attention [40]
in our OME is computationally expensive when applied globally across the en-
tire spatial grid. Following [19], we adopt deformable attention (DeformAttn in
Eq. 2) [52], where each memory query Q,, only interacts with its regions of in-
terest in the observation. Second, previous methods like FILM [25], DISCO [44]
and ThinkBot [23] back-project 2D image features to 3D space using depth esti-
mation, causing error accumulation in long-horizon mobile manipulation tasks.
Our OME instead projects 3D points to the image plane to extract 2D features
for 3D spatial memory updates, eliminating depth estimation dependence and
improving memory fidelity.

Memory Retrieval and Update (MRU). As shown in Fig. 3 (b) and (c),
given the memory query Q at current timestep ¢ and the cached spatial memory
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M;_; from timestep ¢ — 1, each grid query Q,, at position p = (z,y) retrieves
relevant features from M;_; to prevent catastrophic forgetting while interacting
with neighboring features in Q to enable spatial reasoning. For computational
efficiency, we adopt deformable attention to implement MRU, similar to OME,
which can be formulated as:

MRU(Q,, {Q.M;_1})= > DeformAttn(Q,,p, V). (3)
ve{QM,_ 1}

Our MRU leverages temporal
cross attention to adaptively sam-
ple and aggregate memory features
from the previous timestep, main-
taining long-term consistency. Mean-
while, each grid query interacts with
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sents feature dimension. Based on this memory feature, we introduce a 3D map
semantic segmentation head to predict object category distribution on the grid
map Dy, trained with ground-truth labels L; through:
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Fig. 3: Demonstration of cross attention in
the Spatio-Temporal Fusion Mapping and
2D-3D feature alignment in the Memory-
Driven Target Grounding.

H W
1 w w
Lunap = T77 > > BCE(D, L), (4)

h=1w=1

where L,,p is the map segmentation loss, L; is a multi-hot vector for each grid
cell indicating the object categories present in that cell and BCE denotes binary
cross-entropy loss measuring grid-wise discrepancy between predicted probabil-
ities and ground-truth labels per category.

3.2 Memory-Driven Target Grounding

While the Spatio-Temporal Fusion Mapping module effectively constructs a
global 3D spatial and semantic memory, it lacks the fine-grained 2D localization
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required for physical manipulation. In long-horizon tasks, accurate identification
and localization of target objects from the agent’s egocentric view are crucial. To
address this, we introduce the Memory-Driven Target Grounding module, which
extracts interaction masks by leveraging the rich, object-specific features already
stored within our episodic memory. Inspired by recent works [29, 33] on 2D-3D
feature alignment, we propose generating target object masks by querying the
current observation with abstract geometric features from the spatial memory.
As shown in Fig. 2, for the Pickup Bread sub-task, we perform mask pooling
over the memory feature M; using the bread channel from the semantic scene
map. We aggregate features from bread-containing grid cells via averaging to
compute Fpeqq, then apply a multi-layer perceptron (MLP) to generate the
bread query Qp,.qq- The general formula for computing object queries is:

1 (i-9)
Fobject = W Z Mtz ! 5
object (4,5)EGobject (5>

Qobject = MLP(Fobject) y

where Gopject denotes grid cells where the object channel equals 1. Since object
queries are derived from the episodic memory, they encode global geometric
properties and are termed 3D object features.

Simultaneously, convolutional layers are used to map backbone image fea-
tures to new 2D object features. The similarity computation between 3D object
queries and 2D object features produces object masks, precisely localizing objects
for interaction. The toilet scene in Fig. 3 (d) and (e) further shows this 2D-3D
feature alignment mechanism. To train the Memory-Driven Target Grounding
module, we introduce a 2D image semantic segmentation loss Lin,g as follows:

H W
1 w w
Ling = Jr77 > BCE(P],G), (6)

h=1w=1

where Pf " represents the predicted image mask at pixel (h,w) at time-step ¢,
and G? " denotes the corresponding ground-truth segmentation label.

Joint Training Objective and Implementation. To enable the episodic
memory to capture spatial relationships while empowering accurate target ground-
ing, we propose joint supervision combining 3D map segmentation and 2D image
segmentation losses. The total loss L is formulated as follows:

L= Emap + )\»Cimgv (7)

where X is a hyperparameter that balances the two segmentation losses, and we
set A = 1.0 in all experiments.

Following DISCO [44], we collect training instructions, images, semantic map
and image labels from ALFRED [34] expert trajectories. For temporal continuity,
semantic map labels at timestep ¢ incorporate object distributions from step 1
to current timestep. We use a ResNet50 [9] backbone, OME and MRU layers
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with deformable attention, a map segmentation head and an image segmentation
head. On ALFRED, each scene is modeled as a 25m x 25m room with 25c¢m x
25¢cm grids, resulting in memory queries of size H x W x C where H = W = 100
and C = 256. These memory queries serve as learnable parameters that are
jointly optimized during training. The model is trained using AdamW with BCE
loss for 25 epochs, batch size 64 and learning rate 2e-4. Training completes in
24 hours on 8 RTX 4090 GPUs.

3.3 Adaptive Execution Policy

In long-horizon mobile manipulation tasks, there is a fundamental conflict be-
tween executing a prolonged navigation plan and reacting to suddenly appearing
environmental opportunities. As shown in Fig. 4 (a), during a Pickup Potato
sub-task, after detecting a potato and proactively planning a long route, the
agent might discover another potato in a previous blind spot after turning right.
Rigidly following the initial plan reduces execution efficiency. To address this, we
propose the Adaptive Execution Policy, a dynamic execution mechanism com-
bining a proactive global planner and a reactive local monitor.

Random Exploration. Before potato
detection, the agent explores based
on a navigable map. In the semantic
map generated by the spatial mem-
ory, a grid is considered navigable
if only the floor category has a value
of 1 while all other object categories
are 0, thereby generating the naviga-
ble map. The agent randomly selects
destinations from navigable cells and
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plans paths using the BFS (Breadth-
First Search) algorithm.

Proactive Global Planner. After
potato detection, the agent utilizes its
persistent spatial memory for proac-

tive goal navigation. It locates the
potato at the highest probability grid,
expands with navigable grids within a
1-meter radius, and uses BFS to gen-
erate long-horizon navigation waypoints (grid coordinates) considering potato
region, agent position, and navigable area. Thus, the proactive global planner is
a rule-based module requiring no training.

Reactive Local Monitor. Due to the agent’s limited field of view, the global
planner may overlook information in occluded areas, causing unnecessary travel.
To address this, we introduce a reactive local monitor that continuously screens
the short-horizon environment for immediate manipulation opportunities while
executing the long-horizon navigation plan. As shown in Fig. 4 (a), when discov-
ering a potato within range during navigation, the local monitor preempts the

Fig. 4: Demonstration of the Adaptive Ex-
ecution Policy and our design of reactive
local monitor.
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global planner, bypassing the remainder of the long-horizon path to execute an
immediate pickup action.

As shown in Fig. 4 (b), our reactive local monitor takes current observa-
tions and semantic scene maps as inputs, outputting a binary vector indicating
whether each object category is manipulable (1=manipulable, 0=unmanipula-
ble). An object is manipulable only if semantically manipulable and within oper-
ational range, requiring precise understanding of semantic information in obser-
vation and spatial relationships in the semantic scene map. To train this monitor,
we design an expert planner with full scene knowledge for data collection. Fol-
lowing ALFRED’s [34] data generation process, our expert planner annotates
manipulable target categories per frame, yielding 332,432 training images.

The reactive local monitor employs ResNet50 [9] as the backbone for vi-
sual feature and map feature extraction, followed by a linear classifier predicting
manipulable object categories. The model is trained using BCE loss based on
manipulation labels from the expert planner. Training utilizes the AdamW opti-
mizer with learning rate of 5 x 10~° and batch size of 128 for 40 epochs to achieve
optimal performance. Training completes in 2 hours on 8 RTX 4090 GPUs.

Our Adaptive Execution Policy systematically generates actions by lever-
aging both modules. For multi-instance targets (potatoes, watches, apples), the
reactive local monitor opportunistically discovers new goals to improve efficiency.
For unique large targets (fridges, sidetables, sofas), the episodic spatial memory
provides precise localization, making the proactive global routes highly accurate.
When the reactive local monitor fails due to occlusion or inappropriate pose, our
hierarchical fallback strategy continues executing existing long-horizon plans or
generates new navigation plans to reachable targets.

3.4 Long-Horizon Mobile Manipulation Application: ALFRED

We evaluate our approach on ALFRED |[34], a widely-adopted benchmark for
long-horizon embodied instruction following. More details about the benchmark
can be found in Appendix A. Each ALFRED task contains high-level goal de-
scriptions and step-by-step instructions. Appendix A.5 shows an ALFRED task
Put a cooked potato slice on the counter where our agent only needs to
place any cooked potato slice on any counter to complete the task. This allows
our approach to focus on semantic segmentation to identify object categories
rather than distinguishing individual instances.

Fig. 2 illustrates the ESCAPE pipeline on ALFRED. Based on received in-
struction, the agent converts it into executable sub-tasks. For fair comparison
with baselines [15,25,44], we adopt [25]s instruction processing module. For each
sub-task, the agent relies on its Episodic Spatial Memory to perceive the environ-
ment and generate accurate scene maps and interaction masks. Simultaneously,
it employs the Adaptive Execution Policy to seamlessly alternate between proac-
tive long-horizon planning and reactive short-horizon interaction for improved
task efficiency. Details are in Appendix B.
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Table 1: Performance comparison on ALFRED benchmark [34]. v/ X denotes whether
step-by-step instructions are used. Bold values indicate the best results for each metric.

Test Seen Test Unseen
Ins. SR GC PLWSR PLWGC SR GC PLWSR PLWGC
Seq2Seq [34] v 4.00 9.40 2.00 6.30 0.40 7.00 0.10 4.30
MOCA [35] v 26.81 33.20 19.52 26.33 7.65 15.73 4.21 11.24
E.T. [28] v 38.42 45.44 27.78 34.93 8.57 18.56 4.21 11.46
ABP [14] v 44.55 51.13 3.88 4.92 15.43 24.76 1.08 2.22
FILM [25] v 27.67 38.51 11.23 15.06 26.49 36.37 10.55 14.30
LGS-RPA [26] v 40.05 48.66 21.28 28.97 35.41 45.24 15.68 22.76
Prompter [11] v 51.17 60.22 25.12 30.21 45.32  56.57 20.79 25.80
CAPEAM [15] v 51.79  60.50 21.60 25.88 46.11 57.33 19.45 24.06
DISCO [44] v 59.50 66.10 40.60 47.40 56.50 66.80 36.50 44.50
ThinkBot [23] v 62.69 71.64 32.02 37.01 57.82 67.75 26.93 30.73
ESCAPE (Ours) v 65.09 72.88 52.42 58.29 60.79 68.60 46.82 52.57
HLSM |[2] X 25.11 35.79 6.69 11.53 16.29 27.24 4.34 8.45
FILM [25] X 25.77 36.15 10.39 14.17 24.46  34.75 9.67 13.13
LGS-RPA [26] X 33.01 41.71 16.65 24.49 27.80 38.55 12.92 20.01
Prompter [11] X 47.95 56.98 23.29 28.42 41.53 53.69 18.84 24.20
CAPEAM [15] X 47.36  54.38 19.03 23.78 43.69 54.66 17.64 22.76
DISCO [44] X 58.00 64.90 39.60 46.50 54.70 65.50 35.50 43.60
ESCAPE (Ours) X 61.24 68.74 46.89 53.22 56.04 64.79 41.82 48.04

4 Experiments

4.1 Dataset and Metrics

We conduct experiments on ALFRED [34], a benchmark dataset for vision-
language navigation and long-horizon interaction tasks. The dataset comprises
25,726 episodes: 21,023 for training, 1,641 for validation, and 3,062 for testing.
Both validation and test sets are divided into seen and unseen environments, with
validation containing 820/821 episodes and test containing 1,533/1,529 episodes
for seen/unseen scenes. We evaluate our method against competitive baselines
using the test split, while using the validation split for analytical studies.

We employ four metrics: Success Rate (SR) measures task completion pro-
portion; Goal Condition (GC) measures the percentage of met goal conditions
for partial task success; Path Length Weighted Success Rate (PLWSR) and
Goal Condition (PLWGC) incorporate efficiency by comparing paths to expert
demonstrations. SR and GC assess task effectiveness, while PLW variants assess
efficiency. Higher values indicate better performance.

4.2 Comparison with the State of the Art

We evaluate against competitive ALFRED baselines: Seq2Seq [34], MOCA [35],
E.T. [28], HLSM [2], ABP [14], FILM [25], LGS-RPA [26], Prompter [11], CA-
PEAM [15], DISCO [44] and ThinkBot [23]. All methods use RGB inputs and
language instructions during inference. For fair comparison, we present results
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Table 2: Ablation study results on ALFRED benchmark [34]. w/ GT masks denotes
using ground-truth semantic segmentation masks from simulator, w/ SQ denotes using
static query for interaction mask generation, and w/ Grid 80/120 denotes scene grid
resolutions of 80x80 and 120x120. w/o OME, w/o MRU, and w/o AEP represent
the removal of Observation-to-Memory Encoding, Memory Retrieval and Update, and
Adaptive Execution Policy, respectively. Standard deviations over 3 runs are provided
in Appendix E.

Valid Seen Valid Unseen
SR GC PLWSR PLWGC SR GC PLWSR PLWGC
ESCAPE 62.32 66.57 44.24 49.39 61.27 69.01 38.06 42.63
w/ GT masks 62.56 67.52 44.66 49.93 63.82 72.31 39.69 44.30
w/ SQ 60.98 65.15 42.38 47.04 58.83 66.18 36.18 40.37
w/ Grid 80 52.68 60.08 40.62 46.22 52.25 60.94 30.40 34.47
w/ Grid 120 53.54 59.60 38.98 44.65 52.86 62.40 33.94 39.18
w/o OME 53.54 62.30 38.48 48.03 52.74 65.47 35.70 40.51
w/o MRU 42.80 53.53 19.56 30.51 27.16 40.42 9.51 18.43
w/o AEP 57.59 62.74 38.44 43.63 57.13 63.39 34.57 38.07

based on whether step-by-step instructions are used. By default, ESCAPE uses
high-level goals, but can incorporate step-by-step instructions when available.

We present comprehensive comparisons with state-of-the-art methods on AL-
FRED benchmark in Table 1. Our ESCAPE framework demonstrates superior
performance across most evaluation metrics in both instruction settings. With
step-by-step instructions, ESCAPE achieves 65.09% and 60.79% success rates
on seen and unseen test splits respectively, surpassing the previous best method
ThinkBot [23] by 2.40% and 2.97%. Without instructions, ESCAPE maintains
strong performance with 61.24% and 56.04% success rates, representing improve-
ments of 3.24% and 1.34% over DISCO [44].

Notably, ESCAPE exhibits substantial improvements in path-length-weighted
metrics, achieving 52.42% PLWSR and 58.29% PLWGC on seen environments,
and 46.82% PLWSR and 52.57% PLWGC on unseen environments. These sig-
nificant gains validate the effectiveness of our Adaptive Execution Policy in seiz-
ing opportunistic interactions to enhance long-horizon efficiency. The consistent
superior performance across almost all metrics and instruction settings demon-
strates ESCAPE’s robust generalization capability, indicating strong potential
for real-world applications where detailed instructions may not be available.

4.3 Ablation Study

We conduct ablation studies on ALFRED validation splits to evaluate each com-
ponent in ESCAPE (Table 2). Results are averaged over 3 runs with different
random seeds. Detailed experimental configurations are in Appendix C.

Spatio-Temporal Fusion Mapping. We first examine Observation-to-Memory
Encoding (OME) and Memory Retrieval and Update (MRU). Removing OME
causes moderate drops (8.78% SR on seen, 8.53% on unseen), confirming its role
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Table 3: Additional quantitative metrics. mIOU scores for map and image semantic
segmentation are presented, while efficiency factors (EF) are compared between ES-
CAPE and w/o Adaptive Execution Policy (AEP).

mIOU Seen Unseen EF Seen SR Seen GC Unseen SR Unseen GC
Map Seg. 0.758 0.654 ESCAPE 0.710 0.742 0.621 0.618
Image Seg. 0.869 0.779 w/o AEP 0.668 0.695 0.605 0.601
Instruction: Pick up a CD. O Start @ Current @ Target ---Trajectory  Unfound 98 Found
! Update | Update

Observation t

Semantic Scene Map
s
1did not
finda CD.

TuraRight  Scene

Observation t+1
Fail 1!

I

Semantic Scene Map

— S —

Ifound a CD.

Pickupcp  Scene

i

1%
A 2

Observation t+1
Success !!!

I

(a) Without Spatio-Temporal Fusion Mapping: Fail!!! (b) With Spatio-Temporal Fusion Mapping: Success!!!

Fig. 5: Qualitative analysis of our Spatio-Temporal Fusion Mapping module. Left:
Failure due to missing spatial memory updates. Right: Success with the persistent 3D
spatial memory.

in fusing visual observations into 3D memory. Without MRU, severe drops oc-
cur (19.52% SR on seen, 34.11% on unseen), proving temporal memory retrieval
and update are critical for scene understanding given the agent’s limited cam-
era view. As shown in Table 3, our map semantic segmentation achieves 0.758
mIOU on seen and 0.654 on unseen environments, indicating accurate spatial
localization and robustness across novel scenarios. We also test grid resolutions
of 80x80, 100x100, and 120x120. 100x100 performs best, while 80x80 and
120x 120 cause significant drops (9.64%/8.78% SR on seen, 9.02%,/8.41% on un-
seen). This confirms 100x100 best matches ALFRED’s 25mx25m rooms with
25cm steps, where each grid cell equals one agent step. Both OME and MRU
are essential, with MRU being more critical to avoid catastrophic forgetting.

Memory-Driven Target Grounding. Ablation results show the effectiveness
of our Memory-Driven Target Grounding module in generating precise interac-
tion masks. First, image semantic segmentation achieves 0.869 mIOU on seen
and 0.779 on unseen environments (Table 3), showing accurate object localiza-
tion. Second, comparing with GT masks shows minimal gaps (0.24% SR on seen,
2.55% on unseen), confirming our masks are not the bottleneck for task success.
Moreover, using scene-specific 3D object features beats static queries (1.34% SR
on seen, 2.44% on unseen), indicating that dynamically derived memory queries
capture object specificity better. Furthermore, failure analysis in Appendix D
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Instruction: Pick up a ladle. © start @ Current @ Target --- Trajectory 38 Found * Picked target

Chonseglubal « F Choose local |
plan. \E\ . plan. [
Action Action L

Observatmn 41 '

Semantic Scene Map

Observation t+1

Semantic Scene Map

Tllrn Left Turn Left

Pickup Ladle l Pickup Ladle

Observation t+5 Scene Observation t Observation t+2 Scene Observation t

(a) Without AEP: Succeed with 5 Steps (b) With AEP: Succeed with 2 Steps

Fig. 6: Qualitative comparison of the Adaptive Execution Policy (AEP) effectiveness.
Left: Pickup task completed in 5 steps without AEP. Right: The same task accom-
plished in 2 steps with our proposed AEP.

also shows our method reduces interaction failures by 12.6% on seen and 24.3%
on unseen tasks versus DISCO [44].

Adaptive Execution Policy. Our Adaptive Execution Policy (AEP) signifi-
cantly improves both task success and efficiency. Removing it causes drops: SR
falls 4.73% on seen and 4.14% on unseen settings. To measure efficiency, we
define the Efficiency Factor (EF): FF = Expert Length/Agent Length =
PLWSR/SR. Higher EF indicates more efficient task completion with shorter
paths compared to expert trajectories. Table 3 shows consistent EF gains across
all metrics when employing AEP. These results demonstrate that dynamically
shifting between global proactive planning and local opportunistic interaction
yields highly efficient long-horizon execution.

4.4 Qualitative Results

The visualization result in Fig. 5 illustrates the efficacy of our Spatio-Temporal
Fusion Mapping module. In scenario (a), prior approaches fail to detect the
CD within the bin, demonstrating their limitations with contained objects. In
contrast, scenario (b) demonstrates how our memory-centric agent successfully
localizes and retrieves the CD from the bin, highlighting the module’s capability
in handling complex spatial relationships and containment scenarios.

Fig. 6 shows the effectiveness of our Adaptive Execution Policy. Without
AEP, agents strictly follow fixed long-term plans, blindly bypassing closer op-
timization opportunities (scenario a). In contrast, our reactive local monitor
continuously screens for immediate manipulation targets and preemptively inter-
rupts long-term routes when viable interactions are detected, greatly improving
ESCAPE'’s efficiency (5 steps versus 2 steps). This behavioral improvement
perfectly corroborates the substantial gains in PLW metrics shown in Table 1.
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5 Conclusion

We present ESCAPE, a memory-centric framework for long-horizon mobile ma-
nipulation that addresses the fundamental challenges of long-horizon efficiency
and dynamic execution. By coupling a persistent Episodic Spatial Memory with
an Adaptive Execution Policy, ESCAPE mitigates catastrophic forgetting, spa-
tial inconsistency, and rigid execution constraints. Extensive experiments demon-
strate that ESCAPE achieves state-of-the-art performance in both seen and
unseen environments on ALFRED benchmark, with significant gains in path-
weighted efficiency metrics. Our ablation studies and thorough visualizations
validate the contribution of each module.

Limitation and Future Directions. ESCAPE is currently trained with sim-
ulator derived supervision, including semantic maps, image masks, and manipu-
lability labels. In future work, this dependency could be reduced by using masks
generated by foundation models, offline pseudo labels, or self-training from real
robot data. Further evaluation on real-world robots would also be valuable for
studying sim-to-real transfer and improving deployment robustness.
Acknowledgement. This work is supported by the Shenzhen Science and Tech-
nology Program (Grant No. ZDCY20250901113000001), the Guangdong Provin-
cial Key Laboratory of Mathematical Foundations for Artificial Intelligence (Grant
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