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Figure 1: MessyMen is a persistent mobile-manipulation memory system maintaining a 3D scene graph with
interaction-derived properties and linked keyframes. (Left) The robot builds memory while exploring to Find
me scissors. (Right) On later open-vocabulary tasks, it reuses memory rather than re-exploring, retrieving fine-
grained visual evidence to locate John’s cup and interaction-derived properties to avoid the locked drawer.

Abstract: Mobile manipulators deployed across many rooms and visits should
improve with experience: after discovering that a cabinet is locked or finding an
object in a drawer, the robot should reuse that knowledge rather than start each task
from scratch. Yet today’s robots often treat each task as new: compact scene rep-
resentations omit interaction-derived knowledge, raw video histories are difficult
to query, and VLM planners reason at inference time without persistently updat-
ing what the robot knows. \We present MessyMem, a persistent memory system that
enables mobile manipulators to learn from experience and reuse that knowledge
across future tasks. It maintains a spatially grounded 3D scene graph of objects
and locations, augments it with properties and outcomes learned through interac-
tion, and links visual observations for fine-grained recall. We evaluate MessyMem
in simulation and on a real mobile manipulator. In a continuous 25-task simula-
tion spanning over 3 hours, MessyMem achieves 80.0% task progress, outperform-
ing the strongest ablation by 14.8 percentage points and the strongest external
baseline by 28.9 points, while retrieving task-relevant evidence from thousands of
stored keyframes and over an hour into the past.
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1 Introduction

Imagine asking a household robot to bring a child their favorite mug. Without any extra context,
the robot should be able to recognize it from a dinosaur sticker on the handle, a detail it noticed
during yesterday’s cleanup. Later, when asked to make coffee, it should head to the cabinet where
the coffee grounds are kept, rather than scanning the whole kitchen. When searching for sugar to
go with the coffee, it should remember which cabinets are locked, and only try the unlocked ones.
These behaviors share a property current robots lack: a persistent memory of what observation and
physical interaction have revealed, anchored across the space the robot works in over a long time.
Without such memory, every task starts from scratch, such as re-opening every cabinet.

These examples point to three requirements for memory in mobile manipulation:

(1) Globally queryable & spatially grounded. Memory must support efficient queries across large
environments (rooms, floors, buildings) and long deployments (across sessions), in a form compact
enough to actually search rather than a sliding window that forgets or an unindexed video log that
cannot be queried at scale. Each query must return not only what the robot has seen but where to go
to find it, so the planner can pick a visit order and navigate directly instead of re-exploring.

2 Many object properties (e.g., weight, emptiness, locked-vs-
unlocked, articulation) cannot be inferred from passive observation and must be learned through
physical interaction. Memory must learn and save what each interaction reveals.

3) For new tasks, text-based summaries alone are often insufficient; the robot must
be able to retrieve fine-grained visual context on demand (e.g., the exact shelf where coffee was last
seen, the label on a particular container).

The concept of memory has a rich history in robotics, but has yet to deliver on the three above
properties simultaneously. 3D scene representations such as scene graphs [1, 2, 3, 4, 5] capture
environment structure from passive observation, but miss what a robot learns from physical in-
teraction. Raw video frames preserve fine-grained detail but are expensive to search; keyframe-
selection and video-memory methods [6, 7, 8] provide more compact visual histories, but gener-
ally lack the persistent spatial grounding needed for mobile manipulation. Recent scene-graph and
keyframe systems [9, 10, 11] primarily target navigation. Closest to our setting, CuriousBot [12]
and RoboEXP [13] build 3D scene graphs through interactive exploration, but do not pair properties
learned through interaction with fine-grained visual evidence that can be retrieved for future tasks.

Our key contribution is MessyMem, a memory system that lets mobile manipulators carry
knowledge across tasks, large spaces, and long timescales instead of re-exploring. It com-
bines three aforementioned memory properties that support flexible queries for diverse future tasks
(Fig. 1). MessyMem builds a compact 3D scene graph whose nodes are observed objects associated
with their world-frame positions, keeping memory globally queryable and spatially grounded.
After an action, an interaction analyzer infers object properties that are only revealed through the
robot’s actions and attaches a summary to the corresponding node, keeping memory
. Finally, it saves keyframes and links them to scene-graph nodes, enabling

retrieval of image detail. By indexing both interaction-derived properties and keyframes
through the scene graph, MessyMem can retrieve a compact, task-relevant subset of past experience
at plan time rather than searching through raw hours-long visual histories.

We evaluate MessyMem in simulation and on a real TidyBot++ platform, including 50-trial controlled
evaluations and a 25-task sequence spanning over 3 hours of continuous execution. Across these ex-
periments, MessyMem consistently outperforms its ablations and external memory baselines. On the
long-horizon evaluation, it reaches 80.0% task progress, 14.8 percentage points above the strongest
ablation and 28.9 points above the strongest external baseline.



2 Related Work

Queryable spatial memory. Metric-semantic maps and 3D scene graphs provide a natural rep-
resentation for globally queryable and spatially grounded robot memory, from object-centric envi-
ronment graphs [1, 2, 3, 4] to open-vocabulary maps that support language queries over objects and
places [14, 15, 16, 17, 18, 5]. Such maps can ground large-scale LLM planning [19], but are typically
constructed from passive observations of geometry, location, and semantics. MessyMem augments
this structure with action-revealed information, including object properties such as locked, empty,
or heavy, together with execution outcomes and failure reasons.

Fine-grained visual memory. Embodied agents also benefit from retaining image, video, or
keyframe histories rather than conditioning only on the current observation [20, 21, 22, 23]. Re-
cent robot-memory systems build multimodal environment memories for embodied interactive
agents [24], use 3D scene-memory shapshots for exploration and reasoning [25], retrieve experi-
ence keyframes [6], select key history frames for imitation [7], combine short-horizon video with
long-horizon text memory [8], or build hon-parametric embodied memories for retrieval and genera-
tion [26]. These approaches preserve rich visual evidence, but generally do not couple it with persis-
tent spatial structure and interaction-derived state. MessyMem instead links keyframes to persistent
scene-graph entities, keeping fine-grained visual evidence spatially grounded for future planning.

Interaction-grounded memory and planning. Planning under partial observability treats hidden
state as a belief-update problem, from POMDPs and decision making under uncertainty [27, 28, 29]
to robotic task-and-motion planning in belief space [30, 31, 32]. Recent work also uses foundation
models as uncertainty estimators for belief-space planning [33]. Interactive-perception systems infer
articulation or actionability from physical trials [34, 35].

RoboEXP and CuriousBot are closest to our setting in using interaction to build action-conditioned
or relational scene graphs [13, 12]. These systems primarily enrich scene representations during
exploration, and RoboEXP uses a predefined relational schema (e.g., inside, on). In contrast,
MessyMem updates persistent memory during task execution with open-vocabulary properties and
outcomes that the planner can reuse across later tasks. We directly compare against RoboEXP under
a shared execution stack.

Planner-facing memory. Foundation-model robot planners reason flexibly from language and vi-
sion, including affordance-grounded planning [36], embodied multimodal planning [37], vision-
language-action policies [38], long-horizon language-to-motion planning [39], and 3D value-map
composition [40]. World-model and latent-memory methods learn implicit state for control [41, 21].
These systems provide strong inference-time reasoning, but do not expose an editable object-level
memory that persists across tasks and combines structured state with retrievable visual evidence.

Taken together, prior work provides complementary pieces of spatial structure, visual recall,
interaction-derived state, and foundation-model planning. MessyMem combines these in a persis-
tent memory interface that can be accumulated and reused across tasks and long time horizons.

3 Method

We propose MessyMem, a persistent memory system for mobile manipulation (Fig. 2). The robot
incrementally builds memory from RGB-D observations and manipulation outcomes. Execution
proceeds in a closed loop: retrieve task-relevant memory, plan and execute a primitive, analyze its
outcome, update memory, and replan against the updated state.

3.1 Globally Queryable & Spatially Grounded Text Memory: 3D Scene Graph

We maintain a persistent 3D scene graph keyed by object instances. This compact structure serves as
the index to which interaction-derived properties (83.2) and keyframes (8§3.3) are attached. A scene
graph builder constructs the graph incrementally from incoming RGB-D observations. Each image
is passed to SAM3 [42] to segment objects from a predefined set of category prompts; each mask
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Figure 2: MessyMem approach overview. (Left) A scene graph builder incrementally maintains a per-
sistent 3D graph of observed objects and their locations, while a keyframe saver links selected visual ob-
servations to the corresponding scene-graph entries. After manipulation, a VLM-based interaction analyzer
reasons over the interaction collage and writes action-revealed properties, contents, and execution outcomes
back to the scene graph. (Right) For each planning step, a memory retriever uses the task and scene graph to
surface relevant structured properties and linked keyframes. A VLM planner combines this retrieved memory
with the current observation to select the next primitive; execution then produces new evidence that updates
memory for subsequent decisions.

is deprojected to 3D using the depth image, and same-label detections are clustered and associated
with existing entries (details in Appendix). Each entry stores an object_id (e.g., drawer_3), a 3D
centroid for spatial grounding, and a property dictionary maintained by the interaction analyzer.

Previously observed objects remain in the graph after leaving the current camera view. Interaction-
derived properties and visual keyframes are associated with the same persistent entries, allowing
remembered state and visual evidence to remain grounded to locations that the planner can revisit.

3.2 Text Memory: VLM Interaction Analyzer

After each manipulation primitive, a VLM interaction analyzer converts the corresponding visual
interaction window into structured updates to the targeted scene-graph entry. This captures infor-
mation that passive observation alone may not reveal, including object properties such as whether a
cabinet is locked or openable, newly discovered fixture contents, and execution outcomes such as
success, failure, or failure reason.

The system collects the corresponding action window, forms a multi-frame collage, and queries the
VLM-based analyzer. Reasoning over the interaction window rather than only a single before/after
observation exposes how the action unfolds: for example, whether the gripper misses a handle, slips
during a pull, or successfully grasps while the cabinet itself remains stationary. The analyzer parses
this evidence into structured fields and writes them to the relevant scene-graph entry. It updates
a fixed set of broadly useful properties (e.g., pickable, fullness, openable), can add open-
vocabulary properties when useful (e.g., material, has_handles), records execution outcomes
and failure reasons, and refreshes fixture contents from newly observed evidence.

Multi-frame context allows the analyzer to distinguish visually similar end states arising from dif-
ferent causes, such as a missed grasp versus a successful grasp on a locked cabinet (Appendix
Fig. 4). For example, after peek(drawer_3), the analyzer may write contents: scissors to
the drawer_3 node; after an unsuccessful opening attempt, it can distinguish a missed grasp from
evidence that the drawer is locked.

New evidence updates the corresponding current scene-graph state. If later observations reveal
different contents or object state, the newer value overwrites the stale structured property, allowing
outdated or incorrect memory to be corrected. Keyframes, in contrast, retain the underlying visual
history rather than being overwritten.



3.3 Visual Memory: Linked Keyframes

The keyframe saver maintains a bank of selected RGB observations linked to the persistent scene-
graph entries they describe. Keyframes are saved from both interactions and scene updates. Around
each manipulation action, the system stores the frame before the action, the frame after the action,
and the frame the interaction analyzer identifies as most informative; these frames are linked to the
scene-graph entry targeted by the action. Outside manipulation, frames are also saved when the
scene graph registers a new object or updates an existing entry, and are linked to the visible entries.
Near-duplicate observations are removed to reduce redundant growth (details in Appendix).

Each keyframe stores a full-resolution RGB image and a downsampled thumbnail together with
metadata such as its timestamp, originating action, and linked scene-graph entries. Interaction-
derived keyframes can additionally receive short free-text labels from the analyzer (e.g., spoiled
bananas, open drawer interior), providing retrieval cues for visual contents that may not cor-
respond directly to a scene-graph object label.

Together, the scene graph maintains compact object-centric state and spatial grounding, while linked
keyframes retain appearance, text, clutter, and other instance-level details from past observations.

3.4 Memory Retrieval and VLM Task Planning

At each planning step, the memory retriever first surfaces a compact, task-relevant subset of the
accumulated memory. The VLM planner then combines this evidence with the current observation
and scene graph to select the next primitive.

Given the task description and current scene-graph state, the retriever builds a candidate pool from
three complementary sources: (1) keyframes linked to scene-graph entries, (2) keyframes whose
analyzer-written labels match content in the task, and (3) recent interaction keyframes that provide
short-term context. Candidates from these sources are merged and deduplicated, with per-source
caps preventing recently observed entities from overwhelming the retrieval pool.

Retrieval then proceeds in two stages. In the first, text-only stage, a VLM receives a compact catalog
describing each candidate by its linked scene-graph entries, labels, originating action, trigger, and
other metadata, together with the task and a compact scene-graph summary. It selects a shortlist of
frames likely to help solve the task. In the second, multimodal stage, the VLM inspects thumbnails
of the shortlisted frames and selects a small set of clear, non-redundant observations for the planner.
This staged design uses structured memory to first narrow the candidate set, then applies visual
reasoning only to the most relevant frames. Appendix Fig. 5 illustrates an example in which retrieved
keyframes preserve an instance-specific cue, the name printed on a cup, that is absent from the
structured scene graph.

The VLM planner receives the retrieved full-resolution frames together with short descriptions of
why they were selected, the full scene graph as JSON, the current camera observation, the task
description, and the available motion primitives. It selects the next primitive and scene-graph target;
after execution, the interaction analyzer updates the relevant memory entries, and the next planning
step retrieves again against the newly updated state.

4 Experimental Setup
We evaluate MessyMem on memory-intensive scenarios in simulation and the real world.

Evaluation Protocol. Initialization: Each trial begins with a predefined trajectory that observes
fixture locations (e.g., cabinets, drawers, counters) without revealing their contents; contents become
observable only after interaction. Task sequence: Tasks are issued sequentially after the previous
task completes or fails, requiring information acquired earlier to persist across decisions. Primi-
tives: All methods use the same navigation, fixture-interaction, and manipulation primitives, with
embodiment-specific details in the Appendix. Metrics: We report task progress [8, 6], defined by



task-specific success criteria, together with the number of actions. For the two short simulation
scenarios, we run 50 trials per method and report mean task progress with 95% confidence intervals.

Compared Methods. All methods share the same planner, perception stack, and action primitives,
isolating the effect of the memory representation.

MessyMem (SG+1A+KF): Our full method, combining a persistent scene graph (SG), interaction-
analyzer updates (1A), and linked keyframe memory (KF).

SG+IA: MessyMem without keyframe memory. This tests whether spatially grounded structured
memory and interaction-derived properties are sufficient without access to fine-grained visual
history.

SG+KF: MessyMem without the interaction analyzer. The method retains object positions and
linked keyframes but does not store properties or outcomes inferred from interactions.

SG: A scene graph containing object labels and positions, without interaction-derived updates or
keyframe memory. This tests the limit of a globally queryable spatial representation alone.
RoboEXP [13]: We adapt RoboEXP’s Action-Conditioned Scene Graph (ACSG) memory to
our execution stack. Its predefined relational representation stores structured spatial and action-
conditioned information, while the planner, perception, and primitives remain shared with the
other methods.

MemER-style [6]: We implement MemER’s episodic visual-memory paradigm, in which a
VLM selects salient observations that are clustered temporally into representative keyframes.
The planner reasons from these episodic frames without MessyMem’s persistent scene-graph in-
dexing or interaction-derived state.

MemER+Fixtures: To separate episodic-memory limitations from basic mobile-navigation
grounding, we additionally provide MemER-style memory with the identities and positions of
visible and out-of-view fixtures.

4.1 Simulation Scenarios

Environment. We instantiate our scenarios in the MuJoCo [43]-based RoboCasa365 simulator [44]
for household mobile manipulation. Full scenario definitions and success criteria in Appendix.

Locked-and-Unlocked Cabinets: [ Globally queryable | Among three cabi-
nets, one is locked but its status is unknown before interaction. The robot must first look for a
banana and then look for ketchup. Solving the second task requires retaining both cabinet contents
and the previously discovered locked status.

Clutter-Aware Pick: ( Globally queryable Across two cabinets,
the robot first finds the mustard and is then asked to pick up the ketchup. Ketchup appears in both
cabinets, but only one instance is readily accessible; the other is embedded in surrounding clutter.
Correct selection requires recalling fine-grained visual context beyond object identity or presence.

25-task Long Horizon: ( Globally queryable | We evaluate a con-
tinuous sequence of 25 household tasks in a 10-cabinet kitchen containing more than 60 objects
and fixtures. The sequence spans four task families: finding, matching, manipulation, and memory
queries, and executes for over 3 hours without resetting memory. Tasks require recalling observa-
tions from much earlier in the sequence, distinguishing visually similar object instances, reasoning
about where household objects belong, and reusing information acquired during prior manipula-
tion. Examples include matching a cup to one observed earlier, identifying a reusable bottle among
similar variants, recalling which objects were stored together, and finding a mug placed away earlier.

4.2 Real-World Scenarios

Hardware. We use the TidyBot++ platform [45] with a 6-DoF YAM arm and holonomic mobile
base. Two ZED 2 RGB-D cameras support scene-graph construction and 3D object localization:
a front-facing base camera and a pole-mounted camera that provides a higher vantage point and



Method

Cluttered Pick  Locked / Unlocked 25-task Long Horizon

Task Prog. "

Task Prog. "

Task Prog. "

MessyMem (Ours)
SG+ 1A
RoboEXP [13]
SG + KF

SG

MemER-style [6]

MemER + Fixtures

84.0 [77.0, 90.0]
58.0 [53.0, 63.0]
53.0 [48.0, 58.0]
51.0 [44.0, 58.0]
49.0 [45.0, 53.0]
0.0 [0.0,0.0]
8.0 [3.0, 13.0]

99.0 [97.0, 100.0]
88.0 [82.0, 94.0]
70.0 [63.0, 76.0]
43.0 [35.0, 51.0]
50.0 [50.0, 50.0]
0.0 [0.0,0.0]
27.0[16.0, 39.0]

80.0 [77.4, 82.6]
65.2 [63.5, 67.0]
51.1[49.1,53.1]
47.9 [45.5, 50.4]
49.1[47.4,51.0]
1.8[1.0, 2.5]
0.7[0.3,1.2]

Table 1: MessyMem consistently outperforms its ablations and external memory baselines.
Mean task progress [95% CI] over 50 trials per method. The short scenarios isolate fine-grained
visual and interaction-derived memory, while Long Horizon evaluates all memory properties jointly
over 25 consecutive tasks.

observations to the VLM planner. A wrist-mounted Arducam fisheye provides additional views for
keyframe memory, while wall-mounted fiducial markers support localization.

Office Drawer Search: (Globally queryable Across three office
drawers, one of which is locked, the robot sequentially searches for scissors, identifies John’s cup,
and searches for a newly placed game controller in an unlocked drawer. The sequence requires
persistent spatial grounding, reuse of the discovered lock status, and fine-grained visual recall to
distinguish objects using details that may not be captured in the scene graph.

Sock Pairing: [ Globally gueryable | With two sock-filled drawers
and one unpaired sock on a chair, the robot first inspects both drawers and then places the loose sock
into the drawer containing its matching pair. Since candidate socks can share coarse attributes such
as color, success depends on recalling fine-grained appearance, including pattern, while retaining
the spatial association between the relevant visual memory and its drawer.

5 Experimental Results

5.1 Simulation Results

Table 1 shows that MessyMem achieves the highest task progress across all three simulated evalua-
tions. No individual memory component suffices across scenarios: interaction-derived state is par-
ticularly useful when the robot must reuse properties learned through action, while linked keyframes
preserve visual information that is difficult to capture in a compact structured representation. Com-
bining both with a persistent spatial scene graph yields the strongest performance across tasks.

Fine-grained visual memory enables instance-level reasoning. On Cluttered Pick, MessyMem
reaches 84% task progress, compared with 58% for SG+IA and 51% for SG+KF. Without
keyframes, the robot can remember where ketchup was observed but cannot recover the detailed
visual arrangement needed to select the less obstructed instance. The full method combines struc-
tured grounding with linked keyframes that recover this task-relevant visual evidence.

Interaction-derived memory captures action outcomes. On Locked / Unlocked, MessyMem
reaches 99% progress and SG+IA 88%, compared with 43% for SG+KF. A saved image alone
may not distinguish a locked cabinet from a failed grasp. The Interaction Analyzer reasons over
a higher-frequency collage spanning the manipulation, allowing it to determine success or failure,
infer properties revealed by the action, and store the resulting state in the scene graph for later tasks.

Comparison with external memory systems. RoboEXP reaches 53%/70% on Cluttered Pick
and Locked / Unlocked, compared with MessyMem at 84%/99%. Its predefined Action-Conditioned
Scene Graph captures spatial structure but not fine-grained appearance or richer interaction-derived



Method 1: “Find Scissors” 2: “Move to John’s cup” | 3: “Find placed controller” Overall

Task Prog."" Steps# SPL' | Task Prog."" Steps# SPL' | Task Prog."" Steps# SPL' | Task Prog."" Steps# SPL"
MessyMem (Ours) 1.00 64 0.85 1.00 1.2 0.90 1.00 3.2 1.00 1.00 10.8  0.92
SG +IA 1.00 6.6 0.90 0.60 14 0.60 1.00 3.0 096 0.87 11.0 0.82
SG + KF 0.80 7.4 0.67 0.60 3.6 0.34 0.40 6.0 0.19 0.60 17.0 0.40
SG 0.00 9.4 0.00 0.20 1.0 0.20 1.00 5.0 0.81 0.40 154 0.34

Table 2: Per-task breakdown for Office Drawer Search. Task progress, steps, and success-
weighted path length (SPL) are reported for each sequential goal; overall steps are summed across
the trial (n = 5). SPL is computed per trial and averaged using human-annotated reference step
counts (L = 6; 1; 4 for Tasks 1-3), reflecting a reasonable human path, rather than a literal minimum.

state (e.g., a locked cabinet). MessyMem instead stores action-revealed properties and outcomes
while linking keyframes for instance-level visual recall.

We find that MemER-style memory struggles in mobile manipulation, where relevant fixtures leave
view and keyframes alone lack persistent spatial grounding. Providing visible and out-of-view fix-
ture identities and positions improves MemER+Fixtures from 0% to 8%/27% on the two short
scenarios but performance remains low.

5.2 Long-Horizon Memory

The 25-task Long Horizon evaluation tests how these differences compound over extended op-
eration. Across more than 3 hours, MessyMem achieves 80.0% task progress, outperforming
the strongest ablation, SG+IA, by 14.8 percentage points and the strongest external baseling,
RoboEXP, by 28.9 points. All six paired comparisons remain significant after Holm correction
(PHoim < 10 #). The ablations show that neither structured nor visual memory alone is sufficient
across a diverse task sequence. SG+IA reaches 65.2%: interaction-updated structured state sup-
ports many tasks but cannot recover visual details absent from the graph, limiting matching and
instance-level recall. SG+KF (47.9%0) retains visual history but cannot persist what prior actions re-
vealed, while SG alone (49.1%b) lacks both capabilities. MessyMem combines them, using compact
structured state when sufficient and retrieving linked visual evidence when finer detail is required.

RoboEXP reaches 51.1% on Long Horizon, exposing the limitation of predefined structured re-
lations for instance-level distinctions. For example, remembering that a cereal _box is inside a
cabinet does not distinguish Froot Loops from a visually similar Trix box; MessyMem can instead re-
trieve linked keyframes to recover the needed visual evidence. MemER-style and MemER+Fixtures
reach only 1.8% and 0.7%, respectively. Over 3+ hours, MemER’s recency bias makes older ev-
idence increasingly difficult to surface, whereas MessyMem retrieves task-relevant keyframes using
the current goal and scene-graph associations.

Memory remains useful as it grows. MessyMem accumulates a median of 9,669 keyframes with
a median retrieval latency of 8.6 s. The current goal and scene-graph associations narrow thousands
of observations to a small candidate set before visual reranking, enabling a median lookback of 62.7
minutes. Task-relevant experience remains accessible over hours of operation.

5.3 Real-World Results

The simulation findings transfer to the real robot: MessyMem achieves 1.00 task progress in both
scenarios, while each ablation exposes a distinct failure mode under real-world variability.

Reusing interaction outcomes and visual evidence. In Office Drawer Search, MessyMem is the
only method to complete all three sequential goals, reaching 1.00 overall progress in 10.8 steps
on average while following closest to the reference path with an SPL of 0.92; n = 5 trials (Ta-
ble 2). During drawer exploration, 1A-enabled methods can reuse the discovered lock status rather
than repeatedly attempting an infeasible interaction; MessyMem completes the first goal in 6.4 steps,
compared with 7.4 for SG+KF and 9.4 for SG. The second goal, “Move to John’s cup,” addition-
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