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Figure 1: MessyMem 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). MessyMemn 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 snapshots 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 non-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 (§3.2) and keyframes (§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 Interaction-Updated 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.



33 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.

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

o 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.

e 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.

e 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.

o 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.

e 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.

e 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. 1 Task Prog. 1 Task Prog. 1
MessyMem (Ours)  84.0[77.0,90.0] 99.0[97.0, 100.0] 80.0 [77.4, 82.6]

SG + 1A
RoboEXP [13]

58.0 [53.0, 63.0]
53.0 [48.0, 58.0]

88.0 [82.0, 94.0]
70.0 [63.0, 76.0]

65.2 [63.5, 67.0]
51.1[49.1, 53.1]

SG + KF 51.0 [44.0,58.0]  43.0[35.0, 51.0] 47.9[45.5, 50.4]
SG 49.0[45.0,53.0]  50.0 [50.0, 50.0] 49.1[47.4,51.0]
MemER-style [6] 0.0 [0.0, 0.0] 0.0 [0.0, 0.0] 1.8 1.0, 2.5]
MemER + Fixtures 8.0 [3.0,13.0]  27.0[16.0, 39.0] 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 queryable | 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.T Steps| SPLT | Task Prog.? Steps| SPL1 | Task Prog.? Steps] SPL?T | Task Prog.? Steps] SPL1

MessyMem (Ours) 1.00 64 085 1.00 1.2 090 1.00 32 1.00 1.00 10.8  0.92
SG +1A 1.00 6.6 090 0.60 14 0.60 1.00 3.0 0.96 0.87 11.0 0.82
SG + KF 0.80 74 0.67 0.60 3.6 034 0.40 6.0 0.19 0.60 17.0 040
SG 0.00 9.4  0.00 0.20 1.0 0.20 1.00 5.0 0.81 0.40 154 034

Table 2: Per-task breakdown for Office Drawer Search. Task progress, executed steps, and
shortest path lengths (SPL) are reported for each sequential goal; overall steps are summed across
the full trial (n = 5). SPL is success-weighted by path length computed per trial and averaged; this
uses a human-annotated optimal number of steps (L = 6, 1, 4 for tasks 1, 2, and 3, respectively).

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 baseline,
RoboEXP, by 28.9 points. All six paired comparisons remain significant after Holm correction
(PHolm < 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 %) retains visual history but cannot persist what prior actions re-
vealed, while SG alone (49.1%) 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 MessyMenm 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, MessyMen 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 optimal path with an SPL of 0.92; n = 5 trials (Table 2). Dur-
ing drawer exploration, IA-enabled methods can reuse the discovered lock status rather than repeat-
edly 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,” additionally requires
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Figure 3: Sock Matching scenario. During inspection, MessyMem links keyframes of the left and right
drawer interiors to its scene graph. When asked to match the loose sock, the VLM planner retrieves these fine-
grained observations, compares them against the target sock, and returns to the corresponding drawer. Without
keyframes, SG+IA cannot recall the needed visual detail and selects the wrong drawer.

fine-grained visual information absent from the scene graph: MessyMem reaches 1.00 progress, while
SG+IA reaches 0.60. Across the full sequence, methods lacking either interaction-updated state or
fine-grained visual recall fail more often and require more actions.

Fine-grained recall for visual matching. The Sock Pairing scenario isolates fine-grained visual
recall in a spatially grounded setting: after inspecting two drawers, the robot must match a loose
sock to a previously observed instance that differs from other candidates primarily in appearance.
MessyMem retrieves the linked drawer keyframes and compares them against the target sock, yielding
1.00 task progress versus 0.67 for SG+IA and SG+KF and 0.50 for SG over n = 6 trials (Fig. 3).

6 Conclusion

We present MessyMenm, a persistent memory system that enables mobile manipulators to learn from
interaction and reuse experience across tasks, large spaces, and long timescales. MessyMem com-
bines a spatially grounded 3D scene graph, interaction-derived object properties and outcomes, and
linked keyframes that preserve fine-grained visual evidence, yielding memory that is simultane-
ously globally queryable, updateable from interaction, and . Across 50-trial simula-
tion evaluations, a 25-task sequence spanning over 3 hours of continuous execution, and real-world
robot experiments, MessyMem consistently outperforms its ablations and external memory base-
lines. 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, while retrieving useful
evidence from thousands of stored keyframes and over an hour into the past. These results show that
structured state, interaction-derived updates, and accessible visual history provide complementary
capabilities for persistent robot memory. MessyMen is a step toward robots that can accumulate,
recall, and act on experience throughout extended operation in complex real-world environments.

Limitations. Our current implementation uses a predefined closed-set prompt for object detections.
A natural extension is to incorporate open-vocabulary detectors so the memory can capture more
diverse objects and attributes. Our interaction analyzer is also focused on robot-initiated actions;
extending it to reason over human actions would broaden the framework to HRI settings where
memory must be updated from both robot and human activity. Future work could also extend the
same memory-conditioned interface to richer policy primitives, including VLA-based policies.
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Appendix

This appendix provides additional implementation details, full prompts, memory structure, and sce-
nario descriptions for MessyMem.

A Implementation Details

A.1 Experimental Setup

Each trial consists of a sequence of natural-language instructions revealed one at a time. This re-
quires the robot to reuse information gathered from earlier observations and interactions rather than
solving each instruction from scratch. At each planner call, the robot receives the current scene
graph, any retrieved keyframes, and the available primitive skills. It selects a high-level action,
executes the first step, updates memory when applicable, and then replans from the updated state.

In simulation, tasks are evaluated with a fixed budget of twelve planner calls. A task is successful if
the requested instruction is completed within this budget. For sequential tasks, we report the fraction
of subtasks completed and the number of high-level steps used.

Simulation. We evaluate in RoboCasa365 [44] kitchen environments with custom memory-
intensive task families. The simulated robot is a mobile manipulator with a Franka Panda arm
and an Omron mobile base. RGB-D observations are rendered from multiple third-person cameras
for scene graph construction, while the wrist camera is used for interaction analysis and keyframes.
In scenarios that require prior exploration, the robot first observes or interacts with relevant fixtures
to seed memory before receiving the test instruction.

Task success is evaluated from environment state and execution logs rather than from the planner’s
self-report. Depending on the scenario, success may require opening the correct fixture, discovering
the requested object, placing an object in the correct location, terminating when the goal is already
satisfied, or correctly answering a recall-style instruction from memory.

Real world. Our real-world implementation runs on a mobile manipulation platform with a 6-DoF
arm, parallel-jaw gripper, RGB-D perception cameras, and a wrist camera. The system maintains
an object-centric scene graph online during execution. Perception updates add or refresh objects
in the graph, while interaction updates add discovered contents, object properties, task outcomes,
and linked keyframes. The real-world tasks are operator-gated for safety, and final task success is
operator-confirmed. At the start of each trial the robot’s base orientation is initialized to face forward
toward the workspace.

A.2 High-Level Primitive Skills

All methods share the same high-level primitive interface. The low-level controllers differ between
simulation and the real robot, but each primitive exposes the same kind of outcome information to
the planner and, when enabled, to the interaction analyzer.

Simulation primitives. In simulation, navigation and inspection are implemented with scripted
helpers, while door manipulation uses closed-loop policies when available.

* move_base_to(fixture / pos): move the base to a fixture or explicit target pose.
* move_arm_to (pos): move the end effector to a target Cartesian position.

* OpenCabinet (fixture): Opens a target fixture. The primitive automatically opens the
fixture closest to the robot’s current location. To capture the dynamic interaction in the
Locked/Unlocked Cabinet case, we train a learned policy to open the cabinet.

* PickPlaceCabinetToCounter (object): pick an object from the cabinet and place it
onto a counter. Ground-truth object location is used for the primitive.
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* Inspect(fixture, object): move the wrist camera through an open fixture to observe
its contents.

After each non-motion primitive, the interaction analyzer can inspect the action window and write
a success/failure outcome into memory. Motion primitives instead report whether they reached the
requested tolerance.

Real-world primitives. On the real robot, manipulation skills are implemented as dynamic move-
ment primitives (DMPs) [47] fit from a small number of teleoperated demonstrations. These include
navigation to a selected location, opening and closing drawers, peeking into a fixture, picking up an
object, placing an object, and moving to a remembered location. For object-directed manipulation,
we use a 3D pointing module following the procedure in Sundaresan et al. [48]. Given the current
camera image, a VLM points to a task-relevant grasp location, such as a drawer handle or the body of
the target object. This 2D point is back-projected through the aligned depth map into a 3D pre-grasp
target in the robot frame, which shifts the demonstrated DMP rollout to the current object location.
This lets a single demonstration generalize across nearby object placements. Primitive execution is
operator-gated for safety. Interaction-based outcomes such as discovered contents or inferred fixture
locked state are updated by the interaction analyzer.

A.3 Scene Graph Construction

SAM3 prompts. We run SAM3 [42] with a scenario-specific prompt set shared across methods,
so differences in performance come from the memory system rather than perception vocabulary.
The object vocabulary is derived from the task setting, while fixture prompts cover the containers
and surfaces relevant for mobile manipulation. For real-world experiments, several object categories
(e.g., gaming controller, scissors) present in the experiments are intentionally left out to illustrate
the limitation of a closed-set scene graph.

Group SAM3 prompts

Objects (sim) categories present in the scenario (e.g., ketchup,

mayonnaise, mustard, cereal, spaghetti box, lemon, pear, ...)
Fixtures (sim, perception-fixture mode) cabinet, drawer, counter, oven, microwave,

sink, refrigerator, dishwasher, stove
Real-world objects drawer, cup, chair, sock

Table 3: SAM3 prompts used for scene graph construction.

Node association and update. Detections with the same semantic label and nearby 3D positions
are merged into object-centric scene graph nodes. New observations are associated to existing same-
label nodes using spatial proximity, and matched nodes update their centroid with a running average.
Detections that do not match any existing node initialize new graph nodes. Object identities reset
between trials.

Node format. Scene graph nodes are initialized with spatial and semantic fields. Interaction-
derived properties, contents, and task history are attached as the robot acts in the environment.
Keyframes are linked to nodes through a separate keyframe index.

{
"cabinet_3": {
"label": "cabinet",
"pos": [x, y, z],
"first_seen_frame": 124,
"bbox_3d": [...],
"properties": {
"accessible": {"value": "unknown", "confidence": 0.5, "source":
"perception"},
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"pickable": {"value": "unknown", "confidence": 0.5, "source":
"perception"},

"pushable": {"value": "unknown", "confidence": 0.5, "source":
"perception"},
"fullness": {"value": "unknown", "confidence": 0.3, "source":
"perception"},
"openable": {"value": true, "confidence": 0.9, "source": "interaction",
"is_opened": true, "reasoning": "Door visibly rotates open."}
}!
"contents": [{"name": "banana", "value": "...", "reasoning": "..."}],
"contents_empty": false,
"contents_source_action": "Inspect",
"task_history": [{"task": "OpenCabinet", "success": true}]
}

B Prompting and Memory Update Details

B.1 VLM Interaction Analyzer

After each manipulation primitive, the interaction analyzer receives a compact visual summary of
the action window, together with the action name, target node, current task, and the node’s prior
memory state. The analyzer updates memory only when the visual evidence supports a change, such
as a fixture opening, an object being lifted, or contents becoming visible.

Collage construction. For each interaction, we provide the analyzer with frames from before,
during, and after the action. The before and after images preserve high-resolution endpoint evidence,
while the action collage summarizes the gripper engagement window. This allows the analyzer to
distinguish transient execution issues, such as a missed grasp, from persistent object properties, such
as a locked drawer.

Case 1: Rollout where robot misses grasp

properties:
FAILED
GRASP

Interaction Analyzer

Interaction Analyzer ===y Properties:

a LOCKED

Figure 4: VLM Interaction Analyzer. The interaction analyzer reasons over a collage of frames
collected during the interaction, capturing dynamic cues that are only visible as the action is taken.
MessyMem’s interaction analyzer is able to differentiate between a failed grasp in Case 1, where the
robot misses the handle, and a locked cabinet in Case 2, where the robot grasps and pulls but the
drawer does not open.

Interaction analyzer prompt. The full interaction analyzer prompt is shown below. The prompt
instructs the VLM to reason over the full action window, separate execution failure from object
properties, update only with visual support, and return a strict JSON object.
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You are an object belief updater for a mobile manipulation robot.

Current belief state of the target object:
{json belief state of the target scene-graph node}

The robot attempted the action: "{action_namel}" targeting position {target_pos}.

Terminology: a "fixture" is any scene element with an interior that can be
opened to reveal contents.

You will receive THREE images: (1) full-resolution BEFORE (arm at rest, not a
grasp-attempt frame); (2) full-resolution AFTER (arm auto-reset to rest - the
withdrawal is by design and is NOT evidence of a failed grasp; compare with
BEFORE for fixture angle change); (3) a multi-camera collage of the MANIPULATION
WINDOW only (pre-position approach and auto-reset excluded). Rows show different
camera views of the same window at the same timesteps {rows}; columns are time,
left-to-right, labeled BEFORE..AFTER. Use column-wise agreement across rows to
disambiguate (e.g. the wrist close-up confirms whether the gripper engaged the
handle visible in the base view).

Use the action name to pick the analysis: MANIPULATION (BEFORE/AFTER bracket the
interaction; compare to detect what moved/opened/closed/displaced, and report any
revealed interior) vs INSPECTION (BEFORE/AFTER are different wrist poses of the
same interior; aggregate to identify contents; apparent motion is parallax).
Interiors can be dark - check the full-resolution images.

[Nearby fixture nodes in the scene graph, with exact IDs to use in
contents_updates and any prior contents listed as a hypothesis to merge.]

Properties of interest (when the action moves/manipulates the target):
- accessible (true/false): can the robot reach it?
- pickable (true/false): only true if FULLY LIFTED off surface.
- pushable (true/false): can it be pushed/slid to a new position?
- fullness (empty / partially_full / full / unknown)
- openable (true/false), distinguishing three cases:
(a) opened (any angular change) -> openable=true, is_opened=true
(b) no motion despite a genuine attempt -> describe as locked/stuck so the
planner moves to a different fixture
(c) the attempt failed (no firm contact) -> describe as failed grasp so the
planner can retry
Procedure to separate (b) from (c): scan the WRIST row across ALL columns - a
close-up of the handle/drawer face means contact -> (b). Else scan SIDE/FRONT
rows for jaws CLOSED ON the handle -> (b). Only if BOTH find zero contact
evidence -> (c). If ambiguous, PREFER (b). A locked drawer can shear the jaws
sideways off the handle, so side-view offset is not evidence of (c) - check
the wrist row at the same column first.

Analysis: (1) PHYSICAL CHANGE - track the target across collage frames: shifting
or stationary despite contact? Update accessible/pickable/pushable/fullness as
warranted (inspections: expect no real change). (2) VISIBLE CONTENTS - identify
objects visibly INSIDE any revealed fixture interior, labeled as specifically as
the evidence allows; one contents_updates entry per fixture using the exact SG
id; empty list if no interior is visible.

Task success (by intent): push/slide -> target visibly displaced (pushable=true);
pick/1lift -> target FULLY LIFTED; open/close -> fixture in requested state in
AFTER (set openable, is_opened); inspection -> a usable view was obtained.

Rules: only update with clear visual evidence; attribute contents only to the
fixture they are visibly inside; [] when no interior is visible; one short

reasoning per update; do not hallucinate properties or contents.

Return STRICT JSON ONLY: { ... output schema shown below ... }
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Property updater and outcome schema. The analyzer writes structured memory updates back
to the scene graph. These include task success, failure reason, property updates, newly discov-
ered open-vocabulary properties, and fixture contents. The seeded property vocabulary includes
accessible, pickable, pushable, fullness, and openable. The is_opened field is used only
for openable updates.
{
"task_success": true,

"failure_reason": null,
"property_updates": [

{"object_id": "cabinet_3", "property": "openable", "old_value": "unknown",
"new_value": true, "confidence": 0.9, "reasoning": "Door rotates open.",
"is_opened": truel}

]’
"new_properties": [
{"name": "has_handle", "value": true, "reasoning": "Pull handle visible."}
])
"contents_updates": [
{"fixture_id": "cabinet_3",
"contents": [{"name": "banana", "description": "..."},
{"name": "mug", "description": "..."}],
"is_empty": false, "reasoning": "Opened cabinet reveals a banana and mug."}
]’
"confidence": 0.8
}

Failed grasp vs. locked fixture. A key role of the analyzer is to separate execution failures from
persistent object properties. As shown in Fig. 4, a missed or slipped grasp is recorded as an execution
failure, allowing the planner to retry. In contrast, a firm pull with no motion is recorded as evidence
that the fixture is locked or stuck, allowing the planner to avoid repeating the same failed interaction.

B.2 Keyframe Memory

Keyframes preserve visual details that are difficult to compress into scene graph fields, such as
clutter, object arrangement, and visual distinctions between similar objects. They are linked to scene
graph nodes through a keyframe index, allowing later tasks to retrieve visual evidence associated
with relevant objects, fixtures, or interactions.

Sources. Keyframes are saved from both interaction events and perception events. Interaction
keyframes include frames before, during, and after a manipulation, as well as analyzer-selected
peak frames when an interaction reveals useful contents while perception-side keyframes capture
new significant scene graph changes.

Trigger Source Purpose

interaction_pre Manipulation State before action
interaction_during Manipulation Mid-action evidence
interaction_post Manipulation State after action
interaction_peak Analyzer Informative reveal frame
scene_graph_delta  Perception Significant graph update

Table 4: Sources of saved keyframes.

Metadata. Each keyframe stores metadata that makes it searchable and linkable to the scene
graph: timestamp, camera, trigger source, parent interaction when applicable, linked scene graph
nodes, robot pose, labels, caption, and image paths.

{

"frame_id": "alb2c3d4ebf6...",
"timestamp": 172.4,
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"session_id": "20260603_142210",

"camera": "basel",

"trigger": "interaction_peak",

"action": "OpenCabinet",

"parent_frame": "<pre-frame id or null>",

"scene_graph_nodes": ["cabinet_3", "banana_1"],

"robot_pose": [x, y, thetal,

”tags": ["banana", IlmuglI]’

"labels": [{"label": "cabinet interior", "source": "analyzer"},
{"label": "banana", "source": "analyzer"}],

"caption": "...",

"image_path": "...",

"thumb_path": "..."

Duplicate filtering. To keep the keyframe memory compact, the system filters out blank, blurry,
and near-duplicate frames before saving perception-triggered keyframes. Interaction-triggered
keyframes are preserved even if visually similar, since pre-, during-, post-, and peak-interaction
frames may encode outcome-relevant evidence.

B.3 VLM Retriever and Planner

The retriever selects task-relevant keyframes given the current task, scene graph, and keyframe meta-
data. It first filters candidate frames using textual metadata and scene graph, then reranks candidate
thumbnails with a VLM. The planner receives the retrieved frames alongside the current scene graph,
current image, execution history, and list of motion primitives.

Retriever prompt. The full retrieval prompt is shown below. The no-scene-graph ablation re-
moves the scene graph block and graph-node column.

You are a keyframe retrieval agent for a robot planner.

The robot has been given this task: "{goall}"
Here is the current scene graph (objects the planner knows about):
{scene_graph_summary}

Below is a catalog of stored keyframes. Each row: trigger, camera, action, the
scene-graph nodes it depicts, and any analyzer/instruction labels.
{catalog} // idx | frame_id | trigger | camera | action | graph_nodes | labels

Choose up to {max_k} keyframes that would most help the planner. Consider: frames
showing objects/locations in the task; container interiors the planner must

reason about; spatial relationships (behind, inside, on top of). Return [] if nomne
help.

Return STRICT JSON ONLY:
{"chosen": [{"idx": <i>, "frame_id": "<first 12 chars>",
"reason": "<one line on why this frame helps>"}]}

Planner prompt. We show the prompt for our full method (the scene_graph+kf configuration;
the baseline ablations strip the corresponding scene-graph fields and rules). The planner is called
repeatedly in closed loop: it returns a multi-step plan, the system executes only the first step, then
re-queries with updated observations and execution history. The current camera image is provided
alongside the text, and retrieved keyframes are appended as additional images captioned with their
trigger, camera, and retrieval reason.

Simulation planner (RoboCasa kitchen).

You are a task planner for a PandaOmron mobile manipulation robot in a RoboCasa
kitchen. The robot has a Panda arm mounted on an Omron mobile base with an
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Fine-grained visual recall @ Go to John’s cup.
Selected keyframes
Keyframes by object i

VLM Tag: Wrist cam view of cup with
“John” written on it.

drawer 2 is I | U 4 V'\\ VLM Tag: Centered front view of drawer_1
‘Eﬂl . & where John's cup is located.

MOVE_TO - cup_1

oed m m VLM Tag: Spatial relation between robot
E M m arm and cabinet holding the target cup.
[
A

VLM Tag: Shows a different cabinet
(drawer_3) with a green cup, helping the
planner distinguish between different cups
in the scene.

Figure 5: VLM retriever effectively selects a task-relevant subset of keyframes for planning.
Given the scene graph and task description, the VLM retriever selects keyframes that are useful for
the current goal and tags each one with a short reason. In this example, the task is to go to John’s
cup: the retrieved frames show both the orange cup on the left drawer and the green cup on the right
drawer, allowing the planner to identify the orange cup labeled “John” as the correct target.

eye-in-hand wrist camera.
Goal: "{goall}"

{execution_history} // prior attempts in order, each with SUCCESS/FAILED
status

Available primitives (you may ONLY use these):
{primitives} // name: description / Args / When

Kitchen fixtures in the scene (interactable objects the robot can navigate to):
{fixtures}

Scene graph (objects with 3D world positions, interaction-informed properties, and
inspection results including any "contents" found inside containers):
{scene_graph}

You are also given an image showing the current view of the scene. Use both the
scene graph data and the visual information to reason about spatial layout,
obstacles, and plan feasibility.

Robot physical constraints:

- The Panda arm has ~0.85m reach from the base centre.

- The Omron base is 70.55m wide - it cannot fit through gaps narrower than 0.6m.
- Use move_base_to with a fixture name (target_fixture) to navigate the robot in
front of any fixture; the system computes the approach position and heading.
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- Use move_base_to with explicit target_pos [x, y, yaw] for non-fixture locations.
- Use move_arm_to for fine EEF placement before manipulation tasks.

- Always move_base_to the target fixture BEFORE attempting OpenCabinet, PickPlace,
or Inspect - the arm must be in range of the target.

- Inspect performs a wrist-camera sweep across an open fixture, writing object
identifications into scene_graph[fixture] ["contents"]. Decide goal satisfaction
from these contents (and any retrieved memory frames showing the fixture).

Generate a step-by-step plan to achieve the goal. You will be called repeatedly
in a

closed loop: you produce a plan, the system executes the FIRST step, then calls
you

again with updated observations and execution history. So plan ahead, but know
that

you will get a chance to adapt after every step.

Rules:

1. ONLY use actions from the available primitives list.

2. For fixture-targeted primitives, use the exact fixture name from the fixtures

list.

3. Order steps logically based on what the goal requires.

4. For objects that have properties (e.g. pickable, pushable, accessible,

fullness,
weight), leverage them to decide WHETHER to interact and which action to use.

5. Objects may have a task_history showing past attempts and their

success/failure -
use this to inform action choices. If an action failed on an object, do NOT

retry
a similar action on the same object - adapt your strategy.

6. Reference objects by their scene graph ID (e.g. banana_10, ketchup_3).

7. For move_base_to, provide target_fixture OR target_pos as [x, y, yaw_radians].
For move_arm_to, provide target_pos as [x, y, z]. For all other primitives,
provide target_fixture as the fixture name string.

8. For Inspect steps, set target_object to the object label the goal asks to find
(e.g. "banana"). Use null for other actions.

9. After opening a container (cabinet, fridge, dishwasher) with an Openx

primitive,
always plan a corresponding Close* step before moving on or finishing the plan.

10. The goal is achieved once its literal request is satisfied. Informational

verbs

(find / locate / identify / where-is / describe / open) are satisfied as soon

as

the relevant state is observable from task_history, scene graph, or current
image

- no further physical interaction is required. Navigation verbs are satisfied
as

soon as task_history contains ONE successful move_base_to on the target
fixture.

Action verbs (pick up / place / bring) require the literal physical action. If
the

goal asks a question, your ‘assumptions‘ must contain the literal answer before

returning an empty plan. If the goal is already achieved, return an EMPTY plan:

{"plan": [], "assumptions": ["Goal already achieved."], "warnings": []}.

Return STRICT JSON ONLY:

{
”plan" . [
{
"step": 1,
"action": "<primitive_name>",
"target_fixture": "<fixture_name or null>",

"target_pos": [x, y, z_or_yaw],
"target_object": "<object label to find, or null>",
"reasoning": "..."
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]’
"assumptions": ["..."],
"warnings": ["..."]

}

Real-world planner.

You are a task planner for a mobile manipulation robot.
Goal: "{goall}"

{execution_history} // prior attempts in order, each with SUCCESS/FAILED
status

Robot physical constraints:

- The robot base footprint is approximately 0.55m wide x 0.51m deep.

- The move_to action drives in a STRAIGHT LINE toward a target [x, y, z] position.
- The arm workspace is limited to +/-0.28m in the Y (left-right) direction from
the

base center.

- The arm can reach objects roughly 0.3-0.5m in front of the base (X direction).

- To interact with an object (open, close, peek), the robot must be within arm
reach

of it.

Scene graph (objects with 3D world positions, interaction-informed properties, and
inspection results including any "contents" found inside containers):
{scene_graph}

You are also given an image showing the current view of the scene. Use both the
scene graph data and the visual information to reason about spatial layout,
obstacles, and plan feasibility.

Image overlays:

- Some images include yellow circles with scene-graph node IDs (e.g. ‘drawer_1°)
drawn at the projected positions of current SG nodes, geometrically projected
from the current scene graph using known camera calibration.

- When an overlay appears in an image, prefer it as the authoritative ID mapping

for
that pixel region. If a memory frame’s text note mentions a different ID than the
overlay shows, defer to the overlay.

- Overlays appear only on the calibrated base frames. Wrist-camera frames pass
through unannotated - for those, use the frame’s text note as your grounding

signal.

- An image may have no overlays even when one was expected (robot pose at capture

was
unknown) . In that case, ground using visual + scene-graph reasoning as usual.

Available primitive actioms:
{primitives} // name: description, per registered primitive

Generate a step-by-step plan to achieve the goal. You will be called repeatedly
in a

closed loop: you produce a plan, the system executes the FIRST step, then calls
you

again with updated observations and execution history. So plan ahead, but know
that

you will get a chance to adapt after every step.

Rules:

1. For objects that are in the path, leverage their properties (e.g. pickable,
pushable, accessible, fullness, weight) to decide WHETHER to interact and which
action to use.

2. Before issuing an action, check the target object’s current properties in the
scene graph to avoid redundant commands. For example, if is_opened is already
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true, consider whether you really need to re-issue an open command. You may
still
re-issue if the prior attempt only partially succeeded, but prefer skipping if
the
state already matches the goal.
3. Objects may have a task_history showing past attempts and their
success/failure -
use this to inform action choices, including whether to retry, adapt the
approach,
or try a different target.
A drawer is only interactable if it has a visible handle the robot can grasp.
Before planning ANY actions on a drawer (including move_to), verify from the
images
that it has a handle. A drawer with no handle is not openable - treat it as if
it
does not exist.
If an open_drawer or close_drawer step fails, distinguish two cases: (a) the
robot
grasped the handle correctly but the drawer did not move (e.g. it is locked) -
treat the entire drawer unit as non-openable and move on to a completely
different
drawer or fixture. Do NOT attempt to open a different drawer in the same unit;
(b) the robot missed the handle or approached from a bad angle - retry the same
action once, since visual pointing can produce a bad initial pose on the first
attempt.
When a new goal implies the environment has changed since prior inspections
(e.g.
"a new item was added"), the ‘contents‘ recorded in the scene graph may be
STALE.
Do not assume prior contents are still accurate. Use the goal description, scene
graph properties, and task_history to decide which objects are worth
re-inspecting
- just the ones that are plausible given what you know and the task description.
4. When deciding where to put an object, refer to the scene graph contents and
keyframe images of container interiors. Consider what items are already inside
each
container and where the object best belongs.
5. The robot can ONLY interact (open, close, peek) with the object it last did
move_to on. Find the LAST move_to in the most recent goal in the execution
history
- if it differs from your target, plan a move_to first.
6. Reference objects by their scene graph ID (e.g. green_cube_O, red_cube_1).
7. ONLY use actions from the available primitives list.
8. Each step must have a target_object that exists in the scene graph (use the
exact
ID).
9. After inspecting or exploring, comnsider actions that increase executability of
future steps (e.g. close an upper drawer to access a lower one).
10. Goal completion depends on the verb type. Informational verbs (find / locate /
identify / where-is / describe / open) are satisfied as soon as the relevant
state
is observable from task_history, the scene graph, or current image - no further
physical interaction with the target is required. Navigation verbs (navigate /
go to / drive to / approach) are satisfied as soon as task_history contains ONE
move step on the target or on the scene graph node nearest to / containing the
target - do NOT re-issue the same navigation. Action verbs (pick up / place /
bring) require the literal physical action. If the goal asks a question
(describe
/ name / list / how many / which), your ‘reasoning‘ must contain the literal
answer before you return an empty plan. If the goal is already achieved,
return an
EMPTY plan: {"plan": [], "reasoning": ["Goal already achieved."], "warnings":
(1.
11. Some primitives are localized by VLM pointing on a camera frame. For those
steps,
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you may include an optional ‘pointing_description‘ field - a short visual
phrase

describing exactly WHERE on the target the action should engage. Use it when
the

scene_graph_id is ambiguous (e.g. one ‘drawer_O° node represents a stack of

multiple visible drawers). Examples: "the upper drawer handle", "the left
cabinet

door handle". Omit when the SG label alone is unambiguous.

Return STRICT JSON ONLY:

{
llplanll: [
{
"step": 1,
"action": "<one of the available primitives>",
"target_object": "<scene_graph_id>",
"pointing_description": "<optional visual phrase; omit if unneeded>",
"grounded_by_keyframe_idx": <optional int; 1-indexed memory frame used to
identify target_object; omit when identified
from
the current scene only>,
"reasoning": "..."
}
] E
"reasoning": ["..."],
"warnings": ["..."]
}

Projecting scene graph nodes into images. In real-world experiments, we use Set-of-Mark an-
notations [49] to spatially ground the planner on calibrated base-camera images. For each visible
scene graph node, we project its 3D position into the image and overlay a circle with the object
label. Wrist-camera keyframes are left unannotated and are grounded through their captions and
linked scene graph metadata.

C Simulation Scenario Details

C.1 Scenario Descriptions

Figure 6: 25-task Long Horizon. The 25-task sequence takes place in a ten-cabinet kitchen
with three locked cabinets and more than 60 objects and fixtures to track. Countertop objects
provide distractors and visual references. The inset shows the contents and spatial arrangement of
one cabinet.

25-task Long Horizon. We evaluate an ordered sequence of 25 household tasks in a 10-cabinet
RoboCasa365 kitchen containing more than 60 objects and fixtures. Three cabinets are locked, and
objects on the counters provide distractors and visual references. An initial search for a teapot in
the final cabinet encourages exploration; subsequent tasks reuse earlier observations and interaction
outcomes without resetting memory or the environment. The sequence spans four task families:

* Finding (9 tasks). Locate objects using remembered locations, neighboring items, or ac-
cessibility. Examples include distinguishing a stored mug from one on a counter, identify-
ing ketchup by its surrounding condiments or fruit, and finding the bottle with clear space
for grasping.
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* Matching (9 tasks). Distinguish three visual variants within each of seven object cate-
gories, using either a specified identity or a countertop reference. Similar colors and cate-
gory labels make branding and appearance important. Targets are also placed in unexpected
locations, such as Corn Flakes in the fruit cabinet, to discourage shortcuts based on cabinet
categories.

* Manipulation (3 tasks). Select where bread, a mug, or a bowl belongs using remembered
cabinet contents. For example, bread belongs with the pantry’s dry goods even though no
cabinet already contains bread. The robot selects a destination without transporting the
object.

* Memory queries (4 tasks). Recall previously observed contents and spatial relationships,
such as what was stored with the mayonnaise or where the croissant near the pineapple was
located. These questions can be answered from existing memory without further explo-
ration.

Locked-and-Unlocked Cabinets. Three cabinets: cab_1 (far-left) is locked and empty, cab_2
(middle) holds the banana among fruit distractors, and cab_3 (far-right) holds the ketchup but is
never observed during the first instruction. Spawning in front of cab_1, the robot is first instructed
“Look into upper cabinets and find the banana.”. 1Its first attempt to open cab_1 fails (locked),
after which it finds the banana in cab_2, recording that cab_1 is locked and cab_2 lacks ketchup.
Returned to the first cabinet, it is then instructed “Find the ketchup.” Success requires navigating to
the unexplored cab_3 while skipping the locked cab_1 and the ketchup-free cab_2; re-attempting
the locked cabinet is considered a failure. Figure 7 compares MessyMem against SG+KF, showing
the utility of the interaction analyzer. By reasoning about its first failed opening, MessyMem records
the left cabinet as locked and uses this memory on the next task when finding a new item. In contrast,
SG+KEF attempts to re-open the first drawer, failing the task.

Previous task: Find banana (tried first two cabinets), Now: Find the ketchup.

Seenelaranh MessyMem
ca

Baseline
SG + KF

Scene graph
@cabinet_1:
XY,z

X

Ocabinet_2:

t=2

Mg
=W - \ . ¥ - v 1. MOVE — @ cabinet_1 (INCORRECT: locked) )X
= E;i‘ | 6 e ketchuy Goal: retrieve ketchup

° oabinet.] is locke S > cabinet_2 does not contain

© ketchup

2. OPEN - cabinet_1
3. INSPECT - cabinet_1
4. CLOSE — cabinet_1

Figure 7: Locked-and-Unlocked Cabinets. This scenario highlights the role of the interaction
analyzer. By reasoning over the interaction collage, MessyMem correctly determines the first cabinet
as locked and stores this in the scene graph. On the next task, the robot uses this memory, together
with the remembered contents of the second cabinet, to skip both and move to the remaining cabinet.

Clutter-Aware Pick. Given two cabinets, both of which contain a ketchup bottle, but in cab_1 it
sits alone with clear side access (five other items packed to one side), whereas in cab_2 it is wedged
among two tightly-clustered items. The cluttered cabinet holds fewer items overall, so item counts
are anti-correlated with accessibility. The robot is first instructed “Look in the upper cabinets and
find the mustard.” (mustard is in cab_2), opening both cabinets and seeding memory with interior
keyframes. It is then instructed “Pick up the ketchup from a cabinet and place it on the counter.”,
ending in front of the already-open cab_2. By choosing based solely on proximity, the robot will at-
tempt the wrong, cluttered cabinet. A scene-graph only (SG) method cannot confidently determine
the correct cabinet as it only records the broad category of “ketchup”. Success requires compar-
ing the two interiors from the stored keyframes and picking from the less-cluttered cab_1, testing
whether keyframe memory supplies spatial information beyond semantic labels and positions. Fig-
ure 8 compares MessyMem against SG+IA, highlighting the impact of the keyframe memory. In this
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scenario, when needing to pick the ketchup, MessyMem enables querying relevant keyframes for the
VLM to decide which cabinet is more accessible and less cluttered for picking. In contrast, SG+IA
solely relies on how many objects there are in a cabinet, which is an insufficient signal, and therefore
picks up the ketchup that is cluttered amongst other condiments.

Previous: Find mustard (explored both cabinets), Now: Pick & place ketchup. Baseli
aseline

Scene graph MessyMem Scene graph SG+IA

© cabinet_1: © cabinet_1:

openable: true openable: true

contents: contents:

[ketchup, banana, apple,mug, kiwi, . .. ] [ketchup, banana, apple, mug, kiwi, . ..]

@ cabinet_2: @ cabinet_2:

openable: true openable: true

contents: contents:

[mustard, ketchup, cereal] [mustard, ketchup, cereal]
Plan Plan

1. MOVE — O cabinet_1 1. MOVE — @ cabinet_2

> cabinet_1 chosen: less clutter,
ketchup easily accessible

2. OPEN — cabinet_1

3. PICK + PLACE — cabinet_1 to counter

4. CLOSE — cabinet_1

o cabinet_2 chosen: fewer objects, X
(INCORRECT: clustered, not accessible)
OPEN — cabinet_2
PICK + PLACE — cabinet_2 to counter
CLOSE — cabinet_2

Figure 8: Clutter-Aware Pick. This scenario demonstrates the importance of keyframe memory.
The robot has to look back at prior visual observations to compare fine-grained details such as clutter,
free space, and object layout. The planner is able to query the relevant keyframes to determine
picking from which cabinet is more accessible and less likely to disturb nearby objects.

C.2 Baselines

All methods use the same environment layouts, perception front-end, primitive skills, planner model,
and task-success checks unless otherwise noted. We compare against both internal ablations of
MessyMem and external memory representations.

Internal ablations. Our ablations selectively remove components of MessyMem while keeping the
remaining system fixed.

* MessyMem (SG+IA+KF). Our full method combines a persistent 3D scene graph,
interaction-analyzer updates, and linked keyframe memory.

* SG+IA. Scene graph memory with interaction-derived updates, but without keyframes.
This tests whether structured interaction outcomes alone are sufficient without access to
fine-grained visual evidence.

* SG+KEF. Scene graph memory with linked keyframes, but without interaction-analyzer up-
dates. This tests whether visual recall can compensate for missing interaction-derived prop-
erties and outcomes.

* SG. A persistent scene graph containing object labels and positions, but no interaction-
derived updates or keyframe memory. This tests the value of a spatially grounded memory
without either interaction semantics or visual recall.

RoboEXP-ACSG. We adapt RoboEXP’s Action-Conditioned Scene Graph (ACSG) [13] from its
released implementation. RoboEXP is designed for interactive exploration, where actions reveal hid-
den scene structure that is incorporated into a relational graph containing object identities, geometry,
and coarse relations such as inside, on, and under. We use the ACSG as a drop-in replacement for
MessyMem’s memory while keeping perception, planning, primitives, and evaluation fixed. Rather
than running RoboEXP’s exploration policy end-to-end, we adapt its graph updates to our shared
stack and allow the graph to persist across sequential tasks and be queried by the same closed-loop
planner as MessyMem, strengthening the baseline beyond its original exploration-focused setting.
Unlike MessyMem, RoboEXP-ACSG does not retain linked visual keyframes or richer interaction-
derived properties and outcomes, such as whether a fixture was discovered to be locked.
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MemER-style. We implement a MemER-style visual memory following the high-level memory
selection procedure of Sridhar et al [6]. We use the term MemER-style because we reproduce its
memory mechanism without fine-tuning or reproducing its original low-level policy. At each update,
a VLM identifies temporally informative frames; nearby selections are clustered along the time axis,
and representative frames are retained in a bounded visual memory. We follow the original integer
hyperparameters with a memory length of 8, recent window of 8, and temporal merge distance of 5.

MemER was originally developed in a tabletop manipulation setting, where the relevant workspace
remains largely within view. Its memory therefore consists of selected past images without a persis-
tent spatial index associating those images with navigable scene entities. In our mobile-manipulation
setting, objects and fixtures frequently leave the robot’s current view, so generated subtasks must be
grounded from the current observation alone. We use the same VLM and primitive execution stack
as the other methods so that differences primarily reflect the memory representation rather than the
underlying model or controller.

MemER+Fixtures. We additionally evaluate MemER+Fixtures, which uses the same visual
memory mechanism as MemER-style but additionally provides the planner with the identities and
world positions of the kitchen fixtures. This gives the method an explicit spatial vocabulary for re-
ferring to and navigating toward out-of-view destinations while leaving its visual memory selection
unchanged. The comparison between MemER-style and MemER+Fixtures measures how much
explicit spatial grounding helps when adapting their method to mobile manipulation.

D Real-World Scenario Details

D.1 Task Descriptions

Office Drawer Search. The robot searches three office drawer units where the left drawer is
locked, the middle and right are unlocked. The scissors are in the right drawer (with a green cup
on top), a banana is in the middle drawer, and an orange cup labeled “John” sits atop the locked
left drawer; before the final instruction, a gaming controller is placed in the right drawer. The robot
receives three sequential instructions: “Find me scissors.”, then “Move to John’s cup.”, then “Since
you finished your last task, my friend just placed a gaming controller into one of the unlocked draw-
ers. Help me find it.” Across these it must remember which drawer failed to open (locked), what
contents were already observed, and which locations remain plausible for the next target.

Sock Pairing. Three fixtures are arranged left-to-right, two drawers and a chair, with socks in
each drawer and one lone sock placed on the chair. The lone sock’s distinguishing attribute (color or
pattern) and which drawer holds its match are swapped and randomized between trials, so the answer
cannot be memorized and must be inferred from observation. The robot receives three sequential
instructions: “Move to each drawer unit, open it, and peek inside to observe the contents.”, then
“Move to the chair.”, then “Pick up the lone sock from the chair and place it into the drawer with
its matching pair.” Success requires visual memory. The planner must recall which drawer contains
the sock matching the lone sock, a distinction of color or pattern rather than object category alone.
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