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Abstract: A robot that returns to the same building can reuse its map in-
stead of searching from scratch. The lifelong object-navigation benchmarks that
persistent-memory navigators report on model the agent as a rigid cylinder, so it
is not known how much of the memory benefit survives a body that can catch on
furniture and fall. We evaluate persistent scene-graph memory for chained object-
goal navigation on a simulated Unitree Go2 quadruped in Isaac Sim, over 2500
paired episodes in 25 houses, five chained subtasks per house. Carrying the scene
graph across subtasks raises success rate from 0.38 to 0.51, and the gain grows
as the graph accumulates, from none on the first subtask to 0.21 on the fourth.
Of 1357 failures, 64% are stalls or falls, and 95% of the stalls end within half a
body length of an obstacle. Without the carried scene graph, an object record store
raises success at p = 0.023; restricted to pairs in which both robots made at least
one decision, the same comparison gives p = 0.47.
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1 Introduction

A robot that works in one building over many tasks should not rediscover the layout for every
request. Zero-shot object navigators score frontiers with a language-grounded value map [3] or
prompt a language model with an online scene graph [7, 8, 9, 12], and discard the map after each
goal. Persistent-memory navigators [11, 10, 2] keep it across a chain of goals [4], usually as a 3D
scene graph built online from RGB-D frames [1, 6, 13]. The lifelong benchmarks these systems
report on run in Habitat [5], where the agent is a rigid cylinder that slides along obstacles instead of
catching on them [4, 2].

A legged robot can catch on a doorframe, get stuck between furniture, or fall, and in our setup a fall
ends every remaining subtask in the house. Failures like these limit how much any memory can help.
They also bias a memory comparison when one of the two robots stops moving more often, because
the difference in success rate then partly measures execution rather than memory. To measure the
memory effect, each failure must be attributed to a pipeline stage, and the comparison must account
for differential execution failure. Earlier failure analyses found that Habitat agents exploit sliding
along walls, which lowers the correlation between simulated and real performance [15], and that
the error modes of object navigators differ between simulation and real homes [16]. Those studies
explore how far simulation predicts hardware for single goals; we explore whether execution failure
biases a paired comparison of memory configurations.

We run SSMG-Nav’s skeleton-graph planner [2] over a Hydra scene graph [1] on a Unitree Go2 in
Isaac Sim [18], and compare a scene graph carried across a chain of five object-goal subtasks against
one rebuilt for every subtask, with and without an object record store, over 2500 paired episodes.
We report success rate (SR) and success weighted by path length (SPL). Our contributions are:
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Figure 1: (a) One decision, end to end; blue persists across subtask boundaries. (b) The Hydra graph
of one house after four subtasks: 20 objects, 116 places, 1 room.

* A stage-level failure attribution for persistent-memory object navigation on a legged robot:
63.8% of failures are stalls or falls, and 95% of the stalls end within 0.35 m of an obstacle.

* A paired evaluation in which the carried scene graph raises SR by 0.125, growing from
+4-0.01 on the first subtask to +0.21 on the fourth.

* A check for execution confounds in memory comparisons: restricted to pairs in which both
robots made at least one decision, an apparent record-store gain disappears (p = 0.023
before, 0.47 after), while the scene-graph gain remains.

2 Method

Task. In each house, the robot receives K = 5 object categories in the order [A4, B, C, A, B], so
the fourth and fifth subtasks repeat the first two after two intervening goals. A subtask ends when
the agent declares arrival, when its budget of 30 000 simulation steps runs out, or when the robot
falls. A fallen robot is not righted, so a fall also fails every later subtask in that house. A subtask
succeeds if the agent declares arrival within 1.0 m of the bounding-box surface of any instance of
the category, following GOAT-Bench [4].

System. The robot is an articulated Unitree Go2 in Isaac Sim, walking under a velocity-tracking
policy trained with unitree_r1l_lab [19], with a front RGB-D camera (640 x 480, 79.9° horizontal
field of view) and poses from the simulator. Object labels come from the simulator’s ground-truth
semantics in every configuration, which isolates memory and execution from detection error. Hy-
dra [1] builds the scene graph from the RGB-D stream. In parallel, a 2D occupancy grid is ray-cast
from depth, and its free-space medial axis is pruned into a skeleton graph of corridor junctions and
endpoints (Fig. 1). The SSMG-Nav planner [2] attaches objects to skeleton keypoints. Qwen3.5-
9B [20] scores each keypoint from its attached labels and a bird’s-eye crop of the map, and VLFM’s
value map [3] scores frontiers. The planner visits candidates in an order that trades belief against
travel distance. A* plans a path on the occupancy grid, with obstacles inflated by 0.20 m, and a pure-
pursuit controller turns it into velocity commands for the locomotion policy. A stalled robot reverses
open-loop for 1.5 s, at most twice per subtask, and a further stall ends the subtask (Appendix C).
Appendix E lists every departure from the published SSMG-Nav.

Failure stages. Every failed subtask is assigned to exactly one stage, checked in order. GROUND:
the agent declared the object absent. Every category exists in every house, so this is always wrong.
SELECT: the agent never chose the right target within its budget. MOVE: the robot stopped making
progress or fell before the agent finished, whether it was heading for a chosen object or a frontier.
We split one cause out of SELECT: subtasks in which Hydra never produced a graph, so the agent
had nothing to decide on. All the metrics are defined in Appendix A.
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3 Experimental Setup

Houses. We use 25 single-floor ProcTHOR houses [14] of 155 to 399 m?, each with all five goal
categories (sofa, bed, toilet, sink, houseplant), and Latin-square category orders (Appendix F).

Configurations. In full, one Hydra instance runs through all five subtasks of a house. In blind,
each subtask starts a new Hydra instance, and objects seen in earlier subtasks are hidden from target
selection. Both carry the robot’s pose and the occupancy grid, so they plan on the same free space.
The record store, a unified knowledge base (UKB), is off in ssmg and on in ssmg-ukb. It keeps
per-object records through Hydra’s node merges and gives the planner each candidate’s observation
history and a log of where earlier subtasks searched (Appendix D). We treat it as a second factor,
not a contribution.

Statistics. Each configuration runs all 125 subtasks five times, giving 625 subtasks per configuration
and 2500 in total. Under identical code, the median house’s SR differs by 0.60 between its best and
worst repeat, so a single repeat is too noisy. Two configurations are compared on pairs of episodes
with the same repeat, house and subtask, run on the same machine, with an exact two-sided sign test
over the pairs whose outcomes differ. Because the five subtasks in a house share a map and a robot,
the 95% intervals come from a 10 000-sample bootstrap that resamples whole houses.

4 Results

4.1 Effect of the carried scene graph

full and blind both start the first subtask with an empty graph, so a gain from carried memory can
only appear from the second subtask on. Over 625 pairs, carrying the graph raises SR from 0.381 to
0.506 (interval [+0.059, +0.189], 142 pairs succeed only with the graph carried and 64 only blind,
p < 0.001) and SPL from 0.194 to 0.303 (interval [+0.065, +0.154]; all metrics in Table 2). By
subtask the gap is +0.01, +0.10, +0.14, +0.21 and +0.18 (Fig. 2).

On a repeat, the carried graph helps mainly when the first request already found the object: the
fourth subtask succeeds in 53 of 86 runs (0.62) against 28 of 85 (0.33) blind after a first-request
success, and in 6 of 39 (0.15) against 5 of 40 (0.12) after a failure (Table 4).

4.2 Failure attribution

Of 1357 failures across all 2500 subtasks, 866 (63.8%) are MOVE (Table 1). SELECT accounts
for 348 (25.6%), GROUND for 97 (7.1%), and a missing graph for 46 (3.4%). Within MOVE, the
robot stalled while exploring in 401 subtasks and while approaching a chosen object in 174, and
290 subtasks ended on a fall or after one (21 of these falls are inferred, Appendix A). The agent
had chosen an object in only 191 of the 866; in 217 the robot was down before any decision in that
subtask.



We compared each stall site with the simulator’s colliders and with the robot’s live grid (Ap-
pendix C). Of 575 stalls, 545 (95%) end within 0.35 m of an obstacle, half the Go2’s length, against
10.4% of path points. Median clearance is 0.21 m, the edge of the 0.20 m inflation. The live grid
held that obstacle in 495 stalls (86%) and lacked it in 50 (9%). Unlike the stalls, 53 of the 89 falls
happen more than 0.35 m from any obstacle, which points to locomotion instability, though we
logged no contacts. Only 17% of the 907 subtasks with a retreat succeed, against 62% of the rest.

On the repeated subtasks, the carried graph cuts exploration stalls from 50 to 25 and raises approach
stalls from 8 to 39, for 64 stalls in total against 58 blind. With the record store the counts move the
same way (47 to 33, 13 to 34).

The blind configurations lose more subtasks before their first decision, and these losses count toward
the scene-graph gain: 133 against 52 for ssmg, of which 71 against 52 are falls and 62 against
0 are stalls. In 25 of these 62 stalls, the Hydra instance restarted for the subtask never produced
a graph (Section 5(c)); in the other 37, the robot had a live graph and stayed within 1 m of its
start. As a sensitivity analysis, we restrict to pairs in which both robots made at least one decision;
this removes the gap but conditions on a post-treatment variable. Under it the scene-graph gain is
+0.090 SR (interval [+0.027, 4+0.154], 454 pairs) and still grows from +0.01 on the first subtask to
+0.18 on the fourth. Without conditioning on decisions, counting all 25 no-graph subtasks as blind
successes, the worst case for the comparison, leaves +0.085, and dropping only those pairs gives
+0.112 (interval [+0.047, +0.178], 600 pairs). With the record store on, the gain is smaller on every
estimate: +0.045, +0.063 (interval [+0.002, +0.123]), and +0.034 under the decision restriction,
whose interval includes zero (Appendix C).

4.3 Execution failure in memory comparisons

The record store has no measurable effect with the graph carried: SR 0.510 against 0.506, interval
[—0.058,+0.072], p = 0.89. In the blind configurations it appears to help: +0.051 SR, p = 0.023
by the sign test. Those configurations also differ by 33 in subtasks that ended before the first decision
(133 against 100), close to their 32-success gap, and a store that helps by tracking merges should
help more with the graph carried, where Hydra merges more. Restricting to pairs in which both
robots made a decision leaves +0.021 (p = 0.47), and the clustered interval on the unrestricted
gain, [—0.003, +0.106], includes zero.

5 Conclusion and limitations

On a simulated legged robot, a carried scene graph raises SR from 0.381 to 0.506, and the gain
grows as the graph accumulates. Most failures (63.8%) are stalls and falls. Stalls cluster at obstacles
already on the robot’s map, which suggests testing a body-sized clearance model before a better
map, and memory moves them from exploration to the approach without reducing them. Because
execution failure can differ between configurations, memory evaluations on legged robots should
report execution-failure rates for each configuration, alongside the effect restricted to pairs in which
both robots made a decision.

Limitations. (a) All results come from one simulator, one locomotion policy and one house gen-
erator, so the execution share may differ on hardware. (b) Object labels and poses come from the
simulator, which isolates memory from perception error but makes absolute success an upper bound
and leaves the record store little to correct. (c) Restarting Hydra in the blind configurations produces
the 46 no-graph subtasks. Keeping one Hydra instance and hiding earlier objects is not a clean con-
trol: Hydra creates no second node for an object it already holds, so hidden objects stay hidden, and
in an earlier pilot 9 of 10 such subtasks never saw a candidate. A matched control must re-detect
objects and reopen frontiers at each boundary; we have not run one. (d) Recovery is open-loop, a
fallen robot is not righted, and we logged no contact forces, so obstacle proximity is evidence of a
clearance failure, not proof. (¢) We ran no ideal-body baseline, so we cannot say how much SR the
legged body itself costs.
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Appendix
A Metric and failure-stage definitions

* SR (success rate). The fraction of subtasks in which the robot declares arrival and its final
position is within 1.0 m of the target surface. A subtask that ran out of budget next to a sofa
the agent never identified is not a success.

* SR@0.5. The same rule with a 0.5 m radius, applied to the same runs. SSMG-Nav and
GOAT-Bench use the stricter radius. A sweep over more radii is left for future work.

* OS (oracle success). The fraction of subtasks in which the robot passed within 1.0 m of a
target at any point, whether or not it stopped. The path is recorded every 5 cm.

* SPL (success weighted by path length). + >°.S;l;/ max(p;,[;), with S; the success
indicator, [; the shortest path from start to target and p; the distance walked.

* NE (navigation error). Geodesic distance from the final position to the nearest target.
Subtasks where the agent declared the target absent or recorded no valid final distance
are excluded, so NE averages over 554, 572, 460 and 491 subtasks in table order, and is
optimistic for all four.

* dec. Mean number of high-level decisions per subtask. 0-dec: subtasks that ended before
the first decision.

« falls. House runs that ended in a fall. One fall fails the current subtask and every later one
in that run, so the fallen count in Table 1 is larger.

The stages are checked in order, and every failure lands in exactly one. A RESOLVE stage (the
request could not be turned into a category) is 0 in every configuration and omitted. Near-miss is
not a stage: it flags subtasks that ended inside the success radius without the robot declaring arrival
(97 in total, 93 of them MOVE failures).

Inferred falls. In the first repeat of the two full configurations, 21 falls predate the agent’s fall flag.
They are inferred from the run of zero-decision, budget-exhausted subtasks a fall leaves behind. On
repeats 2-5, where the flag exists, this rule finds 84 of 88 flagged falls, and 84 of the 85 subtasks it
marks did fall.

B Full results and paired contrasts

Table 2: Pooled results with all metrics, 625 subtasks per configuration.

configuration SR SR@0.5 OS SPL  NE(@m) dec. 0-dec falls
ssmg-full 0.506 0.483 0.594 0.303 441 12.1 52 20
ssmg-ukb-full 0.510 0.490 0.587 0.295 4.89 13.2 41 18
ssmg-blind 0.381 0.373 0.448 0.194 5.06 14.4 133 26

ssmg-ukb-blind 0.432 0.414 0.494 0.219 4.71 144 100 25

Subtask-1 success also selects easier houses and runs without an early fall. Excluding runs that fell
before the fourth subtask gives 0.68 against 0.38 after a success. The fifth subtask given the second
shows the same pattern as the fourth given the first.

The blind configurations do not walk farther than the full ones (12.9 km against 12.4 km in total for
ssmg), but more of their house runs end in a fall (26 against 20). With these counts, we cannot say
whether falls depend on how the robot explores.

C Diagnosis of MOVE failures and the restart confound

Recovery. A retreat is a blind reverse at 0.5 m/s for 1.5 s, with no pose feedback. While exploring,
it fires when eight consecutive decisions are all made within 0.25 m of the first of them, and the



Table 3: Paired contrasts. A is the first configuration minus the second. Brackets: house-clustered
95% bootstrap interval. W/L: pairs that succeed only under the first configuration / only under the
second. “moved” keeps pairs in which both subtasks made at least one decision (the sensitivity

analysis of Section 4.2).

contrast pairs n ASR ASPL W/L, p
scene graph: full — blind
ssmg all 625 +0.125[+.059,+.189] +0.109[+.065,+.154] 142/64, <.001
moved 454 +0.090[+.027,+.154] +0.089 [+.045,4.134] 85/44, <.001
ssmg-ukb all 625 +0.078[+.019,+.138] +0.075[+.026,+.126] 127/78, .001
moved 496 +0.034[—.031,+.101] +0.053[—.003,+.110]  83/66, .190

record store: ukb — ssmg

full all 625 +0.005[—.058,+.072] —0.008 [—.054,+.037] 103/100, .888
moved 542 +0.000[—.060,+.060] —0.013 [—.063,4.032] 85/85, 1.00
blind  all 625 +0.051[—.003,+.106] +0.026 [—.004,+.054] 109/77, .023
moved 427 40.021[—.039,4+.079] +0.003 [—.026,+.032]  67/58, 474

Table 4: SR on a repeated category given the outcome of its first request. Successes over runs.

configuration k=4|k=1ok k=4|k=1fail k=5|k=20k k=5 |k=2fail
ssmg-full 53/86 (0.62) 6/39 (0.15) 44/62 (0.71) 8/63 (0.13)
ssmg-ukb-full 50/84 (0.60) 5/41(0.12) 44/62 (0.71) 10/63 (0.16)
ssmg-blind 28/85 (0.33) 5/40 (0.12) 24/50 (0.48) 6/75 (0.08)
ssmg-ukb-blind  37/81 (0.46) 8/44 (0.18) 23/61 (0.38) 6/64 (0.09)

frontier the robot wedged on is retired. While approaching a chosen object, it fires when the route
has been replanned more than five times without closing 0.25 m on the goal, or when no route
remains. Each subtask allows two retreats, and the next stall ends it.

Table 5: Subtasks by number of retreats, all four configurations.

retreats  subtasks succeeded ended on a stall
0 1593 989 (62%) 0

1 206 89 (43%) 0

2 701 65 (9%) 575

Stall and fall sites. The site is the last point of the recorded path. Obstacles come from a grid of the
simulator’s colliders between 0.03 and 0.80 m, the same height band as the live grid, stored inflated
by 0.20 m and eroded back for this analysis, which can close gaps narrower than the inflation. We
call a site near if an obstacle lies within 0.35 m of the robot’s center, half its 0.70 m standing length;
the planner treats the robot as a 0.20 m disc, which covers its 0.155 m half-width but not its half-
length. A near site is mapped if the live grid at the end of that subtask holds an occupied cell within
0.10 m of the nearest obstacle cell. Across path points sampled from repeats 2-5, 10.4% are near
and the median clearance is 0.80 m. Of the 89 falls, 70 came with no earlier retreat in the subtask,
so the retreat itself does not explain most falls. We inspected 16 sampled sites by eye against both
grids. We logged no contact forces, so these classes describe where the robot stopped, not what
touched it.

Map coverage. For ssmg-full at the end of each chain, 87.5% of obstacle boundary cells within
0.10 m of observed space have an occupied live cell within 0.10 m. The grid fuses depth from 0.4
to 5.0 m. We have no separate count for low furniture, because the height band is not split.

Near-misses. Of the 93 MOVE near-misses, 78 are approach stalls, 8 exploration stalls and 7 falls.
Arrival is declared only when the robot reaches the goal point, and the 78 approach stalls ended a
median 0.67 m short of it, inside the success radius. The agent does not check the success radius, so
the stall rule ends the subtask first. Declaring arrival at these sites would add at most 93 successes
(+0.037 SR pooled), split 28, 22, 25 and 18 in table order, so it would not change the comparisons.



Table 6: Where the robot stopped. Clearance is the median distance from the site to the nearest
obstacle.

ending sites  near, mapped near, unmapped open floor clearance (m)
stall while exploring 401 346 36 19 0.21
stall on approach 174 149 14 11 0.22
first fall of a run 89 34 2 53 0.45

Restart sensitivity. Table 7 repeats the scene-graph contrast under each treatment of the blind
subtasks that failed at startup. By subtask, ssmg-blind has 0, 2, 5, 8, 10 no-graph subtasks and
ssmg-ukb-blind has 0, 3, 5, 4, 9, all after a restart. Under the worst case, the ssmg gain by subtask
is +0.01, +0.08, +0.10, 40.14, +0.10. Across our five repeats, the single-repeat ssmg contrast
ranges from 0.00 to 4-0.26, so a new control would need several repeats.

Table 7: Scene-graph gain in SR, full — blind. Worst case: every no-graph subtask counted as a
blind success. Brackets: house-clustered 95% interval.

all pairs worst case drop no-graph both decided

ssmg +0.125 +0.085 +0.112[+.047,+.178] +0.087 [+.021,+.153] +0.090 [+.027,+.154]
ssmg-ukb +0.078 40.045 +0.063[+4.002,4-.123] +40.042[—-.023,4-.106] +0.034[—.031,+.101]

drop 0-dec stalls

D The object record store

Hydra merges adjacent object nodes as new views arrive, reports merges only as aggregate counters,
and drops the metadata of the absorbed node. Its ROS interface also broadcasts full graph snapshots
(about 1 Hz), which replace the agent’s in-memory graph, so metadata written into graph nodes is
overwritten within seconds. The record store (UKB) therefore keeps object records beside the graph.
The record of object j is the tuple

first

_ last
rj =t by, dj, ¢G5 ¢, ¢, Vi, My, x;).

Geometry, class, and room are read from the live node h;.

Table 8: Record fields and how they merge when record 1, is folded into r,, whose node survives.
Ties: ¢ goes to the smaller id, d to the record seen first.

field meaning merged value
L record id, fixed at creation id of the record seen first
h Hydra node currently holding the object ha
d appearance description from the VLM d of the record with more observations
g™t g2t subtasks of the first and latest observation min, max
decisions at which the node was present Ca + Cp

view references, at most 8
ids of records merged into this one
2D position of the node when last seen

¥z <o

Vo U V4, first 8 kept
M, U My U {the losing ¢}

Xa

At every decision, the store creates a record for each new object node and updates ¢'**, ¢ and x

for each node it already tracks. When a tracked node disappears, Hydra does not report which node
absorbed it, so its record is merged into that of the nearest live node within 1.0 m of its last position
x (ties to the smaller node id), by the rules in Table 8. A record with no live node within 1.0 m stays
in the store and is checked again at every later decision, so its history survives if a node later appears
near its last position.

The store changes two planner inputs. (1) For each object candidate in the VLM’s retrieval prompt,
it adds the record’s description and observation history. (2) In exploration, a frontier within 0.5 m
of one that an earlier subtask was sent to is demoted by 0.5 belief units in the visit order. In a pilot



sweep, 44% of exploration goals in later subtasks lay within 0.5 m of an earlier subtask’s goal, so
the agent spent travel searching ground it had already covered. These frontiers are demoted rather
than removed because the log records where the robot was sent, not whether it arrived.

Merges are frequent: in ssmg-ukb-full, 2317 of 5687 records (41%) were reattached, and 320
of 625 subtasks contained at least one reattachment. We did not measure whether reattachments
chose the correct survivor. The store has no effect on navigation (Table 3), including on the repeated
subtasks (0.436 against 0.444, 250 pairs). For the current set of experiments, the number of reat-
tachments in a house does not predict the store’s gain (Spearman p = +0.33 over 25 houses with the
graph carried, —0.15 blind), though 25 houses is a small sample for this test. With the graph carried,
the store changes the stage at which subtasks fail but not how many fail: ssmg-ukb-full has 16
fewer MOVE failures and 20 more SELECT failures than ssmg-full, and 306 failures against 309
(Table 1).

E Departures from the published SSMG-Nav

Table 9: Departures from the published SSMG-Nav [2].

Theirs Ours Why

VER point-nav policy A* plus pure pursuit Their policy assumes a Habitat cylinder
and discrete actions

Attach at highest-confidence Attach at object centroid Our object nodes carry no view buffer

viewpoint pose or confidence

Belief scale and 7 both unstated ~ Per-source scale, 7 = 1 The planner weights beliefs

exponentially, so their scale sets the
trade-off against distance

Grounding-DINO and Ground-truth semantic labels ~ Shared by all configurations; isolates
MobileSAM detections memory from perception

Belief normalization. Each candidate has a belief b, a score for how likely the target is near it. For
a keypoint, b is the VLM’s reply, clamped to [0, 1]. For a frontier, b is the value map’s CLIP cosine
similarity between the images observed there and the goal text. The visit order weights each candi-
date by exp(b/7) against its travel distance, with 7 = 1. Across frontiers, the cosines lie between
about 0.05 and 0.10, so two frontiers’ beliefs differ by at most 0.05 and their weights by a factor
of at most exp(0.05) ~ 1.05. Distance then decides the order, and the planner visits the nearest
frontier regardless of the target. We divide each source’s beliefs by its spread before weighting: by
0.05 for the value map, the measured range of its cosines, and by 1.0 for the VLM, whose replies
already span [0, 1], so its beliefs are unchanged. Neither constant was tuned on navigation success.

Smaller departures, shared by all four configurations: continuous simulation steps replace the 500-
step limit; CLIP ViT-L/14 [21] replaces BLIP-2 ITC [22] in the value map; geodesic distances are
computed over skeleton edges; beliefs refresh when the skeleton changes rather than every step; and
at most 150 frontier candidates are scored per decision.

F Houses and protocol

The 25 houses are from the ProcTHOR-10k validation split [14], converted to USD for Isaac Sim.
Each has one floor, 155 to 399 m? of floor area, and all five goal categories from AI2-THOR [17].
Sinks and houseplants often occur more than once (1 to 4 sinks and 2 to 6 houseplants in the first
ten houses), so the agent has to reach one valid instance among several. Doors are locked open and
the exterior door is shut, so the simulator and the occupancy grid agree on every doorway. The robot
spawns at the point of maximum free-space clearance. Category orders follow a balanced Latin
square, so every category appears in every sequence position five times. Repeats 1-3 ran on one
RTX 5090 machine and 4-5 on a second, with identical code, about 160 h in total.
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