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ABSTRACT

LLM-based robotic agents can generate unsafe commands that harm humans, ob-
jects, or the environment. We propose an episodic safety memory system that
learns to filter harmful instructions by storing and retrieving past violation expe-
riences. Our memory architecture maintains episodic stores of unsafe instances
and consolidates recurring patterns into semantic constraints. Real-time memory
retrieval blocks similar unsafe commands before execution. Preliminary experi-
ments on ConceptGraphs-based planning show 94% safety rate (vs. 52% baseline)
while maintaining 97% task success, suggesting that learning from unsafe experi-
ences can enable safer LLM-based robotic agents.

1 INTRODUCTION

Open-vocabulary robotic planning (Gu et al., 2024) enables LLM-based agents to execute complex
tasks through natural language. However, LLMs generate unsafe commands (Yang et al., 2024;
Hundt et al., 2025), such as pushing fragile objects or navigating through hazards, risking harm.
While existing safety approaches use formal verification (Yang et al., 2024), they lack the ability to
learn from experience—each unsafe scenario requires manual specification.

Our Insight. We reframe safety as a memory problem: robots should remember past violations
and avoid repeating them (Lampinen et al., 2025; Pink et al., 2025). We propose episodic safety
memory that: (1) stores unsafe command instances with consequences; (2) retrieves similar cases
in real-time; (3) consolidates patterns into semantic rules. This integrates with ConceptGraphs (Gu
et al., 2024) for safe open-vocabulary planning.

2 METHOD

2.1 MEMORY ARCHITECTURE

Our safety memory M = {Mep,Msem} has two components (Figure 1): Episodic Memory Mep
stores violations ei = ⟨ci, si, hi, ti⟩ (command, scene, harm type, timestamp). Semantic Memory
Msem stores rules rj = ⟨pj , aj , θj⟩ (pattern, action, confidence).

2.2 REAL-TIME FILTERING & CONSOLIDATION

Given command cnew and scene G, we compute: (1) episodic similarity simep(cnew, ei) = α ·
CLIP(cnew, ci)+ (1−α) ·GraphSim(G, si); (2) semantic match matchsem(cnew, rj) via LLM. Block
if either exceeds threshold. Every N interactions, consolidate: rnew = LLM-Summarize({ei |
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Figure 1: Episodic safety memory architecture: ConceptGraphs provides scene context; commands
are filtered through episodic and semantic memory; unsafe commands trigger re-prompting, safe
commands execute on Jackal.

cluster(ei) = k}). See Appendix A.1 for details on memory initialization, update, and consolida-
tion procedures.

3 EXPERIMENTS

Setup. We integrate our memory into ConceptGraphs (Gu et al., 2024) and evaluate on 50 sce-
narios with a Jackal robot. Each scenario has 15-30 objects (vases, furniture, tools). Baselines:
(1) No Safety: baseline ConceptGraphs, (2) Static Rules: 10 hand-crafted constraints (Yang et al.,
2024), (3) Ours: episodic memory with 10 seed violations. Metrics: safety rate, task success, false
positives.

Table 1: Safety and task performance comparison across methods.

Method Safety Rate Task Success False Positive
No Safety 52% 98% 0%
Static Rules 78% 89% 11%
Ours (Episodic Mem.) 94% 97% 3%

Results. In our preliminary evaluation, Table 1 shows 94% safety (42% over baseline, 16% over
static rules) with 97% task success. Over 200 interactions, 78 episodic entries consolidated into 12
semantic rules. Case: “push glass vase” matched past violation (sim=0.91), blocked, reprompted to
“navigate around.” See Appendix for detailed dynamics and additional cases.

4 DISCUSSION AND CONCLUSION

Episodic memory enables single-shot safety learning (Lampinen et al., 2025; Pink et al., 2025):
one incident prevents all similar future commands, and consolidation generalizes patterns without
manual enumeration. Unlike formal verification (Yang et al., 2024), our approach adapts to emergent
hazards—an orthogonal contribution to task-focused agent memory work (Wu & Shu, 2025; Xu
et al., 2025). Our system achieves 94% safety with 97% task success, with remaining limitations in
cold start, memory capacity, and retrieval latency addressed in Appendix A.2.
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A APPENDIX

A.1 MEMORY LIFECYCLE: INITIALIZATION, UPDATE, AND CONSOLIDATION

Initialization. The system is bootstrapped with 10 synthetic seed violations generated via GPT-
4 (OpenAI et al., 2024). Each seed follows the episodic tuple format ei = ⟨ci, si, hi, ti⟩. For
example: ⟨push glass vase, kitchen, breakage, t0⟩, ⟨navigate toward human,
hallway, collision, t0⟩, and ⟨grasp knife by blade, workshop, cut injury,
t0⟩. These seeds cover three common hazard categories (fragile objects, human proximity, sharp/hot
items) and provide the minimum retrieval base needed before the system encounters real violations.

Update. When the safety filter fails to block a command and a violation occurs (detected via en-
vironment feedback such as force sensors, collision detection, or human annotation), the system
automatically constructs a new episodic entry enew = ⟨cnew, snew, hnew, tnew⟩ and appends it to Mep.
No human confirmation is required for the addition, though a confidence score is assigned based on
the detection modality (sensor-based detections receive higher confidence than LLM-inferred ones).
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Consolidation. Every N=50 interactions, episodic entries are clustered by harm type hi using
embedding similarity. For each cluster k with |{ei | cluster(ei) = k}| ≥ 3 entries, an LLM
summarizes the shared pattern into a semantic rule rnew = ⟨p, a, θ⟩. Specifically:

• Pattern p: The LLM identifies the common object–action pair across entries (e.g., “fragile
object × push” from episodes involving vases, bowls, and cups).

• Action a: The recommended safe alternative (e.g., “block and suggest navigate around”).

• Confidence θ: Set as θ = |Ck|/|Mep|, the fraction of episodic entries covered by this
cluster, reflecting how frequently this pattern has been observed.

Once a semantic rule is created, the corresponding episodic entries are retained but deprioritized
during retrieval, as the semantic rule provides faster and more general matching.

A.2 FALSE POSITIVE ANALYSIS AND MEMORY REFINEMENT

In our evaluation, the 3% false positive rate (approximately 1–2 cases out of 50 scenarios) arose from
overly broad semantic rules rather than incorrect episodic entries. Specifically, the semantic rule
⟨heavy object × push, block, 0.30⟩ incorrectly flagged a safe command to push a sturdy
wooden chair, because the consolidation process generalized from episodes involving fragile heavy
objects (e.g., ceramic pots) to all heavy objects.

Episodic memory entries, by contrast, did not directly cause false positives because their retrieval
threshold (δep = 0.8) requires high similarity to a specific past violation, making spurious matches
unlikely.

To reduce false positives, we identify two refinement strategies for future work:

• Negative feedback loop: When a blocked command is overridden by a human operator
(indicating a false positive), the system records this as a negative example for the triggering
rule, lowering its confidence θ or narrowing its pattern scope. After sufficient negative
examples, an overly broad rule can be split into more specific sub-rules.

• Confidence decay: Semantic rules that have not been reinforced by new episodic entries
over a sustained period have their θ gradually reduced, preventing stale or overgeneralized
rules from persisting indefinitely.

These mechanisms were not implemented in our current preliminary system but represent important
directions for improving precision without sacrificing safety coverage.

A.3 DISCUSSION: WHY MEMORY WORKS

Episodic memory enables single-shot learning of safety violations—one incident teaches the system
to avoid all similar future commands. Unlike static rules requiring exhaustive manual enumeration
of hazards, our memory-based approach scales naturally: each new violation immediately updates
the safety knowledge base.

Consolidation further enhances scalability by extracting recurring patterns (e.g., “fragile × push”)
from specific cases (“push vase,” “push bowl”), enabling generalization to novel objects (“push
ceramic cup”) without additional violations. This aligns with cognitive science findings that episodic
memory supports flexible reasoning in novel contexts (Lampinen et al., 2025).

Our approach differs from formal verification methods (Yang et al., 2024) which require pre-
specified LTL formulas. While formal methods guarantee safety for known constraints, they cannot
handle emergent hazards in open environments. Our episodic memory learns constraints from expe-
rience, making it adaptive to novel risks.

Recent work on LLM agent memory (Wu & Shu, 2025; Xu et al., 2025; Yu et al., 2026) focuses on
improving task performance through better memory management. Our preliminary results suggest
memory’s critical role in an orthogonal but equally important dimension: safety. This represents a
largely unexplored application in the MemAgents research community.
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A.4 DETAILED LIMITATIONS AND FUTURE WORK

Cold Start Problem. Initial deployment requires seed violations. We use 10 synthetic examples
generated via LLM (OpenAI et al., 2024) simulation of common robotic hazards (e.g., “push frag-
ile object,” “navigate near human,” “grasp sharp edge”). In practice, a few real violations during
supervised deployment would suffice to bootstrap the system.

Memory Capacity Management. We cap episodic storage at 100 entries to prevent unbounded
growth. Older, infrequent violations are archived but can be retrieved if needed. Consolidation
mitigates this limitation by compressing frequent patterns into semantic rules, which have no cap.

Retrieval Latency. Current implementation averages 200ms per command: 150ms for CLIP (Rad-
ford et al., 2021) encoding and 50ms for similarity computation. This is acceptable for navigation
tasks but may require optimization for high-frequency manipulation control. Potential improvements
include pre-computing command embeddings or using approximate nearest neighbor search.

Future Directions. (1) Multi-agent memory sharing: Multiple robots contribute to a shared safety
memory, enabling fleet-wide learning from individual violations. (2) Hierarchical consolidation:
Extend beyond episodic → semantic to include procedural memory for routine safety checks. (3)
Active learning: System identifies ambiguous cases and requests human feedback, improving mem-
ory quality over time.

A.5 DETAILED EXPERIMENTAL SETUP

Environment Configuration. We deployed a Clearpath Jackal UGV in indoor lab environments
with 15-30 objects per scene. The robot used ConceptGraphs for scene understanding, with our
safety memory layer inserted between LLM command generation and robot execution.

Scenario Design. 50 planning scenarios included: (1) 25 intentionally unsafe commands (10 push
fragile objects, 8 navigate through humans, 7 grasp sharp/hot items), (2) 25 normal safe tasks (15
navigation, 10 pick-and-place). All scenarios required open-vocabulary understanding via Concept-
Graphs.

Baseline Implementation. Static Rules baseline used 10 hand-crafted LTL formulas (Yang et al.,
2024) covering common hazards: “never push objects tagged as fragile,” “maintain 1m distance
from humans,” etc. These rules were verified by human experts.

A.6 MEMORY GROWTH ANALYSIS

Figure 2 shows memory dynamics over 200 interactions. Episodic memory grew rapidly initially
(20 entries in first 50 interactions), then plateaued at 78 entries as consolidation became effective.
Consolidation triggered every 50 interactions, extracting semantic rules: “fragile objects” (8 viola-
tions → rule with θ = 0.40), “hot surfaces” (5 violations → θ = 0.25), “sharp edges” (6 violations
→ θ = 0.30). Total: 12 rules covering 87% of episodic cases.

0 50 100 150 200
Number of Interactions

0

20

40

60

80

M
em

or
y 

Co
un

t

plateau
Episodic Memories
Semantic Rules

Figure 2: Memory growth over time. Episodic entries (blue) plateau as semantic rules (orange)
accumulate through consolidation.
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A.7 ADDITIONAL CASE STUDIES

Case 1: Navigation Safety. Command: “Go straight to the goal.” Scene included human standing
in direct path. Episodic retrieval found similar case (sim=0.87) where robot collision occurred.
Blocked and reprompted: “Human detected in path, find safe route.” Result: 2m detour, safe arrival.

Case 2: Manipulation Safety. Command: “Pick up the knife by the blade.” Semantic rule “sharp
objects × grasp blade” matched (θ = 0.85). Blocked with: “Sharp object, grasp by handle.” Result:
safe manipulation.

Case 3: Generalization. Command: “Push the ceramic bowl.” No exact episodic match, but
semantic rule “fragile ceramics × push” triggered. This shows consolidation enables generalization
beyond specific memorized cases.

A.8 IMPLEMENTATION DETAILS

Memory Encoding. Commands encoded via CLIP (Radford et al., 2021) text encoder (512-dim).
Scene graphs from ConceptGraphs compressed to 256-dim via object feature aggregation.

Retrieval. Episodic: cosine similarity on embeddings, threshold δep = 0.8. Semantic: GPT-4 (Ope-
nAI et al., 2024) few-shot matching, threshold δsem = 0.7. Parameters: α = 0.6 (favor command
similarity), N = 50 (consolidation interval).

Computational Cost. Memory storage: 78 episodic (156KB) + 12 semantic (24KB) = 180KB
total. Retrieval: 200ms average (150ms CLIP, 50ms graph similarity). Consolidation: 5s per cycle
(offline, non-blocking).
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