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Recap 1

⚫Team3: Alignment-aware 3DGeneration
■ Problem

 CLIP retrieves similar references, but similar ≠ useful for 3D generation.

■ Core Idea
 RL-based reranking selects reliable references

 Side-view routing improves geometric alignment

■ Takeaway
 Reliable references and multi-view geometry improve 3D generation.
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⚫Relation-aware navigation around moving agents, 
guided by episodic memory of past interactions
■ Not just collision avoidance - maintain a desired relation with moving agents 

 avoid, follow, pass, or move together

[ Future Distribution-aware Navigation ]
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1. Dataset 5

⚫ NavWareSet[1]

■ Robot-Human Social Navigation Dataset

■ Real-world trajectories of a mobiles and multiple human participants

■ Covers structured social navigation scenarios

■ We used this to build and evaluate our episodic-relational memory

[1] J. Brayan, S. Deng, A. Alves Neto, I. Okunevich, T. Krajnik, F. Bremond, and Z. Yan, “NavWareSet: A dataset of socially compliant and non-compliant robot 
navigation,” Int. J. Robot. Res., 2026.



2. Episodic-Relational Memory: Overview 6

⚫ Memory use pipeline
■ Input

 Observation history for N-seconds* (In ours, N is 5)

■ Encoder
 Encode input and generate embedding vector

■ Retrieve
 Retrieve top-k embedding vectors based on cosine similarity from memory DB

 Memory database

▪ Pair of past segment and future segment: {past segment, future segment}

– Segment => trajectory of robot, target, dynamic obstacles with its velocity and acceleration

▪ Each segment is N-seconds history

▪ When top-k embeddings are retrieved, we can get the future segment of each past from memory DB

■ Output
 Retrieved similar futures for N seconds

■ Query input → retrieved embeddings → each embeddings’ pair future



2. Episodic-Relational Memory: Database Structure 

⚫Memory database consists of 
■ Embeddings of history segments

 Each segment contains N-seconds history of

▪ Robot: pose, velocity, acceleration

▪ Target: ID, relative pose, relative velocity, relative acceleration

▪ Dynamic objects: ID, relative pose, relative velocity, relative acceleration

■ Pair info: {past segment, future segment}
 Past segment {t-N, t}

 Future segment {t, t+N}
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N-seconds history
{t-N ~ t}

• Robot
• Target
• Dynamic objects

Past segments

N-seconds history
{t ~ t+N}

• Robot
• Target
• Dynamic objects

Future segmentsMemory Database



2. Episodic-Relational Memory: Encoder 8

⚫Use contrastive learning

⚫Use Average Displacement Error (ADE) between segments (Error between trajectories)
■ For robot, target, dynamic obstacles

■ Based on anchor, positive for similar future segment, negative for different future segment

Embedding’s pair
Future segment {t ~ t+N}

Segments
{t-N ~ t}

Anchor

Positive

Negative

Shared

Encoder

Similar future trajectory 
→ low ADE

Future similarity
as supervision

Pull

Push



2. Episodic-Relational Memory: Retrieval result 9

⚫Retrieve top-5 embeddings by cosine similarity
■ ADE: compare with query’s GT future trajectory

 Robot-Target ATE (RT-ADE): 0.5 * Robot ADE + 0.5 * Target ADE

 Robot-Target-Obstacle ADE (RTO-ADE): 0.4 * Robot ADE + 0.4 * Target ADE + 0.2 * Obstacles ADE

■ GT-based upper bound
 Selects the top-5 trajectories from the entire memory database using GT future trajectory

 Selects most similar ones in terms of ADE

⚫We focused the ‘utilization’ of the episodic-relational memory for increasing 
navigation performance rather than optimizing its retrieval performance.

Method Top-5 Mean RT-ADE (m) ↓ Top-5 Mean RTO-ADE (m) ↓

Ours 0.433 0.428

GT-based upper bound 0.144 0.186
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⚫Retrieval Example

Ours GT-based upper bound



3. EpiRel-Memory-augmented potential prediction

⚫ Potential field from retrieved trajectory
■ Retrieves top-k similar past situations from episodic memory

■ Averages future occupancies to contrast prediction-based Φ

■ No explicit motion model – learns crowd dynamics from experience 

⚫ Comparison Against External Baseline
■ SFM(Social-Force-Model)

 Attraction force toward goal

 Repulsion force from neighboring agents

Classical force-based crowd model

→ Used as prediction baseline
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3. EpiRel-Memory-augmented potential prediction

⚫ Evaluation
■ Retrieval k=5: predicted peak near GT-target, 0.21m error.

■ ConstVel / SFM: predicted peak far from GT target, 1.43m error
 ConstVel: last observed position + last observed velocity * future time

 SFM: ConstVel initialization + agent-agent repulsive force
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GT target Predicted target



3. EpiRel-Memory-augmented potential prediction

⚫ Evaluation
■ 360 test queries, Retrieval k=5 outperforms ConstVel/SFM on all metrics

 Φ MSE: Mean squared error between predicted and GT potential fields.

 Target Peak Dist: Distance between predicted target peak and GT target position.
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Retrieval method reduces field error: 0.009 → 0.005

Retrieval method improves localization: 0.55-0.56m→0.41m



3. EpiRel-Memory-augmented potential prediction

⚫ Problem
■ Cannot represent multiple distinct future scenarios

■ Sensitive to retrieval quality
 Fails when no similar past exists

14

What if we could sample multiple plausible futures via learned flow matching?



4. Conditional Flow Matching 15

⚫ Conditional Flow Matching (CFM)
■ Future motion in human-populated environments is inherently multi-modal

■ Deterministic regressors tend to average multiple possible futures

■ We use CFM to predict future obstacle occupancy probability

⚫ Task definition
■ Input 

 5-second observation history

 Retrieved future trajectories from the memory database

 Local heightmap around the robot

■ Output
 Future occupancy probability maps for target and obstacles over the next 5 seconds 

■ Prediction format
 50 future steps at 10 Hz 

 2 channels: target and obstacles 

 64 × 64 grid over a 6.4 m × 6.4 m local area 



4. Conditional Flow Matching 16

⚫ Overall pipeline
■ Observation history is used to retrieve top-K similar futures from memory

■ Retrieved futures are converted into two forms:
 Global condition vector 

 Spatial retrieval prior 

■ CFM predicts future occupancy from:
 Local heightmap 

 Retrieval prior 

■ The predicted occupancy is converted into a potential field

■ MPC then plans a trajectory using the synthesized potential field



4. Conditional Flow Matching 17

⚫ CFM core design
■ The source distribution is a spatial decoding of the retrieval prior

 Source : x0 (encoder output)

 Target : x1 (GT occupancy probability map)

 Loss : best-of-M mode matched to GT by L1

 Flow ODE : Euler, 10 steps

 Backbone : U-Net



4. Conditional Flow Matching 18

⚫ Training result
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⚫ Training result
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⚫ Training result

Ground truth Retrieved CFM (aggregated)
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⚫ Training result

Ground truth Retrieved CFM (aggregated)



4. Conditional Flow Matching 22

⚫ Training result
■ CFM metric : target peak max, obstacle peak max

Ground truth Retrieved CFM (aggregated)

L1 KL Divergence Target peak max Obstacles peak max

Retrieval 0.005 3.184 0.359 0.856

Ours 0.052 1.902 0.508 0.958



5. Evaluation on Navigation 23

⚫ IR-SIM validation
■ Out-of-distribution target-following behavior simulation 

■ Converts CFM occupancy prediction into a subgoal

■ Subgoal is passed to conventional planners : DWA / MPC

[ DWA ] [ CFM + Subgoal(DWA) ]
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⚫ IR-SIM validation
■ Higher steps indicate more stable navigation in dynamic multi-agent scenes

[ CFM + Subgoal (MPC) ][ MPC ]
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⚫ IR-SIM validation
■ Number of moving agents

Planner Steps ↑ Clearance (min) ↑ Clearance (mean) ↑

DWA Collision 68/250 -0.022 0.993

MPC Collision 39/250 -0.047 1.160

CFM-subgoal + DWA Timeout 250/250 0.002 1.901

CFM-subgoal + MPC Collision 23/250 -0.114 1.252

[ n=4 moving agents ]

[ n=8 moving agents ]

Planner Steps ↑ Clearance (min) ↑ Clearance (mean) ↑

DWA Collision 89/200 -0.015 0.993

MPC Timeout 250/250 0.274 1.880

CFM-subgoal + DWA Collision 89/200 -0.002 1.837

CFM-subgoal + MPC Timeout 200/200 -0.020 1.599
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⚫ Conclusion
■ Episodic memory can serve as an experience-based prior for future scene prediction

■ Retrieval alone is useful, but limited when the future is uncertain or multi-modal

■ CFM extends memory retrieval into probabilistic occupancy prediction

■ The benefit becomes clearer in dense multi-agent scenes, where reactive planners struggle

⚫Future plan
■ Improve sample aggregation for navigation-oriented cost maps

■ Evaluate the pipeline in more diverse target-following scenarios

■ Extend validation from simulation to real-world robot navigation



Roles

⚫Wonbin Lee
■ Episodic-relational memory construction and retrieval

⚫Seunghun Lee
■ Navigation experiments and comparison

⚫Jiwon Park
■ CFM-based occupancy prediction and downstream integration
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