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Review
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⚫Genie: Generative Interactive Environments
■ Interactive environments from raw video

■ Latent actions without supervision

■ Works in unseen settings

■ Limited in consistency and speed



Finding a place from an image
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⚫Image-goal navigation
■ A task where an agent must reach a destination indicated by an image.

■ The agent navigates in unfamiliar environments.

■ This task is important for enabling robots to navigate in open-world scenarios.



What information does the agent have?
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⚫The agent receives:
■ A goal RGB image 𝐼𝑔𝑜𝑎𝑙
■ A sequence of current observation {𝐼𝑡}

⚫At each time step, it outputs a navigation action

⚫Following VGM, additional sensory inputs such as GPS and IMU are not available



Why does memory matter?
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⚫Scene memory stores past information for decision-making

⚫During navigation, memory stores:
■ Scene features

■ Navigation history

⚫This helps the agent handle partial observability.



How have previous methods used memory?
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⚫Groups of prior image-goal navigation memory mechanisms:
■ Metric map-based methods

 reconstruct local top-down maps and aggregate them into a global map

■ Stacked memory-based methods
 stack past observations chronologically

■ Topological map-based methods
 store sparse landmark features in graph nodes



What is still missing in topological-map methods?

6

⚫Limitation 1: Unawareness of useful nodes
■ Uses all nodes equally, risking distraction by redundant nodes.

⚫Limitation 2: Local representation
■ Nodes only capture local areas, lacking global scene understanding.



MemoNav starts from a simple idea
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⚫MemoNav is inspired by working memory and learns three scene representations:
■ Short-term memory (STM) for local and transient node features

■ Long-term memory (LTM) for scene-level representation

■ Working memory (WM) for goal-relevant information used for action generation



The baseline: Visual Graph Memory
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⚫Visual Graph Memory (VGM) Framework

⚫Memory Construction
■ Builds a topological map from past observations

■ Stores node features in memory

⚫Policy Generation
■ Uses goal and current observation

■ Transformer + policy → action

Kwon, Obin, et al. "Visual graph memory with unsupervised 

representation for visual navigation." Proceedings of the IEEE/CVF 

international conference on computer vision. 2021.



Overall pipeline

1. Map update with STM
■ Current observation is added as a node (STM) for topological map

2. Selective forgetting
■ Attention score by goal-decoder decides which STM stay active

3. LTM update
■ A global node aggregates scene-level context

4. Working Memory generation
■ Retained STM + LTM are encoded into Working Memory

5. Decode working memory and Generate Action
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Map update with STM
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⚫Short-Term Memory (STM)
■ Current observation is added as a node for topological map 

■ Node features on the topological map
 Image I𝑡 → ResNet encoder 𝐹→ embedding 𝑒𝑡

■ Attention score for each node is from 𝐷𝑔𝑜𝑎𝑙 based on each goal relevance

 Attetion scores for step 𝑡 are from step 𝑡 − 1, as the decoder is loacted the last part of pipeline



Selective Forgetting

⚫Attention score 𝛼 for each node is calculated by 𝐷𝑔𝑜𝑎𝑙 based on each goal relevance
■ Bottom 𝑝 percent nodes are temporarily excluded (e.g., exclude bottom 20% nodes)

⚫All forgotten nodes are restored when next goal is reached
■ STM remains available for future goals, as this module doesn’t completely forget them
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LTM update – Global Scene Summary

⚫Long-Term Memory (LTM)
■ A global node connecting to retained STM

■ Aggregates STM features at every step 𝑡

⚫Why LTM Matters
■ Scene-level representation

 Local nodes only see small areas

 LTM learns the big picture
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■ Bridge for disconnected sub-graphs
 Forgetting can split the graph

 LTM connectes all nodes regardless



Working Memory Generation

⚫Working Memory (WM)
■ Adaptive scene representation

 Integrates goal-relavant STM with global LTM to generate efficient navigation action

■ 𝑴𝒘 = {𝑽′, 𝒏𝑔𝑙𝑜𝑏𝑎𝑙
𝑡 } = GATv2 {𝑽, 𝒏𝑔𝑙𝑜𝑏𝑎𝑙

𝑡−1 }

 GATv2: Graph Attention Network v2
▪ Adaptive weighting for each node based on the features of its neighbors

 𝑽: retained STM, 𝒏𝑔𝑙𝑜𝑏𝑎𝑙
𝑡−1 : LTM so far

 𝑽′: retained STM reflecting context , 𝒏𝑔𝑙𝑜𝑏𝑎𝑙
𝑡 : updated LTM
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Decode WM and Generate Action

⚫Adopted from Visual Graph Memory

⚫Decode working memory with two transformer
■ Input: working memory M𝑤

𝑡 with query 𝑒𝑔𝑜𝑎𝑙, 𝑒cur
■ Output

 𝐷𝑔𝑜𝑎𝑙 → attention scores 𝛼 for each node and goal context feature vector 𝑓𝑔𝑜𝑎𝑙
 𝐷𝑐𝑢𝑟 → current context feature vector 𝑓𝑐𝑢𝑟

⚫Policy network (Long Short-Term Memory)
■ Input: 𝑓𝑔𝑜𝑎𝑙, 𝑓𝑐𝑢𝑟 , and 𝑒𝑐𝑢𝑟
■ Output: action

 Move forward

 Turn left

 Turn right

 Stop
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Experiments
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⚫ Datasets
■ Habitat simulator with Gibson

■ Matterport3D

⚫ Multi-goal Task
■ Multi-goal evaluation requires an agent to navigate to an ordered sequence of goals

■ For evaluating memory models used for navigation

⚫ Evaluation Metric
■ For single goal

 SR (Success Rate)

 SPL (Success Per Length)

■ For multi goal
 PR  (Progress)

▪ The fraction of goals

 PPL (Progress weighted by Path Length) 
[Multi-goal Tasks in Gibson]



Experiments
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⚫ Comparison
■ CNNLSTM

 Uses a hidden vector as implicit memory without explicit maps

■ ANS (Active Neural SLAM)
 A metric map-based model for ImageNav

■ NTS (Neural Topological SLAM)
 Incremental topological map building with hierarchical strategy

■ VGM (Visual Graph Memory)
 The baseline for MemoNav, using GCN to encode all map nodes

■ TSGM (Topological Semantic Graph Memory)
 Incorporates object-level semantic clues into a topological map

Baseline



Experimental Results
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⚫ Comparison between methods
■ Comparison on Gibson, Matterport3D

■ The improvement grows when the horizon gets longer and memory reuse matters more

VGM MemoNav

1-goal SR
74.7

2-goal PR
42.9

50.8

3-goal PR
29.5

38.0

4-goal PR
21.5

28.9

70.0

[ Results in Gibson ]



Experimental Results
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⚫ Ablation Studies
■ Impact of LTM

 Disabling LTM or replacing it with random/averaged features leads to performance drops 

Baseline (VGM) 52.1%

+ Forgetting only 55.1% (+3.0)

+ LTM only 58.9% (+6.8)

+ Forget + LTM 60.6% (+8.5)

Full Model 62.4% (+10.3)

Table 2. Network component ablation results

Table 3. Ablation study of LTM



Experimental Results
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⚫ Ablation Studies
■ Forgetting threshold

 Higher forgetting rates are more beneficial for complex multi-goal tasks

 Optimal Threshold (p)

▪ p=0.2 is generally effective, but harder tasks benefit from higher forgetting rates

Figure 4. Navigation performance versus forgetting threshold in the Gibson scenes



Experimental Results
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⚫ Ablation Studies
■ Qualitative impact of forgetting

 Trajectory smoothness

▪ Forgetting module eliminates sharp turns and redundant steps 

 Goal-relevant retention

[ Trajectory Smoothness ] [ Goal-relevant retention ]

Goal 1 Goal 3



Experimental Results
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⚫ Strengths
■ Memory decomposition (STM/LTM/WM)

■ Strong multi-goal gains

⚫ Weakness
■ Memory footprint not reduced

■ Fixed threshold p

■ Simulation only



Quiz
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https://forms.gle/GYy8jXKiSQr5or3X8

https://forms.gle/GYy8jXKiSQr5or3X8

https://forms.gle/GYy8jXKiSQr5or3X8
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