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AI Agents

“Perceives its environment, reasons, and takes actions to achieve a goal”

Introduction
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Embodied Agent Navigation

DialNav: Multi-turn Dialog Navigation with a Remote Guide

ICCV 2025 Poster

DialNav
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Vision Dialogue Navigation

“The goal room contains a mat”

DialNav
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Vision Dialogue Navigation

“The goal room contains a mat”

I need help! 
Should I go into the hallway?

No, go upstairs.

I know this house. 
I should help the agent.

DialNav
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Vision Dialogue Navigation

“The Oracle knows the current location of the Navigator”

I know everything about you, 
even when I am not with you.

내 손바닥 
안이야…

DialNav
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Vision Dialogue Navigation

I need help! 
Should I go into the hallway?

Which hallway?
If you need help, you should 
first tell me where you are.

DialNav
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Previous VDN Benchmark (CVDN)

The Golden Trajectory to the target destination is given to the oracle. 

Start
Target

Move into the hallway, then…

Oracle focuses on trajectory description, rather than the question answering.
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DialNav Benchmark DialNav
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DialNav Benchmark DialNav



12

DialNav Benchmark: RAIN Dataset DialNav
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DialNav: Baseline Model DialNav
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DialNav: Quantitative Results DialNav
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DialNav: Quantitative Results DialNav
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Web Agent Navigation

Web-Shepherd: Advancing PRMs for Reinforcing Web Agents

Neurips 2025 Spotlight

Web-Shepherd
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Web Agent Navigation Web-Shepherd
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Web Agent Navigation: Inputs Web-Shepherd
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Web Agent Navigation: Long Horizon Task

Can you purchase 2 macbook pros, one ipad, and one airpods pro 2 for me?

Timestep 0 Timestep t

…

Long horizon task! = Agents must reason across multiple steps and maintain goal-directed planning

Web-Shepherd
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Web Agent Navigation: Long Horizon Task

● Use a reward model at test-time to perform search (Best-of-n)

● Reinforcement Learning (RLHF)

For LLMs to perform long-horizon navigation tasks…

Web-Shepherd
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Web Agent Navigation: Long Horizon Task

● Use a reward model at test-time to perform search (Best-of-n)

● Reinforcement Learning (RLHF)

For LLMs to perform long-horizon navigation tasks…

Reward model for web-navigation under-explored!

Web-Shepherd
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MLLM as Evaluator for Web Navigation

[1] Evaluation after action is taken for replanning [2] Value function for tree search

[1] Jiayi Pan, Yichi Zhang, Nicholas Tomlin, Yifei Zhou, Sergey Levine, and Alane Suhr. Autonomous evaluation and refinement of digital agents.
[2] Jing Yu Koh, Stephen McAleer, Daniel Fried, and Ruslan Salakhutdinov. Tree search for language model agents.

Prior works employ MLLMs as evaluators in inference-time algorithms

Web-Shepherd
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MLLM as Evaluator for Web Navigation

[1] Evaluation after action is taken for replanning [2] Value function for tree search

Prior works employ MLLMs as evaluators in inference-time algorithms

Too costly!

Web-Shepherd
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PRM for Web Navigation

Process reward model trained for evaluating trajectories of web navigation

WebPRM Collection
(Training Data)

WebShepherd
(Process Reward Model)

WebRewardBench
(Bench for Web-nav PRM)

Web-Shepherd
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WebPRM Collection Web-Shepherd
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Web-Shepherd

* The model is trained to generate the corresponding feedback and judgement in auto-regressive manner. 

Web-Shepherd
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Web-Shepherd

* The model is trained to generate the corresponding feedback and judgement in auto-regressive manner. 

C = (g1,g2,···,gn)

Web-Shepherd
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Web-Shepherd

* The model is trained to generate the corresponding feedback and judgement in auto-regressive manner. 

Web-Shepherd
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Web-Shepherd

* The model is trained to generate the corresponding feedback and judgement in auto-regressive manner. 

Sample multiple output 
to compute the 
average reward

Web-Shepherd



30

Web-Shepherd

* The model is trained to generate the corresponding feedback and judgement in auto-regressive manner. 

Extracts the probabilities of 
specific text tokens from 
the LM head logits to 
convert them into scores. 
(verbalizer)

The reward for sample K is 
computed by averaging 
the combined probabilities 
of 'Yes' and 'In Progress' 
across all checklist items.

Web-Shepherd



31

Web-Shepherd

* The model is trained to generate the corresponding feedback and judgement in auto-regressive manner. 

Web-Shepherd
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WebRewardBench
5 Answer Candidates : 1 correct answer and 4 false answers

MRR: The average of the reciprocal ranks of the correct answers.
Acc. (traj): The percentage of entire task trajectories where the model correctly evaluates every single step without a mistake.

Web-Shepherd
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Reward-Guided Trajectory Search

Trajectory Search:
5 action candidates sampled from the policy, the action that is assigned the highest reward is executed.

Web-Shepherd
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Reward-Guided Trajectory Search

Trajectory Search:
5 action candidates sampled from the policy, the action that is assigned the highest reward is executed.

Web-Shepherd
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Reward-Guided Trajectory Search

Trajectory Search:
5 action candidates sampled from the policy, the action that is assigned the highest reward is executed.

Web-Shepherd
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Reward-Guided Trajectory Search

Trajectory Search:
5 action candidates sampled from the policy, the action that is assigned the highest reward is executed.

Web-Shepherd
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3D Environment Synthesis for Embodied Agents

LEGO-Eval: Towards Fine-Grained Evaluation on Synthesizing 
3D Embodied Environments with Tool Augmentation

Submitted to EMNLP 2026

LEGO-Eval
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3D Environment for Embodied Agents

Matterport3D AI2Thor

LEGO-Eval
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Simulators are Necessary for Embodied Training

Training in Real World

- High cost
- Time consuming
- Hard to reproduce same environment

Training in Simulator

- Relatively low cost
- Less time consuming
- Easy to reproduce same environment

LEGO-Eval
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Limitations of Existing Simulators

- Generalizability of agents

- Limited tasks that can be trained

Limitation: Scale of provided scenes

LEGO-Eval
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Limitations of Existing Simulators

- Generalizability of agents

- Limited tasks that can be trained

Limitation: Scale of provided scenes

Too costly to create human-authored scenes!

LEGO-Eval
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3D Environment Synthesis for Embodied Agents

Limitation: Scale of provided scenes

Text-guided automatic scene synthesis

Mesh PCD Scene Graph

LEGO-Eval
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3D Environment Synthesis for Embodied Agents

Limitation: Scale of provided scenes

Text-guided automatic scene synthesis

Mesh PCD Scene Graph

LEGO-Eval
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Scene Graphs for Training Embodied Agents

Scene saved as Json Json to Scene Scene Running on Simulator

asset 08566f5b460242859256de7a04f33c87

LEGO-Eval
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Importance of Text-guided 3D Scene Synthesis

Why do we need text-guided?

● To generate scenes appropriate for training certain tasks

● To generate scenes that mirror the real-world scenes
1

1) We believe that providing highly detailed descriptions of real-world scenes is one effective way to generate scenes that closely mirror real-world environments, 
alongside other approaches such as using images of real-world environments.

LEGO-Eval
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Importance of Text-guided 3D Scene Synthesis

Why do we need text-guided?

● To generate scenes appropriate for training certain tasks

● To generate scenes that mirror the real-world scenes

Scene - description alignment is very important!

LEGO-Eval
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Importance of Text-guided 3D Scene Synthesis LEGO-Eval
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Importance of Reliable Evaluation between Scene-Description

Verification of scene-description alignment is important.

LEGO-Eval
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Verification of scene-description alignment is important.

Human? Automatic? ✅❌

Importance of Reliable Evaluation between Scene-Description
LEGO-Eval
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Existing Evaluation Methods

CLIP-Score VLM-as-a-Judge

A smiling dog with 
gold and white furs…

Image Encoder Text Encoder

I1 I2 I3 … In T1 T2 T3 … Tn

Cosine Similarity

You must evaluate if the 
given images align with 
the instruction.

Instruction: It is a 
museum with multiple 
pictures…

LEGO-Eval
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LEGO & LEGO-Eval

LEGO
(Benchmark Dataset)

LEGO-Eval
(Evaluation Method)

LEGO-Eval
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LEGO Dataset

Instruction
There is a cafe that has a seating area and kitchen. 
The seating area has light beige walls and a dark 
wooden floor. In the seating area, there are two 
tables and four chairs. The tables in the seating 
area are round and made of brown oak. The tables 
in the seating area are each surrounded by two 
chairs. The chairs in the seating area are white.

Constraints
1. There is a cafe that has a seating area and kitchen. 
2. The seating area has light beige walls and a dark wooden floor.
3. In the seating area, there are two tables and four chairs.
4. The tables in the seating area are round and made of brown oak. 
5. The tables in the seating area are each surrounded by two chairs. 
6. The chairs in the seating area are white.

LEGO-Eval
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LEGO-Dataset LEGO-Eval
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LEGO-Eval

Committed Crime?

Article 1. 

Article 2.

Article 3.

Article 1. 

Article 2.

Article 3.

Article 1. 

Article 2.

Article 3.

LEGO-Eval
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LEGO-Eval: Tools

get_object_listget_spatial_relation get_object_infoget_topdown_scene

Tool Set (21 tools)

arguments: None arguments:
[‘armchair 0’, ‘armchair 1’] arguments: [‘room 0’] arguments:

[‘armchair 0’, ‘armchair 1’]

LEGO-Eval
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LEGO-Eval: Tools

get_object_listget_spatial_relation get_object_infoget_topdown_scene

Tool Set (21 tools)

arguments: None arguments:
[‘armchair 0’, ‘armchair 1’] arguments: [‘room 0’] arguments:

[‘armchair 0’, ‘armchair 1’]

Allows to obtain and use only related information for evaluation

LEGO-Eval
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LEGO-Eval: Method Overview LEGO-Eval
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LEGO-Eval: Method LEGO-Eval
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LEGO-Eval: Method LEGO-Eval



60

LEGO-Eval: Method LEGO-Eval
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LEGO-Eval: Method LEGO-Eval
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LEGO-Eval: Method LEGO-Eval
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LEGO-Eval: Method LEGO-Eval
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Comparisons Between Evaluation Methods

Holistic: Considered correct if all constraints in instruction are evaluated correctly
Partial: Considered correct if the constraint is evaluated correctly 

Dataset for Evaluation: Instructions from LEGO with aligned scenes and misaligned scenes

LEGO-Eval
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Comparison Between Evaluation Methods LEGO-Eval
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Comparison Between Evaluation Methods LEGO-Eval
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Why do VLM-as-a-Judge Fail?

Identification Error: Cannot ground scene elements mentioned in the description

Spatial Error: Cannot identify spatial relations between scene elements

Attribute Error: Cannot identify attribute of scene elements

LEGO-Eval
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Why do VLM-as-a-Judge Fail?

Bounding Box

Scene Graph

Point Cloud

LEGO-Eval
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Why do VLM-as-a-Judge Fail?

More information does not always lead to better results. 
‘Which’ information and ‘how’ to use them is equally important.

LEGO-Eval
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Refinement using feedback from evaluation methods LEGO-Eval
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Refinement using feedback from evaluation methods LEGO-Eval
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Existing methods Fail to Generate Fully Aligned Scenes
LEGO-Eval
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Existing methods Fail to Generate Fully Aligned Scenes
LEGO-Eval
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Questions?



Thank You
Gyeom Hwangbo

POSTECH, MOAI Lab
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APPENDIX. WebPRM Collection


