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Towards General Embodied Reasoning

Presented by Zeyu Zhang (UC Berkeley)

Date: Friday, 24 July 2026, at 2:00 pm AEST

Venue: ACFR seminar area, J04 level 2 (Rose St Building)
Zoom ID: https://uni-sydney.zoom.us/s/87306457455

Abstract:

Building general-purpose embodied agents requires moving beyond specialized systems
toward models that can understand, reason about, and interact with diverse physical
environments. In this talk, Zeyu Zhang will present his recent research on general embodied
reasoning, covering 3D scene understanding, long-horizon navigation, robotic control,
domain adaptation, and self-evolving agents. The talk will discuss how multimodal
pretraining, scalable synthetic data, and data-centric learning can produce transferable
representations that support a wide range of tasks, including captioning, grounding, question
answering, dialogue, spatial reasoning, and planning. It will then examine how environmental
understanding can be extended to embodied decision-making through hierarchical
frameworks that combine fast reactive control with slower long-horizon reasoning. Zeyu will
also discuss how carefully designed post-training, parameter-efficient adaptation, and
verifiable feedback can improve navigation and control while preserving previously acquired
perception and reasoning capabilities. Finally, the talk will explore how embodied agents can
continue improving when manually specified objectives are incomplete or inaccurate, using
self-supervised feedback, world-model-based exploration, adaptive memory, and stage-
aware learning signals. Together, these studies highlight the importance of scalable data,
spatially grounded foundation models, restrained reinforcement learning, and continual self-
improvement for advancing toward general embodied intelligence.

Bio:

Zeyu is an incoming PhD student at UC Berkeley BAIR, advised by Professor Pieter Abbeel,
Professor Alexei Efros, and Professor Angjoo Kanazawa. He received his bachelor’s degree
from the Australian National University, where he was advised by Professor Richard Hartley

and Professor lan Reid.
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Some Quotes From Paving the Path to Generalizable Robotics

“I'm really excited to see whether we can build generalizable robotic systems with a single
large neural network that can quickly learn new skills, similar to what we have already seen in
computer vision and natural language processing... Once both components (logical network or
foundation model, unsupervised RL for robot-specific learning component) are trained, this
logical network, if well optimized, would be highly prepared to acquire new skills very quickly.
These skills could be learned through imitation learning from human demonstrations,
reinforcement learning with a specified reward function, or reinforcement learning with
a human in the loop who provides examples to guide the learning process in the right
direction. This helps avoid undesirable outcomes that can occur when the reward function is
misspecified.”

— Pieter Abbeel



From Specialized Methods to General Methods
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3D models represent a significant shift from specialized methods, which are designed for specific tasks,

to foundation models that can handle a wide range of tasks.



3D Representation Learning: 3D CoCa (3DV 2026)
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3D CoCa leverages 3D multimodal representation learning to tackle scene understanding through
large-scale contrastive pretraining.

Ting Huang, Zeyu Zhang et al. 3D CoCa: Contrastive Learners are 3D Captioners (3DV 2026)



Results of 3D CoCa (3DV 2026)

Vote2Cap-DETR++: Aroom with a
large wooden dining table and
multiple chairs.

Vote2Cap-DETR++: A room with
several rectangular tables and
various items on them.

Vote2Cap-DETR++: Aroom
with a few tables, cluttered
items on top, and several
chairs nearby.

Vote2Cap-DETR++: A living
room with two sofas and a
small side table.

-

Ours: A spacious dining area
featuring a long wooden table
surrounded by several chairs, with
a painting on the wall.

\_

~

J
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Ours: An open space designed
for work or study, with multiple
tables and chairs arranged to
form a collective workspace, and
ample floor space around them.

S

) \around.

~N

6urs: A messy workspace,
with various documents or
tools scattered on the tables
and a few chairs and
electronic devices placed

J

Ve

Ours: A cozy lounge area
featuring two brown sofas and
a coffee table, with a rug on
the floor and some decorative
items nearby.

J

~

-

GT: In a bright dining room, a long
wooden table is flanked by neatly
arranged chairs. Light filters in
through the window, and a

decorative painting adorns the wall.

GT: A spacious indoor setting
with several parallel tables and
chairs, offering walking and
working areas on all sides. The

layout resembles a classroom.

\

/GT: An office area, where
tabletops are covered with
multiple items and documents.
Chairs and computer
accessories are set around the

) \room.

(GT: A comfortable living room )
setup with two leather sofas, a
small coffee table, and a rug
on the floor. The corner have a
musical instrument and

J

ana ments.

J

A visual comparison on the ScanRefer dataset showcasing indoor scenes described by
Vote2Cap-DETR++4, 3D CoCa (Ours), and the ground truth (GT).



3D Data-Centric Learning: DC-Scene (3DV 2026 EE)
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S Scene Feature Indoor 3-D scene showing a long table,
T; Text Feature | multiple seats, and ... :Score 25.13 Top-k

Point clouds and captions are encoded, scored with 3D CLIP, and filtered by the Dual-Indicator Quality (DIQ)
module to select top-k candidates. A Curriculum Scheduler trains the Multi-Modal Decoder, while a feedback
loop updates CLIP scores with caption loss, forming a data-centric learning cycle.

Ting Huang, Zeyu Zhang et al. DC-Scene: Data-Centric Learning for 3D Scene Understanding (3DV 2026
Exploration Edge Track)



Results of DC-Scene (3DV 2026 EE)

Baseline(full data): a small kitchen
with cabinets, a sink, and a white
appliance on the right.

Baseline(full data): a bedroom with
two beds, a desk and some clutter on
the floor.

Baseline(full data): a small bedroom
with a bed, green carpet, and a
bathroom to the right.

[DC-Scene(Top-75%): a kitchen )
where wooden cabinets frame a
metal sink beneath a wall picture,
while a white washer-dryer sits to
the right of the light-tiled floor that

\opens into a carpeted hallway. )

[DC-Scene(Top-75%): a cramped )
dormitory room with parallel single
beds, a back-wall desk piled high with
textbooks, and clothing and an open
teal suitcase strewn over the dark-blue

\carpet. Y,

(DC-Scene(Top-75%): a bedroom )
featuring a bed topped with a bright
blue blanket, a wicker hamper near the
footboard, and an ensuite bathroom on
the right where a basin and shower are
\visible through the open doorway. )

/GT: A compact galley kitchen with )
wooden upper and lower cabinets,
a stainless-steel sink centered
along the back work-top, and a
white washer-dryer unit standing

\on the right side of the tiled floor.  /

/GT: A student dorm room containing )
two single beds along opposite walls, a
wooden study desk cluttered with
books and electronics, and clothes
plus an open turquoise suitcase

\scattered across the blue carpet. Y,

/GT: A small bedroom with a light-wood "\
single bed covered by a blue throw,
green carpet flooring, a wicker laundry
basket at the foot of the bed, and an
adjoining bathroom on the right

\showing a white sink and shower stall. /

For three validation scenes from the ScanRefer dataset, we present the rendered point cloud mesh (top
row), followed by captions generated by three sources: the full-data baseline model (in pink), our
DC-Scene model trained on the top-75% DIQ samples (in red), and the human-annotated ground
truth (in green).



3D CoCa v2: Enhancing Generalization with Test-Time Search (2026)
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(b) Test-Time Search (Inference-only)

Test-Time Search (inference-only) improves robustness without any parameter updates by generating
best-of-N candidate captions from the backbone, conditioning an external LLM judge on a compact
scene summary, and selecting the highest-scoring candidate as the final caption.



3D CoCa v2: Generalizable Results

CAM BACK

A room with a

walls and a floor.

An indoor corridor with
walls and a floor.

A campus roadside
with a large signboard, trees, and
modern buildings beside a paved
walkway.

An outdoor roadside
environment with a signboard,
trees, and buildings along a paved
pedestrian path.

Qualitative results on TOD?Cap (OOD, zero-shot). We compare

CAM_FRONT = CAM_BACK

Aroom with a

simple layout.

Anindoorroom with a
simple layout.

A grassy slope under
an open sky with a paved path,
showing a quiet outdoor roadside
environment.

A grassy outdoor area with a
sloped hill and a paved path,
captured from front and rear
cameras.

CAM _FRONT CAM BACK

£ N
—_

A corridor
with two walls and open floor.

An indoor corridor with
walls.

A straight urban road
with lane markings, buildings and
trees on the sides; a vehicle is
visible in the rear view.

A driving-scene street view
with lane markings and
surrounding trees; a vehicle is
visible in the rear camera view.

CAM FRONT CAM BACK

&
£y

open floor.

A room with

An indoor room with a
open floor and a simple layout.

A rainy urban street
intersection with wet pavement,
lane markings, traffic lights, and
surrounding buildings.

A rain-soaked city roadway at
a signalized intersection, the
scene shows lane markings,
traffic lights, and buildings.

captions generated by the

indoor-trained Vote2Cap-DETR++, 3D CoCa and 3D CoCa v2 on outdoor scenes with paired front and
back views. Vote2Cap-DETR++ and 3D CoCa often exhibit a strong indoor bias, producing generic
indoor descriptions, whereas 3D CoCa v2 generates more scene-consistent outdoor captions that better
reflect key semantics. Ground-truth (GT) captions are shown for reference. Red words highlight
informative details captured by 3D CoCa v2 but missing in the baseline.



What's next for 3D and embodied foundation models?

@ How can we achieve zero-shot generalizability across different tasks given the domain
knowledge gap between them?

@ How can we adjust a foundation model after conventional supervised post-training when
the outcomes are unsatisfactory on specific tasks?

@ How can we ground our foundation model in the physical world?

@ And most importantly, how can an embodied robot self-evolve when the reward function
Is misspecified?



Synthetic Data Helps Enhance Generalizability

Multimodal Data Scene Description Generator Scene Description Scene-30K
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CoT Data Engine. The point cloud of a scene is first sent to scene dscription generator to get a
description of the scene. Then based on the description, we apply Gemini-Pro to synthetic CoT data.



Scene-30K in 3D-R1
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Scene-30K contains diverse scene categories and question types. 3D-R1 demonstrates strong
performance across various tasks.



Generalizability: 3D-R1

3D Planning =

Human: Organize and tidy up the kitchen.

3D-R1:

1. Wipe the dinning table to remove ...

2. Push all chairs neatly under the table...
3. Empty the trash cans beside ...

3D Scene Captioning &

3D-R1: In the kitchen, there is a sink,
two cabinets, a kitchen counter, two
windows, two trash cans, and ten chairs.
The trash cans are in front of the chairs,
while the chairs are behind the trash
cans ...

3D Reasoning Q

Situation: Standing just inside the kitchen
doorway, facing the long dining table.
Question: Can I walk straight to the trash cans
beside the refrigerator without detouring around
the table?

3D-R1: No

3D Object Captioning @

3D-R1:
This is a
black
television
mounted on
the wall.

3D Visual Grounding

Instruction: The metallic ventilation unit
hanging above the stove top.

3D Question Answering e 3D Dialogue e 3D-R1:

Question: What is the large rectangular piece I'need help tidying my kitchen. Could you see if the large table in
of furniture in the center of the kitchen with N Can you assist me? _ the center is clean?
several tall chairs arranged around it? =" ="

o)
3D-R1: Dining table. & =)

3D-R1 is a generalist model capable of handling various downstream tasks and applications in a
zero-shot manner with incredible generalizability, significantly reducing the need for expensive
adaptation.



Adjust Output: Reinforcement Learning with Verifiable Rewards (RLVR)

How many
chairs
face the
table?

i

___________________________

Policy
Model
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The policy model generates N outputs from a point cloud and question. Then perception loU, semantic
CLIP-similarity, and format-adherence rewards are computed, grouped, and combined with a KL term
to a frozen reference model to update the policy.



Enhanced Reasoning

290 SFT Zero-shot RL Zero-shot RL Fine-tuned

220

CIDEr (C)
2

80

3D-DC 3D-DC 3D-DC 3D-QA 3D Dialogue 3D Planning 3D Reasoning
ScanRefer @0.25 ScanRefer @0.5 Nr3D @0.5 ScanQA 3D-LLM 3D-LLM 3D-LLM

3D-R1 exhibits remarkable generalizability with enhanced reasoning capabilities.



Foundation Model: 3D-R1
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3D-R1 is an open-source generalist model that enhances the reasoning of 3D VLMs for unified scene
understanding.



3D Scene Dense Captioning (3D-DC)

3D-DC




3D Object Captioning

3D Object Captioning




3D Visual Grounding (3D-VG)

3D-VG




3D Question Answering (3D-QA)

3D-QA




3D Dialogue

3D Dialogue
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3D Planning

3D Planning




Zero-Shot Results




DON'T Abused RL (ICML 2026 Position)

Reinforcement Learning (cherry)
A few bits for some samples.

Supervised Learning (icing)
10 - 10,000 bits per samples.

Self-Supervised Learning (cake géenoise)
millions of bits per sample.

Yann LeCun’s Cake Analogy. A conceptual illustration comparing learning paradigms: self-supervised
learning as the cake (main bulk of information), supervised learning as the icing, and reinforcement
learning as the cherry on top.

Ting Huang, Zeyu Zhang et al. Position: RL Should Be Used to Adjust Foundation Models, NOT Abused
(ICML 2026 Position)



System and Memory: Nav-R1

What if we ground a 3D foundation model in embodied scenes? How can its reasoning
approach human-level intelligence? This is inspired by psychology.

“The division of labor between System 1 (fast) and System 2 (slow) is highly efficient: it
minimizes effort and optimizes performance.”
— Daniel Kahneman (Nobel Prize in Economics)



Fast-in-Slow: Nav-R1
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Synthetic Data: Nav-CoT-110K

System Instruction @ Nav-CoT

Imagine you are a robot designed for navigation tasks in 3D scenes. Your instruction is 'Exit the bedroom,
enter the bathroom, wait at the toilet.’

<think>...My instruction is to go to
the bathroom. I saw the bathroom
entrance in Image 3. My current

Text Prompt ’ location (Image 6) is in a corner of

History View & m._

the room, facing a window. This is
away from the bathroom entrance
A A .. I previously saw. To get back on

| the j?ﬁiﬁ?iﬁl&éiiﬂf&;’i"(J o Gen;m' 2.5 track, T need to furn away from
ro this window and reorient myself

t towards the interior of the suite

l Current View You are provided with a sequence

of egocentric observations from
previous timesteps(Images 1-5) and

I 12,345 I 6 5

mages mege N N where the bathroom is located.
Large Turning left will pan my view away
T Vision- from the corner and back towards
the main living area, from where I

Your task is to select the next action, and action options include: < LCmQUGQe il . a 2 f i
Model can  navigate  towards  the
bathroom entrance shown in
Move forward 25cm 4 Turn left 30° ‘1 Turn right 30° r Stop @ Image 3. Turhing right would just

face me more into the corner wall.
Therefore, turning left is the
correct action to find the path to
Output Format [0 the bathroom again.</think>

== <action>turn left 30°</action>

Based on the instruction and egocentric observations, reason step by step and provide your response.

Output format: <think>..the reasoning content..</think> <action>..the hext action..</actions. Strictly
adhere to the output format and do not output any other information.

Jd

We construct the Nav-CoT-110K dataset by defining navigation instructions, integrating egocentric
visual inputs, providing action options and specifying the output format. These components are fed
into Gemini 2.5 Pro, which generates step-by-step reasoning and action decisions aligned with
navigation goals.



Adjust Output:

=
= Question: oyeg
@ How many white chairs in the room? S alon

Walk straight past the glass table with white chairs then turn left and go into
the room on the left. Wait at the entrance.

Text Image
— 9
,‘gm‘ =
Policy L J T
Model Historical Current
Observations Observation

Endpoint & Path Reward
SR . o Ton- Y

P GT end point

Reference
Model

KL Divergence

gnf}

t Dp(-) Path distance

T Predicted trajectory

T GT trajectory

|
0

k Decay coefficient |

oy

Rpath=exp(— k(Dp(T, 1)) Rena=exp( - klIp - plI*) ;
= R Ry + R ‘
navigation = "path end
GRPO : P ‘
Group . % Output format: <think>..the reasoning content...</think>answer>... the R _ 1L if answer adheres to format
Computation final answer...</answer><action... the next action...</action> format = |, otherwise

The pipeline of RL Policy. The policy model generates N outputs from text-image input. Then
understanding reward (answer correctness and semantic alignment), navigation reward (path fidelity
and endpoint accuracy), and format reward (structure adherence) are computed, grouped, and
combined with a KL term to a frozen reference model to update the policy.



Navigation Foundation Model: Nav-R1

Nav-R1 is an

Embodied Dialogue

May I ask you some questions?

How many pillows are on the bed?

' @
a

r n Start position O
Viewpoint A

Embodied Reasoning 44

Situation: Standing in the bathroom,
facing the shower.

Question: Can I walk straight to the
bathtub?

1~  Nav-R1: No. You need to turn left to reach

the bathtub.

Human: 1 want to watch TV on the sofa.
What should I do?

Nav-R1: v";) |
Step 1. Turn on the TV ... ,@ -
Step 2. Walk to the sofa... 7 ﬁ

Step 3. Sit on the sofa ...

Embodied Planning =

qt”:j gi

FL A S
Embodied Navigation

Instruction: Navigate to the bedroom and
find a bed.

Nav-R1: 4

Step 1. Turn left
Step 2. Move forward

Step 3. Turn right .a
Step 4. ... [A‘ :

embodied foundation model that integrates dialogue, reasoning, planning, and navigation
capabilities to enable intelligent interaction and task execution in 3D environments.




Results: Nav-R1 but Reduces Forgetting

TABLE

v

EMBODIED DIALOGUE AND PLANNING RESULTS ON 3D-LLM [18]. EMBODIED REASONING RESULTS ON SQA3D [33].

Method

Embodied dialogue

Embodied planning

Embodied reasoning

Ct B4t Mt Rt Ct B4t Mt Rt Ct B-4t Mt RY
LL3DA [10] 190.01 2395 2350 40.61 128.80 1295 17.05 39.25 . - - -
Spatial 3D-LLM [46] . - - . 19592 1465 1895 36.93 ; - - ;
LSceneLLM [56] 104.98 - 2126 36.00 214.63 - 2105  47.05 . - - .
LEO [22] ; - - . ; . - , 12470 940 2550 48.40
3D-R1 [23] 280.34 3945 66.89 5534 23050 2545 4834 5567 13867 23.56 3545  60.02
Nav-R1 (Ours) 281.20 3934 67.53 55.12 230.52 2598 47.11 5623 13998 2320 36.15 59.50

The results show that our parameter-efficient tuning during hierarchical post-training effectively reduces
forgetting when adapting the foundation model from understanding to navigation, while the model still
maintains comparable performance on embodied scene understanding.



Results: Nav-R1

(=)

Nav-R1

CUNL Py »
N e 75 %

PEKING UNIVERSITY

Nav-R1: Reasoning and Navigation in Embodied Scenes

Qingxiang Liu, Ting Huang, Zeyu Zhang, Hao Tang




Similar Idea for Arm Robots: VLA-R1 (ECCV 2026)

(Stage1: SFT

Image

o

CoT Engine

Multimodal Large Language Model gy

Instruction

N

(Stage2: GRPO-Policy
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J X
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. 2D Trajectory /
Reasoning Affordance Box
®
e N
Action Module
Depth Camera Inverse
Kinematics || ~---""-=------smmmmmsf Sm---mmmmmmmmmmmmmm-mT
Robot URDF
R _ {1 , if the reply conforms to the format
Robot Joint Angle Format 1), otherwise
A3 JA L T L L L e e L L L P T P P L P P L TP LV L ?)

Training has two stages: Stage 1 uses SFT with CoT supervision to learn reasoning over images and
instructions; Stage 2 refines reasoning and actions via RL with verifiable rewards (GRPO). During
inference, a control stack converts outputs into joint-level robot commands.



Results: VLA-R1

VLA-R1: Enhancing Reasoning in Vision-
Language-Action Models



Similar Idea for Mobile Robots: MobileVLA-R1 (ECCV 2026)

)

Action Decoder
4 4 4

LoRA e
[ MobileVLA-R1 L

VU U W W W S { 4 | L_p

Projection Layer = =
4 4 4 Text Encoder
Point Enc Image Enc Depth Enc

b e Instruction: Turn right, walk

S R i along the hallway, then go to
iy TR ' ! the fireplace and lie in front

; ; of it.

3D Scene Image Depth Instruction

Architecture of MobileVLA-R1. MobileVLA-R1 is an end-to-end framework that integrates
natural-language instructions with multimodal perception. It processes RGB, depth, and point cloud
observations together with textual commands to generate continuous locomotion actions, enabling
mobile robots to follow complex instructions and adapt to diverse environments in real time.



MobileVLA-R1 Data Engine

You are an AI assistant helping to build a Chain-of-Thought (CoT)
dataset.....(state)......Following the state, think step by step and
answer the following question directly with following output format.
Output format: <think>... the analysis of the current step ...</think>
<answer>... what action should do in the current step ...</answer>.

Move forward xx

Turn left/right xx

Gemini-2.5-flash

Semi-automatic
verification

>

MobileVLA-Step-CoT

<think>The robot's current task is "go to the texture fan normally.” ......
Overall, the robot is reorienting and moving toward the fan in a safe
environment, with the main issue being its slower-than-commanded
motion.</think>

<answer>{'x_vel_cmd': 053019315, 'y_vel_cmd': 0.0, 'yaw_vel_cmd":
0.91238636, 'body_height_cmd": 0.0, 'step_frequency_cmd': 4.0, 'gait ":
array([0.5, 0., 0. ], dtype=float32), 'footswing_height_cmd': 0.08,
K'pi‘rch_crnd': 0.0, 'roll_cmd': 0.0, 'stance_width_cmd': 0.25)/answer> )

MobileVLA- Episode-CoT —/

<think>The robot was instructed to "go to the texture chair and avoid
obstacle, quickly". 1. Command sequence summary: ....... 2. Response to
observations: ...... 3. Strategy: ...... 4. Conclusion: i
<answer>The goal task "go to the texture chair and avoid obstacle, quickly"
was successfully completed. The robot avoided the obstacle, re-oriented
itself toward the chair, and maintained high speed until deceleration near
the target.</answer>

\.

J

MobileVLA- Nav-CoT

<think> Scene Analysis: Image 1 shows a dark corridor, ... Images 3 and 4
show a doorway with a glass panel, ... Image 5 shows a shower area, also
part of the bathroom. I am currently ... Instruction Goal: ....Navigation
Plan: ... After exiting, I will need to turn and enter the bathroom. The
toilet is visible in .... T will move forward to exit the current room, then
turn to enter the bathroom.</think>

<answer> move forward.</answer>

CoT Data Engine. We construct the MobileVLA-CoT-Episode-18K, Nav-38K, and Step-80K by
defining navigation and step-level instructions, integrating RGB—Depth visual inputs, and specifying
structured reasoning prompts. These inputs are fed into Gemini-2.5-Flash, which generates
multi-granularity Chain-of-Thought (CoT) annotations with corresponding action outputs.



RLVR in MobileVLA-R1
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afterwards.

The pipeline of RL policy. The model generates N responses from a given input, rewards are then
computed for each response. After normalizing and clipping, these rewards are conflated with a
KL-divergence term, which prevents the model from over-updating, to update the policy.



Results: MobileVLA-R1

ExoView

Point Depth

N -




Can RLVR Improve Video World Simulation? World-R1 (ICML 2026)

Policy Optimization

___________________
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Overview of World-R1. We compute a 3D-aware reward score based on meta-view evaluation,
rendering fidelity, and trajectory alignment, combined with a general generation reward.



Results: World-R1




Can We Automatically Scale Simulation Data? Code2Worlds (ICML 2026)

Code2Worlds

Stage 1: User Input Stage2: Object Stream Stage 4.:Integration and Finalization
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Code2Worlds Execution Pipeline. The framework generates 4D scenes via a dual-stream
architecture: 1) an Object Stream utilizing retrieval augmented parameter generation with object
self-reflection; 2) a Scene Stream employing hierarchical environmental orchestration; and 3) refinement

mechanism driven by a PostProcess Agent and self-reflection.



Results: Code2Worlds




Embodied Simulation: Code2Worlds-2 (TPAMI 2026 In Progress)




Self-Evolving?

How can an embodied robot self-evolve when the reward function is misspecified?
@ Online Reinforcement Learning, but still requires specified reward functions or goals...

@ Self-Supervised Reinforcement Learning (SSRL)



EvoVLA (ECCV 2026): Self-Supervised Reinforcement Learning (SSRL)

SSRL strategy
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EvoVLA overview. Built on OpenVLA-OFT backbone, EvoVLA integrates three modules:
Stage-Aligned Reward (SAR) with hard negatives and temporal smoothing, Pose-Based Object
Exploration (POE) via world models, and Long-Horizon Memory with context selection and gated

fusion. The framework couples with Discoverse-L for training and deploys to real robots.



Results: EvoVLA

Eye-in-hand Eye-to-hand

build a bridge with green bars and fill with purple blocks



@ Synthetic data and data-driven methods are the key to achieving scalability and
generalizability.

@ Do not abuse reinforcement learning for post-training; use RL only to adjust the
foundation model’s output.

@ Work on unimodal LLMs that perform next-token prediction will not achieve advanced
machine intelligence. If you are interested in human-level intelligence, do not rely solely
on LLMs; instead, enhance spatial awareness in visual foundation models.



Thank you.




