Lecture 14:

Automating Design Feedback for
Interactive 3D Worlds

Visual Computing Systems
Stanford C5348K, Spring 2026
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3D objects, textures, and materials

Hunyuan3D Model 2.1



Articulated 3D objects




Full 3D scenes

[SceneSmith: Pfaff et al 2026]



[WorldLabs]
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Ny ROSEBUD AI

Create from Scratch

Describe your game below, or pick a template =

Create me a racing game set on the streets of San Francisco where the
key challenge is to avoid 1ice patches on the road which cause me to
skid out of control.

gemini-flash =~ 158/500







, Output from Genie 3
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Cost of 3D content generation dropping rapidly...
Ubiquitous creation and simulation of high-fidelity 3D worlds

Fully action-conditioned

Render generated video-generation
3D content + Neural 2D “uplift” (video-based world model)

Generated 3D content
(Objects, materials, lighting,
3D gaussians, scripts)
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Great aesthetics != great experiences
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Figure credit:
luliu-Cosmin Oniscu ’ r
“A level design look at parkour rooftop connectivity in Assassins Creed Urban Spaces.”
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Balance and design of tools/components in a crafting experience




Al Increases generation velocity

Good design/structure,
Comprehensive evals,
Key validations

10x more
capability




High velocity generation
will be limited in impact
without structure and
tooling to manage,
analyze, and control it

+ OF Claude

Good design/structure,
Comprehensive evals,
Key validations

So how can we provide this support HpEp \\
for high-velocity creation of | .. -
interactive 3D experiences? Temmnem T BB




Automating generation of design feedback

this.ywelocity 23
this.yWelocity += 1N » :
this.y += this. yWelocity »
var hitinfe this. hitTest
this. Jusping hitinfo.bumpedY >= this.y/;

3! Ihitinto.BuspedY this.y
this.yWelocity = 0;

this. x hitinfo.buspedX;
this.y = hitinfo,.buspedY;

this.ruming this. x ldXx: &4 'this.jwmping;
this. facingleft this.x < olaXx this.x o lax

i Ihitinfo.hitinject

this.yWelocity = =45
hMitinfo.hitOBject. . stomp

this.y » & this.y < 4§
this. Initialize

var Gamelnesy = new Class

Extends: GomelBlject.




Automating generation of design feedback
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Automation to provide design feedback
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Automation to provide design feedback




Modern Al

Large-scale RL

The international journal of science /10 February 2022

FORCE

DRIVING

_____

Al algorithm outcompetes human

championsin Gran Turismoracing game

Safety net

Planning for the day
quantum computers
crackencryption

Global health

Reboot biomedical
R&D so everyone
benefits from discovery

Joined-up thinking
Technique makes

grafting possible for
key food crops

“bots”

4. Mass Scale Training Infrastructure

The DART platform had access to over 1,000 PlayStation 4 (PS4) consoles. Each was used to collect data for training GT
Sophy or evaluate a trained version. The platform consisted of the necessary computing components (GPUs, CPUs) to
interact with a large number of PS4s and support large scale training over an extended period of time.

for over 1500 epochs® from scratch, which takes approximately ten days to train on a single A100
GPU and a dozen Playstation 4 systems. For our experiments, we reduced the training time of each
iteration to 300 epochs, and only train the policy from the final iteration for 1500 epochs without
a secondary replay buffer (to compare with GT Sophy) for evaluation. From now on, we refer to



Modern Al “bots”

VLM directly plays game, learns from it’s own experience

User Prompt

“Can you go check out those
egg-shaped objects and tell me
what material they are made of ?”

Reasoning

The user wants me to identify
the material of egg-shaped
objects. | need to locate these
objects first.

Agent Response

“l found the objects.
They appear to be plants
containing Carbon.”

Unidentified PI
& - YD' l"'/,




Modern Al “bots”

VLM authors a behavior tree that defines bot’s behavior
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Experience collection for Dota 2 bots

Optimizer + Connected Rollout Workers (x256)

Rollout Workers

CPUs

GPUs

/ Experience collected

~500 CPUs
: Optimizer : :

Run episodes P Size of observation
- 80% against current bot 1p100 GPU .

20% against mixture of past versions Rollout Compute Gradients e NCOL2 to Observations per

ata . . _ . g
: : * Proximal Policy Optimization average gradient

Randomized game settings Samples with Adam e at every stop. second of gameplay
Push data every 60s of gameplay » Batches of 4096 observations
» Discount rewards across the 60s using - BPTT over 16 observations Batch size

generalized advantage estimation

Model Parameters

(10M floats)

Eval Workers

~2500 CPUs
Play in various environments Model
for evaluation Parameters

* vs hardcoded “scripted” bot

- vS previous similar bots (used to
compute Trueskill)

* vs self (for humans to watch
and analyze)

\ / Batches per minute

OpenAl Five stats (Dota 2]

OPENAI FIVE

128,000 preemptible CPU cores on GCP

256 P100 GPUs on GCP

~180 years per day (~900 years per day
counting each hero separately)

~36.8 kB

JEis

1,048,576 observations




2023-2025 “batch simulators” that achieve millions of steps/sec by
executing thousands of environments in parallel on a single GPU

= CUuLE:

~ Atan RL Benchmarks

Google MJX:

GPU Physics

Isaac Gym:
GPU Physics

Makoviychuk et al, NeurlPS 2021

Kinetix:
Physics Based
Problem Solving

Craftax:
Open-Ended 2D Exploration

Maniskill:

Robotic Manipulation
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Matthews et al, ICLR 2025 &
athews et a, | o &5 AL, Matthews et al, ICML 2024

But... requires a simulator rewrite for the GPU



Implement simple proxies of real games to
train agents: then sim-to-sim transfer

1M steps/sec simulation in low-fi simulator Same policy running in 60Hz Roblox engine




Sim-to-Sim: policies trained in coarse sim in a day can transfer
directly to unseen obstacles in a higher-fidelity simulator (Roblox)




We tried learning competitive strategies for 6 vs 6 FPS play

6 x 6 FPS simulator (collaboration with Activision)




Leveraging system efficiency:
Use more accurate models of players

Analogy:

In physically-based animation, biomechanical
modeling of muscles and tendons leads motion
optimization toward more realistic gaits




Given enough training, an agent can learn to successfully navigate
the skinny path, even though that path affords a low margin for
movement error.

")




Randomly changing the agent’s agents (with probability p) reduces
success rate to near 0.




Training an agent that is “aware of” its own limitations (potential
for occasional action perturbation) yields a policy that wisely
takes a more conservative approach.




Measuring/modeling human behavior in
aim-and-shoot video games

pmax(|v,])  (C)

d

>

Gaze landing point
variability

Time

Saccadic spee

Being of End of
saccade saccade




Modeling human behavior (in LLM agents)

m Recent study (by the same authors as
Generative agents) [Park et al. 2024]

m Interview 1000 people + ask those
people a detailed set of questions about
their personality, ask them to perform
simple tasks, etc.

m Give transcript of interview to LLM
agent... see how the result agent does
on the same interview

R

Human Participants

2-hr Audio Interview
(Avg. 6,491 words)

Interview script drawn from
the American Voices Project

Actual participant responses

General Social Survey (177 Items)
Big Five Personality Inventory (44 Items)
Economic Games (5 Items)

Behavioral Experiments (5 ltems)

e e
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Simulations

24

&

Generative Agents

Interview transcript serves
as agent memory

Simulated participant responses

General Social Survey (177 Items)
Big Five Personality Inventory (44 Items)
Economic Games (5 Items)

Behavioral Experiments (5 Items)

\) Compare actual to simulated responses, /

adjusting for participant self-consistency

Stanford C5348K, Spring 2025



Similarity to human responses

m Generative agent built off of interview General Social Survey
context responds to questions more like
the interview than alternative ways to
model a persona

Participants
Interview-Based
Demographic-Based
Persona-Based

Random Baseline

0.0 0.2 04 0.6 0.8 1.0
Accuracy
Big Five Personality Inventory Economic Behavioral Games
Participants — Participants -
Interview-Based @ Interview-Based } ®
Demographic-Based - o Demographic-Based - } @
Persona-Based - @ Persona-Based - } @
Random Baseline @ Random Baseline @
| | | | | | | | | |
0.0 0.2 0.4 0.6 0.8 1.0 0.0 0.2 0.4 0.6 0.8 1.0
Correlation Correlation

Stanford C5348K, Spring 2025



But it's not necessary true accurate behavior is needed

View results of a random walk.

Stanford (S348K, Spring 2025



Improving LLM-agents Iin an afternoon
without costly fine-tuning



If an LLM agent can’t solve a task, what can we do?

Use bigger off-the-shelf model?
Test-time scaling (take multiple tries)?
generate more thinking tokens?

Prompt engineer?
Provide better instructions?
High human cost.
Brittle. Annoying!

Fine-tune the model by
learning from experience.
(Post-training)

e Example
* Example

100

SIMA 2

Self-Improvement

75

Average Score

25

Self-Improvement Iteration



A very simple agent

def agent(task_goal, db, game):
plan = make_plan(task_goal)

while (!game.done)
obs = game.getObservation()
action = choose_action(task_goal, plan, obs)

game.step(action)

TextWorld

%

o)
o

Welcome!

You are in the middle of the room.
Looking around you, you see

a diningtable, a stove,

a microwave, and a cabinet.

Your task is to:
Put a pan on the diningtable.

> goto the cabinet

You arrive at the cabinet.
The cabinet is closed.

> open the cabinet

The cabinet is empty.




A very simple agent with a DB of prior experience

def agent(task_goal, db, game):

plan = make_plan(task_goal, retrieve_for_planning(db, task_goal) )

while (!game.done)
obs = game.getObservation()
action = choose_action(task_goal, plan, obs, retrieve_for_acting(db, obs) )

game.step(action)



So what data do we put in the database?

 We have an agent start solving tasks in a game, and if the task is solved, we
store the trajectory of (actions, observations) in the DB, growing it by one
—that’s 1t!

* The hope:

1. Successful behavior on one game task is helpful to LLM when asked to do
similar game tasks in the future.

2. More complex future tasks involve composition of concepts from simpler
tasks



Even this simple approach gets big boosts!

73% to 89% success
* |earning from the agent’s

own examples can yield
notable performance boosts

O
O
o

* Low run-time costs (only
additional cost is DB
retrieval)

O
00
o

O
~
=

Immediate improvement (no
waiting for fine-tuning the
model)

Success Rate

0 1000 2000 3000
Num. Training Tasks

—eo— Avqg of 5 trials



Experiment: simultaneously implementing Catan and bots to play it!

Phase 1: implementing Catan

K1AuS TEUBER

CATA

GAME RULES
& ALMANAC

Dear Settlers,

To make it as easy as possible for you to start playing Catans, we use an auward-winning rules system, which consists

of 3 parts. First, if you do not know bow to play Catan, please read the Game Overview on page 16 (the back cover).
Next, read the Game Rules on pages 2-6 (red borders) and start to play the game. If you bave guestions during the
game, consult the Catan Almanac on pages 6-15 (gold borders)

Now you are ready for your first adventure on Catan. Have fun settling this new land togetber!

You can find further information at:
catan.com

GAME RULES

These 4-page rules (pages 2-5) contain all the imxportant
informasion that you need 10 play!

1f you need more information during the game, you caa look
up keywords (marked @) in the “Almanac,” which follows

CONSTRUCTING THE ISLAND

The frame picces hold the board together 2nd prevent
the pieces from moving afier the board is in place. Before
building the istand, assemble the frame by maiching the

these rules. mambers at the ends of the frame pieces togesher (i.e., 1-1,
GAME COMPONENTS 22,6c).
o 19 terrain hexes (tles) You can then coastruct the iskind of Catan using the 19
o 6 sea frame pieces terrain hexes as shown on page 3.
« 9 harbor pieces Starting Set-up for Beginners
« 18 circular sumber tokens You can play the game Catan on 2 variable game board.
« 95 resource cards (bearing the symbols for the brick, For your first game, bowever, we suggest that you use the
grain, humber, ore, 2nd wool resources) “Starting Set-up for Beginners ®.” (See llus. A on page 3.)
« 25 development cards (14 knight cards, This set-up is well-balanced for all players.
6 progress cands, 5 victory point cards) Before your first game, you must remove the die-cut
* 4 “Building Costs” cards P from the cardboard holders. Carcfully punch
« 2 special cards: “Loagest Road” & “Largest Ay gmmummmmwam
o 16 ciies (4 of each color, shaped ke churches) Gle-cad stiets, sy puch S e (iomgh from e froak,
« 20 sextements (5 of cach color, shaped ke bouses) “:y:ﬁm*mfh'ﬁm‘f”:“bl"')'
% map as specified in 1lustration A (or on
T e
= First, the franse s shown. Second, create Catan
Db by placing the 19 terrain hexes 0 the table—again 25
* 1"Game Rales & Almanac” booklet shown. Third, place the circular namber tokens oa top of
the designated terrain bexes. Finally, place your setdements
and roads.

Gave an agent a rule book.

Ask LLM to implement game and game tests given the rule book

* Game implementation can dump state at any game step (ask LLM to write tests for given state), this

creates a growing set of regression tests.

Simple agents play game (fuzz test) to find errors in game (crashes/rule violations

Ask LLM to fix errors in game (give failing state and agent action

RULES

Illustration A

StarTING MaP
FOR BEGINNERS

To make it as casy as possible
for you to get started with
Catan, we use an award-
winning rules system, which
consists of 3 parts—the
Orerview, the Game
Rules, and
the Almanac.

If you've never
played Catan,
please read the
game Orerview
first—it's on the
back cover of this
booklet. Next, read the
Game Rules and start
to play. And fnally, if you
have questions during the
game, please consult the
Almanac (it begins on page 6).

Resource PRODUCTION

Starting Set-up for Experienced Players

It is more fun 10 play with 2 variable gamse board—with the
game board hid out randomly. The board changes each game.
I you would like to use the variable set-up, you can find the
guidelines in the Almanac under Set-up, Variable ® . Also Jook
for wseful tips under Sct-up Phase ® and Tactics®,

SETTING UP THE GAME
Sedect a color 2nd take your 5 settlements, 4 cities, and
15 roads (no more 2ad no less!). Place your 2 roads and
your 2 seetlements on the game board. Place your remaining
settlements, roads, and cities down in front of you.
Note: If you are playing a 3-player game, nobody plays the
red pasition indscated on tbe starting map.
Take your color’s building costs card. (See [Bustration B.)

Begin the game with
the resource cards
produced by the
settlements
marked with
white stars.

See

0DDS FOR
Dice Rous
2&%12=3%
3&11=6%
4&10=8%
5&9=11%
6&8 = 14%

T=17%

Pasture Desert
Prodeces Weol Prodeces Nething

Place the special cands “Longest Road™ and “Largest Army”™
beside the game board aloag with the 2 dice.
Sont the resource cards into $ stacks and pat them face up
next o the game board.
Shuffie the development llasteation B
cards and place them face z
domn by the board.
You receive resources ®
for cach termain hex
around your starting
setilement marked
with 2 white star
(see Mlustration A). Take
the appropriate resource
cards from their stacks.




Simultaneously implementing Catan and bots to play it!

Phase 2: improve agents

Human watches agents play themselves

If human sees a good move by the agent in
a key scenario, add (state, action) to
database

If human sees a bad move in a key
moment, add example to database with
human-annotated solution

Agents query from database of good
moves, which grows over time — agents
improve!

Improved agents sample different parts of
game space, further fuzz testing game
correctness




Level-of-detail = reasoning at the right level of abstraction

How can we identify and generate a world simulation at the right level of abstraction for
a given learning task?

What aspects of problem solving should be done at each level of abstraction?

Text-based game Low-fidelity sim High-fidelity game

“You are a character in a
battle Royale FPS game,
you are standing near a
corner and you see an
enemy peak out...

LLM policy action: Low-fi agent action:
“You should take cover” Move to (X,Y) Game controller input



Summary:

High velocity generation will be
limited in impact without structure
and tooling to manage, analyze, and
control it

Good design/structure,
Comprehensive evals,
Key validations

Rapidly improving agent capabilities
offer a vector for “keeping up” with
the pace of 3D content generation.

Same questions face “regular”
software face developers of
Interactive 3D worlds.



