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Assignments for This Coming Week

Project midterm report assignment released.

- Finalized main ideas and experimental setup, have datasets and baseline models
working, detailed error analysis, initial progress towards implementing new ideas.
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Classes

Week 1
2/3&2/5

Week 2
2/10 & 2/12

Week 3
2/17 & 2/19

Week 4
2/24 & 2/26

Week 5
3/3 & 3/5

Week 6
3/10 & 3/12

| Tuesday Lectures
Course introduction (All)
e Multimodal core challenges
e Course syllabus

Datasets tutorial
e Data processing and visualization
e Pytorch and modeling

No class (schedule switch)

More fusion (Paul)
e Higher-order interactions
e Multimodal fusion models

Large multimodal models (Paul)
e Multimodal transformers
e Pre-training & fine-tuning
Multimodal generation (Paul)

e Translation, summarization, creation

e Model evaluation and ethics

Thursday Lectures
Multimodal datasets (Paul)
e Research tasks and datasets
e Intro to Al research

Unimodal representations (Paul)
e Dimensions of heterogeneity
e Common model architectures

Multimodal fusion (Dimitris)
e Early and late fusion
e Explainable fusion

Multimodal alignment (Paul)
e Multimodal grounding
e Aligned representations

Multimodal LLM tutorial

e Fine-tuning

e |nstruction tuning
Modern generative Al (Paul)

e VAEs, diffusion, flow models
e Controllable generation

Schedule

HWs

HW1 out

HW1 due

HW2 out

HW2 due
HWS3 out




Week 9
3/31&4/2

Week 10
4/7 & 4/9

Week 11
4/14 & 4/16

Week 12
4/21 & 4/23

Week 13
4/28 & 4/30

Week 14
5/5 & 5/7

Week 15
5/12

Multimodal reasoning (Paul)

e Reinforcement learning

e Multi-step reasoning
Prescriptive modeling (Dimitris)

e Optimization & prediction

e Causal & counterfactual
Multimodal & design (Sang-Gook)

e Multimodal agents

e Applications in design
Human-Al interaction (Paul)

e Interaction mediums

e Human-in-the-loop and safety
Multimodal & cities (Jinhua)

e Spatial and temporal fusion

e Applications in cities
Cross-modal transfer (Paul)

e Modality transfer and co-learning

e Self-training and multitask learning
Project presentations

Explainable modeling (Dimitris)
e Explainable Al
e LLMs for explainability
Multimodal interaction (Paul)
e Interactive agents
e Interactive reasoning
Multimodal & manufacturing (Sang-Gook)
e Multisensor fusion
e Applications in manufacturing
Agents tutorial
e Multimodal agent pipelines
e Agent evaluation
Multimodal & transportation (Jinhua)
e Multimodal agents
e Applications in transportation
Self-evolving Al (Paul)
e Continual learning
e Self-evolution and optimization

4
Schedule

HW4 out

HW4 due
HWS5 out

HWS5 due




Today’s lecture

@ Explicit reasoning with knowledge and structure

@ Basics of reinforcement learning

@ Modern RL for implicit reasoning

I I Imulti_sensory
intelligence



Reasoning

Definition: Combining knowledge, usually through multiple inferential steps,
exploiting the structure of the problem.
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The Challenge of Compositionality

Definition: Combining knowledge, usually through multiple inferential steps,
exploiting multimodal alignment and problem structure.

CLIP, VILT, VILBERT, eftc.
All random chance

Compositional Generalization
to novel combinations outside
of training data

1. Structure: <subject> <verb> <object>
2. Concepts: ‘plants’, ‘lightbulb’

(a) some plants (b) a lightbulb surrounding some plants 3. Inference: ‘surrounding’ — spatial relation
surrounding a 4. Knowledge: from humans!
lightbulb

I I I multisensory
[Thrush et al., Winoground: Probing Vision and Language Models for Visio-Linguistic Compositionality. CVPR 2022] intelligence



The Challenge of Compositionality

Definition: Combining knowledge, usually through multiple inferential steps,
exploiting multimodal alignment and problem structure.

Imagen (Ours) GLIDE [41]

A horse riding an astronaut.

I I I multisensory
[Saharia et al., Photorealistic Text-to-Image Diffusion Models with Deep Language Understanding. arXiv 2022] intelligence



Chain of Thought Reasoning

Standard Prompting Chain-of-Thought Prompting
Q: Roger has 5 tennis balls. He buys 2 more cans of I Q: Roger has 5 tennis balls. He buys 2 more cans of
tennis balls. Each can has 3 tennis balls. How many tennis balls. Each can has 3 tennis balls. How many
tennis balls does he have now? tennis balls does he have now?
A: The answer is 11. A: Roger started with 5 balls. 2 cans of 3 tennis balls

each is 6 tennis balls. § + 6 = 11. The answer is 11,
Q: The cafeteria had 23 apples. If they used 20 to

make lunch and bought 6 more, how many apples Q: The cafeteria had 23 apples. If they used 20 to
. dothey have? make lunch and bought & more, how many apples
N /I . do they have? .
N _/
~ Model Output ~ Model Output ~
[ .. : " A The cafeteria had 23 apples originally. They used
| A: The answer is 27. x ] 20 to make lunch. So they had 23 - 20 = 3. They
. ~ bought 6 more apples, so they have 3 +6=9. The

answer is 9.
o v J

Figure 1: Chain-of-thought prompting enables large language models to tackle complex arithmetic,
commonsense, and symbolic reasoning tasks. Chain-of-thought reasoning processes are highlighted.

I I I multisensory
[Wei et al., Chain-of-Thought Prompting Elicits Reasoning in Large Language Models. NeurlPS 2022] intelligence
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Tree of Thoughts Reasoning

___________

|'/ |HpL|t ) (:{—

(a) Input-Output (c) Chain of Thought  (c) Self Consistency (d) Tree of Thoughts (ToT)

Prompting (1Q) Prompting (CoT) with CoT (CoT-5C)

I I I multisensory
[Yao et al., Tree of Thoughts: Deliberate Problem Solving with Large Language Models. NeurIPS 2023] intelligence



Multimodal Reasoning via Language

Image captioning

Zero-Shot
Socratic
Internet

Image
Captioning

I I I multisensory
[Zeng et al., Socratic Models: Composing Zero-Shot Multimodal Reasoning with Language. arXiv 2022] intelligence



Multimodal Reasoning via Language

Robot perception and planning | 1B o * e B8E
user_1input: nsert iext nere
) Show code
O
N
=

/ 0s completed at 7:49 PM ® X
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[Zeng et al., Socratic Models: Composing Zero-Shot Multimodal Reasoning with Language. arXiv 2022] intelligence



Multimodal Reasoning via Language

Video reasoning

11:09 AM: Places: living room. Objects:
remote control, television, netflix.
Commonsense activities: watch 1letflix
Most likely: watching netflix. was

tching netflix.

Language-based World-state History Comtaxiysl Reascning QRA

8:31 AM: Places: clean room. Objects: shorts, jeans, shirt. Commonsense
activities: getting dressed. Most likely: getting dressed. I was
getting dressed.

10:17 AM: Places: kitchen. Objects: coffeemaker, waffle iron, kettle.
Commonsense activities: making coffee, making waffles. Most likely:
making coffee. Summary: I was making coffee.

Q: Why did | go to the front porch today?

A: ]

Explanation: |

I multisensory

[Zeng et al., Socratic Models: Composing Zero-Shot Multimodal Reasoning with Language. arXiv 2022] intelligence



Many Debates Surrounding Reasoning

Fully Fully domain
Bottom-up Top-down

Hybrid/neuro-symbolic
1. Differentiable?
2. Discrete or continuous
concepts or representations?
3. Best mix of knowledge and data?

Implications on: interpretability,
robustness, fairness, data + model
efficiency, etc.

I I Imulti_sensory
intelligence



Sub-challenge 1: Structure Modeling

Definition: Defining or learning the relationships over which reasoning occurs.

?
B

y [
A O A O
» Structure
Single-step Temporal Hierarchical Interactive Discovery

\ )
B

Multi-step I I I
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Sub-challenge 2: Intermediate Concepts

Definition: The parameterization of individual concepts in the reasoning process.

words

or
OO0 .
or

Concepts
Discrete
Continuous
Single-step

Multi-step

* Structure
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Sub-challenge 3: Inference Paradigm

Definition: How increasingly abstract concepts are inferred from individual evidences.

Concepts

Discrete

Continuous

R

—0O

Inference

Causal

Representation

* Structure

Single-step Multi-step
I I I multisensory
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Sub-challenge 4: External Knowledge

Definition: Leveraging external knowledge in the study of structure, concepts, and inference.

Knowledge

2 8

Concepts
Discrete
Inference
Causal
Logical
Continuous Representation
* Structure

Single-step Multi-step
I I I multisensory
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Roadmap

Input, (reasoning step 1, step 2, step 3...), output

Method 1: Direct prompting, no training (e.g., CoT)

Method 2: Supervised fine-tuning
- Assuming you have reasoning traces

Method 3: Reinforcement learning (today’s focus)
- Assumes no reasoning traces
- But a reward function scoring reasoning and outputs
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Learning a Policy — RL basics

state reward action

<3| Environment ]4—
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1

Learning a Policy — RL basics
An MDP is defined by:

Set of states S.
Set of actions A.

Transition function P(s’|s, a).
Reward function r(s,a, s").
Start state sj.

Discount factor y.

Horizon H.

- e - -

state reward

R,

"',‘ Agent l

+l(

Return:
Gt = Rip1 +Y7Rip2 + ... =

Policy:

Goal: arg max E

- S ‘ Enwronrnent]<

m(als)

Z’thﬂﬂ'

t=0

action

o0
k
E Y Ry kg1
k=0

= PI‘(At — CL|St — 8)

vt




RL vs Supervised Learning

Reinforcement Learning Supervised Learning
* Sequential decision making * One-step decision making
* Maximize cumulative reward * Maximize immediate reward
* Sparse rewards * Dense supervision
* Environment maybe unknown * Environment always known

I I I!'nulti_sensory
intelligence



Intersection Between RL and Supervised Learning

Imitation learning
:l Agent I

S -l Enwronment

_ I I Imultisensorv

intelligence

state reward action




Model-based RL as Exploring a Tree

+10

Optimal policy can be derived
given Q or V: tree search problem
Qs and Vs are interchangeable

7 which action to take from each s

State-value function: how much total reward
should | expect following m from s?

V7(s) = Ex [G¢|S: = $] V*(s) = max V7™ (s)
V7(s,) = 99 V*(s;) = 99

Action-value function: how much total reward
should | expect taking a, then following m, from s?

Q7(s,0) = E, [Gi[S: = 5, A, = a] Q"(5,0) = maxQ" (s, )

Q™(sy,up) =3 Q*(sq,up) = 4
Q™ (sy,down) = 99 Q*(sy, down) = 99



RL Overview — Model Based vs Policy Based

Model-based RL Policy-based RL
_ if g = *
= {7 e @l mo(s,3) = Pla | 5,0]
raw pixels hidden layer
- b Expansion - .
H 4t N ﬁ probability of
E RO0—
NS




Aspect

What it learns

Approach

Planning

Sample Efficiency

Complexity

Adaptability
Examples

Strengths

Weaknesses

Real-world analogy

Use cases

Model-Based RL

A model of the environment (transition
dynamics + rewards)

Plan actions using a learned model

Yes — simulates future steps before acting

High — can simulate "imaginary" experiences

Higher — requires accurate modeling and
planning

Adapts quickly if model is accurate
Dyna-Q, MuZero, PETS, MPC, PlaNet

Efficient, powerful when model is good

Prone to model errors ("model bias")

Learning the rules of a game and planning
your strategy

Robotics, planning, games with known
structure

RL Overview — Model Based vs Policy Based

Policy-Based RL

A policy (mapping from states to actions)

Learn actions directly through experience

No — reacts based on current policy

Lower — requires real interaction with
environment

Lower — simpler learning loop

May require retraining if environment
changes

PPO, REINFORCE, A3C, TRPO, SAC

More robust in complex, hard-to-model
environments

Needs more data and time to converge

Learning to ride a bike by trial and error

Continuous control, high-dimensional spaces,
black-box systems

multisensory
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Policy Gradients
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https://dribbble.com/shots/6426030-Pong/attachments/6426030-Pong?mode=media

Pong from Pixels

Network sees +1 if it scored a point, and -1 if it was scored against.
Can we train a network with this?

I I Imulti_sensory
intelligence



Pong from Pixels

Suppose we have training labels?

Maximize

z logp(y; |x;)
i

But we don’t have training labels

I I Imulti_sensory
intelligence



Let’s act according to our current policy

Run-1
Run -2

Run-3

input layer hidden layer 1 hidden layer 2 output layer

hicden layer 1 iden layer 2 tayer a hicden layer 1 iden layer 2

hicden layer 1 iden layer 2 outputlayer

I multisensory
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Let’s act according to our current policy

Run-1 Win

YaXA, 2 2 X
X & X
NP NP NP

npuslayer Nadenlayer . hikden layer 2 oupuntayer g ayer Ndenlayer s hkdon layer 2 oupuntayer ipulayer Ndenlayer s hkden layer 2 oupunayer

I I Imultisensory
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Let’s act according to our current policy

I multisensory
intelligence



For a General Case
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Reinforce Algorithm

REINFORCE: Monte-Carlo Policy-Gradient Control (episodic) for m,

Input: a differentiable policy parameterization m(als, @)
Algorithm parameter: step size a > 0

Initialize policy parameter 8 € R% (e.g., to 0)

Loop forever (for each episode):
Generate an episode Sy, Ag, F1,....57_1,Ar_1, R, following- E—greedy
Loop for each step of the episode t =0,1,...,T — 1:

G+ Eg:t+1 YRy, (Gt)
0« 60+ ay'GVInn(ASe, 0)

I I Imulti_sensory
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Policy Gradients

VoJ(0) =~ Z r(7)Velog mg(as|ss)
>0

But this suffers from high variance

I I Imultisensory
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Policy Gradients

The raw reward may not be very meaningful.
What is important then? Whether a reward is higher or lower than what you expect.

-- Compare to a baseline, and use relative improvement

Vo (0) = Y (r(7) = b(s)) Vo log ma(as|st)

>0

e.g. exponential moving average of the rewards.

I I Imulti_sensory
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Actor-Critic Methods

A better baseline: want to push the probability of an action from a state, if this action was
better than the expected value of what we should get from that state.

Recall: Q and V - action and state value functions!

We are happy with an action a in a state s if the advantage function A(s,a) = Q(s,a) - V(s) is
large. Otherwise we are unhappy with an action if it’s small.

Using this, we get the estimator:

Vo (0) ~ > (Q™ (st ar) — V™ (s1)) Vo log ma(ar|se)

£>0

I I Imulti_sensory
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Actor-Critic Methods

Two models: actor learns the policy and critic learns the value of states and actions

A3C Policy Learning Module

~ (1 unit)
Value Function
. :

/\Q Q(s,a)

Critic: evaluates how good the action is

2
Li(w;) = Es a,r,s'~D, [(r +v max Q(s',d' i w; ) — Q(s, & w,-}) ]
a
\ J J
Y

A4

Q-learning target Q-network

~mo(als)

/ | | Policy Function .

_”./---"'Eﬁ_unns];rr&((l 5)

i Full._'g-’ l
' connected

LSTM
¢ layer (256 units)
: (256 units)

[Minh et al., Asynchronous Methods for Deep Reinforcement Learning. ICML 2016]

Actor: decides what actions to take

VoI (0) D (Q (e, ar) — V™ (s1) Vo log mo(ause)

t>0

. /
Y

Advantage function A(s,a)

I I Imulti_sensory
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Trust Region Optimization

Proximal Policy Optimization

2 new algorithms:

1. Trust region policy optimization limits the KL divergence (distance)
between new and old policies.

2. Proximal policy optimization further approximates of KL divergence
by clipping the policy gradient.

Proposed

S
Currente _ .-’
point

Restrict each update to be small -> stable training

Trust region

[Schulman et al. Trust Region Policy Optimization, ICML 2015]
[Schulman et al. Proximal Policy Optimization, 2017]
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L4 ______________________________________________________________
Reinforcement Learning from Human Feedback

Step 0: Pre-train LLM and perform supervised fine-tuning;

Step 1: For each prompt, treat the LLM as a policy and sample multiple responses from the model;
Step 2: Humans rank these outputs by quality;

Step 3: Train a reward model to predict human preferences / ranking, given full model responses;
Step 4: Use RL (e.g. PPO, GRPO) to fine-tune the model to maximize the reward model’s scores.

[Christiano et al. Deep reinforcement learning from human preferences. NeurlPS 2017]



Human Ranking and Reward Model

Can’t have humans write gold answers to everything, so train a reward model to predict human preferences

Prompts Dataset

Reward (Preference)
Model

text

Train on
{sample, reward} pairs

Sample many prompts

L

4 \ .
Initial Language Model Laremipsum dolor
= = sit amet, consecte

Outputs are ranked
(relative, ELO, etc.)

adipiscing elit. Aen|
Donec quam felis
vulputate eget, arc

9999

Nam quam nunc

eros faucibus tinci Human Scoring
luctus pulvinar, herl

\
AN

Generated text




Human Ranking and Reward Model

Human preferences are noisy and uncalibrated
Solution: Relative preference tuning via pairwise comparisons

S1 S2
X R(s{) = 8.0 R(s,) = 1.2

Cambridge is a historic city in
Cambridgeshire, England, located on
the River Cam about 55 miles north of Cambridge is a tiny village

‘/f London, with a population of 145,700 in northern England with

and a broader built-up area housing iS better than absolutely no historical

about 181,137 people. It was a significance. It has never
significant trading center in Roman been granted any form of city
and Viking times, received its first status.

town charters in the 12th century, and
officially became a city in 1951.

p[dl ‘;-0'2] _ eXpZ (Ot?a't) 5
exp > 7(o},at) +exp > 7(0?,a?)




The RL Part: PPO

3 components:

Recall Actor-critic models!!

A3C Policy Learning Module

Y (1 unit)

Q(s,a)

Value Function

1. Actor model/policy: LLM that has been pre-trained and supervised fine-tuned;
2. Reward model: Trained and frozen model that predicts human preference as a scalar reward, given full
model responses;

3. Value model/critic: Learnable value function takes in partial model responses and predicts scalar reward.

Critic: evaluates how good the action is

: Fully ] (3 units) ﬂ-a ({1
¢ connected LSTM

layer (256 units)

+ (256 units)

Policy Function

~mg(als)

Actor: decides what actions to take




The RL Part: PPO

Algorithm:

1. Generate responses: LLM produces multiple responses for a given prompt;

2. Score responses: The reward model assigns reward for each response;

3. Compute advantages A(s,a) = Q(s,a) - V(s). How much better a specific action a (i.e., word) is compared
to an average action the policy will take in state s (i.e., prompt + generated words so far).

4. Optimize policy: Update the LLM by optimizing the PPO objective (KL + clip to penalize large changes);
5. Update value: train the value function to be better at predicting the rewards given partial responses.

PPO

Policy
Model

Reference
Model

~\

f

\(

Reward
Model

~

Model |

G n
v




GRPO (Deepseek R1)

([ Reference |
Model

~

PPO .
Reward
@_{ Policy | Model |
Model r Valie ) -
| Model | v

Trained

GRPO KL T e T rmzen
Reference ” A Models

Model 5 a

Policy 0, Reward T, Group A,

Model _— Model 7| Computation .

Og TG Ag

Figure 4 | Demonstration of PPO and our GRPO. GRPO foregoes the value model, instead
estimating the baseline from group scores, significantly reducing training resources.

I I I multisensory
[Guo et al. Deepseek-rl: Incentivizing reasoning capability in LLMs via reinforcement learning. arXiv 2025] intelligence



L4 ___________________________________________________________________
GRPO (Deepseek R1)

Key differences:
1. Group of responses used to compute advantage and gradient updates.

2. Nolearned value function, just simple statistics of rewards over a group.
3. Abandon reward models and use rule-based verifiers (binary checks, test-cases, length, format).

I I Imultisensory
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[Guo et al. Deepseek-rl: Incentivizing reasoning capability in LLMs via reinforcement learning. arXiv 2025]



Reward Hacking

- Models learn to maximize reward, which doesn't always align with objective
- Be careful when you design your reward: Simpler rewards tends to be more robust

Key quotes from a hacking run®

@ To win against a powerful chess engine as Black,
playing a standard game may not be sufficient.

@ | can read and analyze game files.

@ The engine will resign if it scores <—500 centipawns.
I’ll overwrite the board to have a decisive advantage.

s pes W | Loou> D@ TV Y’ Engine resigns.

An RL agent achieved 20% higher scores than humans
by exploiting a loophole to repeatedly knock over An LLM hacks a chess engine for itself to win the game.
respawning targets in an isolated lagoon.

[OpenAl. Faulty reward functions in the wild, https://openai.com/index/faulty-reward-functions/]



https://openai.com/index/faulty-reward-functions/
https://openai.com/index/faulty-reward-functions/
https://openai.com/index/faulty-reward-functions/
https://openai.com/index/faulty-reward-functions/
https://openai.com/index/faulty-reward-functions/

L4
GRPO (Deepseek R1)

Update: some insights from @him_sahni on this, who “did RL in his past life”: the reason
“why no one has tried GRPO before” is — we have. In REINFORCE, you update the
policy by subtracting a baseline (typically the average reward from several trajectories) to
reduce variability. In fact, theory shows that the ideal baseline is the total expected future
reward from a state, often called the “value”. Using a value function as the baseline is known
as the actor-critic approach, and PPO is a stable version of that. Now, in traditional
REINFORCE, the baseline can be any function of the current state, and traditionally is just
the reward for the trajectories in a single batch; in GRPOQO, this baseline is computed over
1000 samples generated for each prompt, which is fg novel (.

I I I multisensory
[Guo et al. Deepseek-rl: Incentivizing reasoning capability in LLMs via reinforcement learning. arXiv 2025] intelligence



Direct Preference Optimization

DPO is more efficient in terms of compute, speed, and engineering efforts.
DPO does not need to train a reward model, and during policy training it doesn’t
decode online responses (which is usually slow) or train an additional value model.

PPO trains on online data generated by the current policy, while DPO trains on static,
pre-generated offline data. This may limit exploration in DPO and hurt the training.

DPO Training

Preference Data: Dp Policy Training Data: D,

-== Model AT Decods
( Responses (offline): y., y, ) Train Ry (x, y) \ ® Response (online): y )4' -
~
| ( Ranking: y. > vy, | x ) Sco}g T Reward score: r ) -1:%;

l

l

!

l

l (7 N N
| _ Reward - — _ _®
: ( Prompt: x ) @ - Policy Training Prompt: x )—
I

l

]

]

I

[

[Rafailov et al. Direct preference optimization: Your language model is secretly a reward model. NeurlPS 2023]



Advancing Multimodal Reasoning

Inputs: Sequence of text, 2D/3D images, and time-series, projected by separate time series, vision encoder and
text embedder, and interleaved as multimodal tokens.
Outputs: Predictions, free-text explanations w evidence, bounding boxes, salient regions, differential diagnosis...

Multimodal Training Dataset QoQ-Med Outputs w/ Reason
& e ey e B it e e |
| B l \__a ] ) l © l
| ey B SRS B 2 B AT =t I o | |

8 = ezaciy EimarEeas 4 g BE ABEEr 2SS SR R m | v
I : : 4 I =z Z 2 O ®_{ . I
I b AN A A AN AN I ’C‘ w0 :.5. | |
| | | =8 [|5| O O | |
| X-ray Dermo. Fundus | /i = D D I o I |
: : [:] ; D : Reasoning Insights :
| | 2. |[7 O] = |O |

-~ & 2
e —2f Hiro| £ (o |
: - = = x-
R | | O & OJ ! : !
- T ; - - ! D = [:] : Salient Re io;l ;
|  CT Scan MRI Mammo Ultrasound | o | % g |
: |Q: Above is a chest CT scan slice of a ‘ : D G : Annotations :
patient. What type of Pulmonary
| Em:ol'mn (PE) is p:)eunt in this CT scan? | ;’T] e — D D | p Q‘ |
Answer with one of the following — —_]—‘ AYe

l No PE, Chronic PE, Acute PE I ' (] Y:’ g l
| |A: No PE | | -~ |
| | 0 1

Clinical Diagnosis

(O O

‘ Clinical QA Pairs
L_(d') cal QQ 1
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Multimodal Clinical Dataset

4.57M annotated samples from 44 datasets, totaling 19.01T in size
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[Dai et al., CLIMB:

https://github.com/DDVD233/climb

Understudied

Novel Tasks
Modalities

£

COVID-19

.

3 Ultrasound

'5 1 || &
Other Viral "’?’
Pneumonia Graphs

(b) Focus of CLIMB Dataset

Underrepresented

South America

Regions

Vietnam

Data Collection Sites

Data Foundations for Large Scale Multimodal Clinical Foundation Models. ICML 2025]

(e)

Source: COVID-BLUE

Data Samples

Source: HHIC

Label: COVID,
Severity 2
Comment: broken
pleura line, very
small consolidated !

areas, B-lines

I 1 Source: PPMI

.
-

"
*ﬂ'.
. LS PN

' ].uhvl:
I Parkinson's

| Disease

Label:
Seizure
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Multimodal Clinical Reasoning https://github.com/DDVD233/QoQ_Med

Stage 1: Align time series encoder to a pre-trained vision language model with time series and text pairs.
Stage 2: Train model components with mixture of partial data from 9 clinical domains with reasoning.

Stage 1: Time Series Encoder Stage 2: Full Multimodal Reasoning Trainin
5
Ahgnlnellt’ - _lvh_llilmoga_] lj‘a;lnin-g- Qaias_et_ - QoQ-Med Outputs W/ Reason
ALy gy 3
I AJ/\_,_,.J,,A.___J,/\»_A | o ! | |2 2 = _’D B8_
| e T |22 [0 O
| X-ray  Dermo. Fundus Patho | ﬁ g JI8] 0O 0O
Time Series | | - _—— — e |
FIILO(]CI‘ | | '\ D E D Reasoning Insights
o 7| O
| 1 157 LEL &
| | & O A g8 w
- TR 2% ) gl =
| T | ' | wi, _— o
LLM Backbone alll | | L O S 0O ‘
that CT Scan MRI \I(nmno Ultrasound g Salient Region
| I Q Above is a chest CT' scan slice of a. I D D Annotations
| patient What type of Pulmonary —__ H
6 ’ I ;;’.mbonsm (PR) is presest in this CT — I (¢ S D D 9
‘Té “ Clinical Diagnosis w/ | % A w e A i e | A 0 0 :y;, “?‘
[, \ Reasoning | e No P8 : | W Clinical Diagnosis
-~ d L _ _(Elll_(‘zlLQ_A_Pa_ll’b_ _ EH_I'{_ _ _J D D mica lagu S18

[Dai et al., QoQ-Med: Building Multimodal Clinical Foundation Models with Domain-aware GRPO Training. Neur|PS 2025]



Rewa rd SEtU p https://github.com/DDVD233/QoQ_Med

1. Accuracy reward: 1 if the final answer is correct, O otherwise

Accuracy

q Answer: Has tumor
2. Semantic alighment reward: loU between ground truth ML

abnormality segmentation and model’s predicted bounding box

3. Length reward: reward of up to 1 if the model’s reasoning is at Alignment
least 100 tokens, but no more reward if it’s longer. reward

Scale of each is 0.6:0.2:0.2

Quesuon Ah ve is a chest X-ra) ylmagc of a patient. What is the diag-
si xh X-ray image?

multiple phrases from the following: A| lectasis,
n, Edema, Enlarge: dCard st
ity, No Finding, Pl

01
g Opac
'neumothorax, Support Devic
Ground Truth Label: Pneumonia

Model’s Prediction: Pneumonia

Reasoning to annotate: To analyze the chest x-ray image, we need
to understand ng process for identifying signs that may sug-
gest a particular diag; . The reasoning process involves observing the
following key features:

2. Lung Opacity:

* The den: ‘yflh]gl’ld lldNn‘nIIylgl very aerated and appears
very light on lh ylmolompll]yblklflh anynrcadp ity in the lung
fields, lmay d alcﬂ id, hlood or abnonnall ssue, s consolidation, atelectasis, or

which are sugge of In (h age, the lung fields appear darker

than normal, which is a sign of increased oj pcly This could i dc lednumbc ofplh ologies,

such as consolidation, which is often lh sis, which is the

collapse of part of the lung, can also appear as a darker opacity on x-ray and is a common
cause of increased lung opacity.

3. Pleural Effusion:

erelhresan b malaocumul( of fluid in the pleural space, which can be
cus acity lhbmcflhlgf(aoc|dw1hlg

no indication of a smooth, curved opacity.

[Dai et al., QoQ-Med: Building Multimodal Clinical Foundation Models with Domain-aware GRPO Training. Neur|PS 2025]



Multimodal Clinical Reasoning https://github.com/DDVD233/QoQ_Med

RL methods for medical reasoning

® Critic-Free methods (like GRPO) treats all samples equally
* However, medical tasks varies a lot in form (vision/time series/text), distribution, scarcity and difficulty
® Result: Easy, abundant samples dominates training

Easy Easy Easy Easy Hard

Question Question Question Question Question

Dominates training

I I I multisensory
[Dai et al.,, QoQ-Med: Building Multimodal Clinical Foundation Models with Domain-aware GRPO Training. NeurlPS 2025] intelligence



Multimodal Clinical Reasoning https://github.com/DDVD233/QoQ_Med

Solution: Upscale scarce, hard questions while downscaling easy, abundant questions.

Question: Above is a lung

Question: Above is a chest

X-ray image of a patient. u%trgsound video. What is
what is the diagnosis of the the diagnosis
patient in the X-ray image? Si%?gsgﬂnggls lung

| Downscale: abundant, easy T Upscale: scarce, hard

I I I multisensory
[Dai et al., QoQ-Med: Building Multimodal Clinical Foundation Models with Domain-aware GRPO Training. Neur|PS 2025] intelligence



QOQ— MEd M Od EI https://github.com/DDVD233/QoQ_Med

- Solution: Upscale scarce, hard questions while downscaling easy, abundant questions.
- Difficulty is assessed via hierarchical clustering, both within and across domains.

7 T =
/ = - =5 . .

4 e RL Training

O e DRPO O
— O . é g » O GRPO Norm: Hierarchical Scaling O
=l O EE 9 | = _— ®
: ust.(?l‘ing‘ omain .
;_ O _.O Domain 1 L " = O
3 — = | [z O - L * O
§ O A:‘ ::.’ j O < v O

O = é" 5 1 O Domain 2 O
1 = E Domnin 2
& @ O } O

KL
DRPO Mixed Training

_ o I I I multisensory
[Dai et al., QoQ-Med: Building Multimodal Clinical Foundation Models with Domain-aware GRPO Training. Neur|PS 2025] intelligence



QOQ— MEd M Od EI https://github.com/DDVD233/QoQ_Med

- First medical reasoning model that reasons across 2D/3D images, videos, time series and text.
- Substantial performance improvement in understudied modalities like ultrasound and CT scans.
- Model beats both open and closed-source models.

Improvements in

CT Scan

03 _ understudied modalities ~ QoQ-Med-328B
2 -3 Med-R1

—_— M ) Ve < ~
S 025 B Move! Tash , ECG LLaVa-Med
"E - D Understudied Modality it
&) 0.2 g [ Underrepresented Regions ((‘I;:‘“-;“
O. . [ Multiple Categories ILA30
oy 3 Other Datasets
&€ 0I5 g ]
< - Pathology
Q 0.1 ol
2 £ 2
0
Z 005 :
a ‘ - CXR
Z BT e | 04 0.6/0.38
2 0 — ey A /
= s \ ‘
2

0.05
. = Mammo

0.1 -

YOS SR PRA DI FIAFPRE I E LIPS LS N\ ;
-\9“{'3@\@"? F \Q:\T;.\quig\& @;G;Qxi«g \\%\o\: Wy }\\\\*:\Q\\‘\,,&;p e , v Fundus
N = \\\ & \\ ~ Q:?\\, ’ ge é ’5“ = \\\“" 3 \\:': \\\\‘ “‘ : \\ '\..,\\V v ~
$ YV SO LA P FTETOFTSITESE & 4
o = Q?.L\\N \'Q\\\ N ¥0 \‘;\ RN ¥ Ul(rasound b 4 Better performance than
(a) Dataset (b) MRI GPT-40 and 04-mini

[Dai et al., QoQ-Med: Building Multimodal Clinical Foundation Models with Domain-aware GRPO Training. Neur|PS 2025]



Tra nSfer tO M | MlC https://github.com/DDVD233/QoQ_Med

- MIMIC is a dataset with paired image, text, time-series.
- Tests transfer from partial modalities to full multimodal setting.
- QoQ-Med outperforms standard GRPO training and other non-RL multimodal models.

LOS 48-1THM
Acc F1 Acc F1

Qwen-2.5-VL-7B | 0.649 0.105 | 0.555 0.293
GRPO-Full 0.626 0.105 | 0.551 0.354
DRPO-TextOnly | 0.645 0.195 | 0.563 0.583
DRPO-ECG+T 0.639 0.204 | 0.602 0.528
DRPO-Vision+T | 0.669 0.223 | 0.596 0.586
DRPO-Full 0.663 0.283 | 0.642 0.597

Algo/Inputs

_ o I I I multisensory
[Dai et al.,, QoQ-Med: Building Multimodal Clinical Foundation Models with Domain-aware GRPO Training. NeurlPS 2025] intelligence



Rea SON | ng Exa m p Ies https://github.com/DDVD233/QoQ_Med

- We annotated reasoning samples from validation with clinicians, with 3 categories: high relevance (to
final diagnosis, low relevance, and no relevance).

- Around 45.3% of the reasoning is rated as highly relevant, and 100% of the rated samples contain
highly relevant reasoning traces.

Question: Above is a brain MRI scan. Is there a tumor
present in this brain MRI scan?
Ground truth: Has tumor

Model Reasoning:

...tumor appears as a round, well-circumscribed
lesion...tumors are often characterized as having
a distinct, often irregqular, boundary ...tumor 1is
clearly distinct from the surrounding brain
tissue, which is a strong indicator of a lesion
tha could be a tumor ...tumor is located in the
brain...in a region where tumors are common...

Answer: Has tumor

Relevance to diagnosis: | | high | low | | no

[Dai et al., QoQ-Med: Building Multimodal Clinical Foundation Models with Domain-aware GRPO Training. Neur|PS 2025] I I I

multisensory
intelligence



Rea SON | ng Exa m p Ies https://github.com/DDVD233/QoQ_Med

Unified reasoning across images and medical sensors

Question: Below is a history of a patient:...How long will
the patient stay in the hospital?

A. 0-4 days B. 5-8 days C. 9-12 days D. more than 12 days
Ground truth: D. more than 12 days

Model Reasoning:

...the patient has been on mechanical ventilation for
96 hours, which is a long duration indicating a
complex respiratory condition. The ECG and other lab
results do not show any immediate critical issues, but
the patient's hematocrit and hemoglobin levels are
low, which could be a sign of anemia or other

=¥ underlying conditions requiring treatment...the high
5 - - and low heart rate alarms suggest the patient might be

LL****}““%*&fva“TLL***~ at risk for arrhythmias or other issues requiring
. N ) ) close monitoring. Given the prolonged ventilation and
Undadadodd b bntngniny Holidilo | the need for multiple invasive procedures, the patient

| iy is likely to require a significant period in the ICU
o i b ] or @ high-dependency unit for close monitoring and
T e e P management of their respiratory condition.

fs

bbb bbb b L L L Answer: D. more than 12 days

I I I multisensory
[Dai et al., QoQ-Med: Building Multimodal Clinical Foundation Models with Domain-aware GRPO Training. Neur|PS 2025] intelligence



Rea SON | ng Exa m p Ies https://github.com/DDVD233/QoQ_Med

Detailed reasoning on image textures

Question: Above is a clinical image of a patient. What
is the diagnosis of the patient in the clinical image?
Ground truth: Basal cell carcinoma

Model Reasoning:

...nhot a dark mole...slightly raised, pinkish,
and slightly elevated area...lesions have a
rough, scaly surface, which 1s more consistent
with the texture in this image...lesion's
color, shape, and location are consistent with
basal cell carcinoma...

Answer: Basal cell carcinoma

Relevance to diagnosis: | | high ] low | | no

I I I multisensory
[Dai et al., QoQ-Med: Building Multimodal Clinical Foundation Models with Domain-aware GRPO Training. Neur|PS 2025] intelligence



Tips and Training for Reinforcement Learning

1. Sanity Check with Fixed Policy

2. Monitor KL Divergence (in PPO-like algorithms)

3. Plot Entropy Over Time

4. Use Greedy Rollouts for Evaluation

5. Debug Value Function Separately: Visualize predicted vs. actual return

6. Gradient Norm Clipping is Crucial

I I Imulti_sensory
intelligence



26 ___________________________________________________________________________
Tips and Training for Reinforcement Learning

7. Check Advantage Distribution
8. Train on a Frozen Replay Buffer
9. Use Curriculum Learning: Gradually increase task difficulty or reward sparsity

10. Watch for Mode Collapse in MoE or Multi-Head Policies

I I Imulti_sensory
intelligence



Assignments for This Coming Week

This Thursday (5/8): final project presentations.
- Class from 1-3pm, let us know any time constraints.

Final project reports due 5/20 — 12 days to incorporate feedback from presentations

Meet with me and TAs today after class.

I I Imulti_sensory
intelligence
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