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Assignments for This Coming Week
Please fill out course evaluations and give us feedback!
HWS5 due this Friday May 8.

For project:
Make sure to meet with myself and TAs this week if you need advice.
Presentations next Tuesday May 12.
Final report due Tuesday May 19.
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Z.3 ________________________________________________________________________
This Week: Recap and Advanced Topics

Recap of course material

Native multimodal models and mixture of experts
Advanced fusion techniques

Self-evolving multimodal agents

Extending human senses — touch, smell, and taste

SR o o

Human-Al interaction and safety
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What is a Modality?
Modality

Modality refers to the way in which something expressed or perceived.

@) Raw Abstract
sllRs( Modalities Modalities
(closest from sensor) (farthest from sensor)
from a sensor <_|_|—|_,
] Speech Language Sentiment
Examples: signal intensity
Image Detected Object
objects categories
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What is Multimodal?

A dictionary definition...

Multimodal: with multiple modalities

A research-oriented definition...

Multimodal is the science of

heterogeneous and interconnected data
A

Connected + Interacting

A\
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Heterogeneous Modalities

Information in different modalities shows diverse qualities, structures, & representations.

g Modality A A\ Homogeneous Heterogeneous
Modalities Modalities
. Modality B .) (with similar qualities) (with diverse qualities)

UV
AA AL Ao D

Examples: Images Text from Language Language
from 2 2 different and vision and sensors
cameras languages

Abstract modalities are more likely to be homogeneous
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Modality Profile

Element representations:
Discrete, continuous, granularity

Element distributions:
Density, frequency

Structure:
Temporal, spatial, latent, explicit

Information:
Abstraction, entropy

Noise:
Uncertainty, noise, missing data

Relevance:
Task, context dependence




Connected Modalities

Shared information that relates modalities

©
9
- N unique . o
Modality A A\ o 3 =
c (@)

©
Modality B - o O =
. y ‘) unique = 2 =

A teacup on the right of a laptop
in a clean room.
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Interacting Modalities

Interactions: How modalities combine to provide information for a task.

This movie is great! M ok A
o ) /> ) &4+

Modality1 X3

Y Task
Redundancy: Shared by

both modalities and task

Modality2 X5
I | Iiﬂt"éff%%%sc%”
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Interacting Modalities

Interactions: How modalities combine to provide information for a task.

The movie does a + N
good job developing ... > @ 2

Unique to modality 1 X1
and task Y
Y

Unique to modality 2
and task Y
X2

H
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https://thenounproject.com/icon/neutral-face-2970698/
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Interacting Modalities

Interactions: How modalities combine to provide information for a task.

\
=
/

X1

Y

Synergy: Emerging information
from multimodal interaction

H
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Mu’Wt:::;’dsa’7 |:> Why is it hard? |:> What is next?

4 )

Heterogeneous

- Multimodal is the scientific

Connected

v study of heterogeneous and

Interacting

interconnected data ©

\_
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Multimodal Al Challenges

ModaltyA A A A A A

ModalityB @ @ @ @ .:

Modality C

B ©

H
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Summary of Core Multimodal Challenges

Generation

~

4
o—A

Quantlflcatlon
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Transference
t )

N

-
A ©

\ J

<
y I ! I
I 1 isenee”



Challenge 1: Representation

Definition: Learning representations that reflect cross-modal interactions
between individual elements, across different modalities.

Sub-challenges:
Fusion Coordination Fission

A © A © A ©

# modalities > # representations # modalities = # representations # modalities < # representations
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Challenge 2: Alignment

Definition: Identifying and modeling cross-modal connections between all

elements of multiple modalities, building from the data structure.

Sub-challenges:

Discrete
connections

AAA..

x|

Explicit alignment
(e.g., grounding)

Continuous
alignhment

©00..

Granularity of
individual elements

Contextualized
representation

AAA..
©00..

Implicit alignment
+ representation
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Challenge 3: Reasoning

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

Modality A A A A ...
o 69 © - "l"l* |l}| | - ®
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Challenge 3: Reasoning

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

piom

Modality A A A A ooe >_>

|

ModalityB @ @ @ ... >

| spJom
o
-

spiom

External
knowledge

@d
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Challenge 4: Generation

Definition: Learning a generative process to produce raw modalities that
reflects cross-modal interactions, structure, and coherence.

Sub-challenges:

Summarization Translation Creation

) O
: >—>: o—A I_<A

Reduction Maintenance Expansion

/

Information:

(content) > — <




Challenge 5: Transference

Definition: Transfer knowledge between modalities, usually to help the target
modality which may be noisy or with limited resources.

AAAAA

Enriched Modality A

e I
A 4 & & a4 00000

Modality A Modality B




Challenge 5: Transference

Definition: Transfer knowledge between modalities, usually to help the target
modality which may be noisy or with limited resources.

Sub-challenges:

Transfer Co-learning Model Induction
y ‘ Y1 2
T ! 1 1
T S p
I f [ I I
A O A © A O



Challenge 6: Quantification

Definition: Empirical and theoretical study to better understand heterogeneity,
cross-modal interactions, and the multimodal learning process.

Sub-challenges:

Heterogeneity Interactions Learning

&” XI\, \/

Epoch

Loss

>



Summary of Core Multimodal Challenges

Representation Generation

4 N\ 4 T\
: 4

)\ Reasoning Quantlflcatlon
4 N
A © e o—A
@\ Y o . \. / @
Alignment 111 y
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Native Multimodal Models

Native Multimodal Modals: LLMs Trained from scratch with multimodal input (instead of finetuning a

trained unimodal LLM)
- Largest public model now: 109B - 2T parameters

Llama 4 Behemoth

288B active parameter, 16 experts
2T total parameters

The most intelligent teacher model for distillation L I ama 4 M aver i c k

17B active parameters, 128 experts
4008B total parameters

Native multimodal with 1M context length L I ama 4 S cou t
17B active parameters, 16 experts
109B total parameters

Industry leading 10M context length
Optimized inference

[The Llama 4 herd: The beginning of a new era of natively multimodal Al innovation, https://ai.meta.com/blog/llama-4-multimodal-intelligence/]
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Native Multimodal Models

- Background

Non-native VLMs: Image encoder paired with frozen trained LLM. The image encoder can either
be frozen or trained. Most VLMs now use this structure.

Non-Native VLM

Most current VLMSs use this architecture.

[Scaling Laws for Native Multimodal Models, https://arxiv.org/abs/2504.07951]



https://arxiv.org/abs/2504.07951
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Native Multimodal Models

- Background
Non-native VLMs: Image encoder paired with frozen trained LLM. The image encoder can either be
frozen or trained. Most VLMs now use this structure.
Native Multimodal Modals: LLMs Trained from scratch with multimodal input
- Late fusion: Image patches -> Image Encoder -> Linear -> LLM.
- Early fusion: Image patches -> Linear -> LLM (No image encoder!)

Late fusion

[Scaling Laws for Native Multimodal Models, https://arxiv.org/abs/2504.07951]



https://arxiv.org/abs/2504.07951

Native Multimodal Models

- Background
Non-native VLMs: Image encoder paired with frozen trained LLM. The image encoder can either be
frozen or trained. Most VLMs now use this structure.
Native Multimodal Modals: LLMs Trained from scratch with multimodal input
- Late fusion: Image patches -> Image Encoder -> Linear -> LLM.
- Early fusion: Image patches -> Linear -> LLM (No image encoder!)

Early fusion

I I I multisensory
[Scaling Laws for Native Multimodal Models, https://arxiv.org/abs/2504.07951] intelligence



https://arxiv.org/abs/2504.07951
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Scaling Laws

X Bigger model allows models to reach a 10"
better performance given sufficient o
compute

9
- . . . 2 10
X Over training models getting popular g g
S -
nowadays 5 10" 8
@ a
Model Size (# Parameters) Training Tokens = 10’
LaMDA (Thoppilan et al., 2022) 137 Billion 168 Billion 2 ‘
GPT-3 (Brown et al., 2020) 175 Billion 300 Billion 10"
Jurassic (Lieber et al., 2021) 178 Billion 300 Billion L=2.57 C-0048
Gopher (Rae et al., 2021) 280 Billion 300 Billion 15 - - - X 10°
MT-NLG 530B (Smith et al., 2022) 530 Billion 270 Billion 10 10 10 10 10° 10
Compute (PetaFLOP/s-days)
Chinchilla 70 Billion 1.4 Trillion
Training Data Params Context GQA Token Knowledge
length count cutoff
Llama A new mix of publicly available 8B 8k Yes 15T+ March, 2023
3 online data.
T0B 8k Yes December, 2023

Credit: https:
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Scaling Laws for Native Multimodal Models

- Studies how multimodal models scale (with model parameters and dataset size) as compared to
their unimodal counterparts.

Functional Approximation Error

Number of Model Parameters o
| For Modality ; /

: : A, B.
Unimodal scaling: _ j j
g L| N, D ; E j + N + |Dj|53' 2)
Dataset

Minimal Achievable Loss

Loss if Datasets Were Modeled Independently Maximum Level of Synergy
! !
. . L(N,D;)+ L(N,D;) A j B; ;
. l: Na -D‘) D i) = d d ! - C ] 2 :J 4
Multimodal scaling ( i» Dj) [ 5 0+ (e T D3] + D, P 4)

Competition in Functional Approximation

I I I multisensory
[Scaling Laws for Generative Mixed-Modal Language Models, https://arxiv.org/abs/2301.03728] intelligence




Scaling Laws for Native Multimodal Models

- Early fusion models hold small advantage on small scales.

target data type and training mixture

Image-Caption Interleaved Text-only
3 3.4
w .
8238 3 3.2
g
= 2.6
= 2.8 3
=
W 2.4
s
2.6 2.8
2.2
1[:2{} 1u21 ].Dgz ID'E[I ].D‘zl 1[}22 ID'E[I 102] 1[}22
FLOPs FLOPs FLOPs
Late-289M Late-494M —o— Late-1B —b— Late-2.4B
Early-275M —&-— Early-464M —&— Early-932M —a&— Early-2.28B

[Scaling Laws for Native Multimodal Models, https://arxiv.org/abs/2504.07951]

On larger scales, both architectures perform similarly. (We don’t actually need image encoders!)
NMMs scale similarly to unimodal LLMs, with slightly varying scaling exponents depending on the

I I Imulti_sensory
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https://arxiv.org/abs/2504.07951

Scaling Laws for Native Multimodal Models

- Sparse structure like MOE significantly benefits NMMs at the same inference cost
- In an MOE structure, Modality-aware design (having separate image/text experts) performs worse

than modality-agnostic design (unified experts for both image/text tokens)

Image-Caption Interleaved

Validation Loss

lo6B 200B 300B 4008 100B 200B 300B 400B

Tokens seen Tokens seen
Aware-275M Aware-464M . O - Aware-932M . & - Aware-1.63
Agnostic-275M Agnostic-464M —5— Agnostic-932M —@— Agnostic-1.63B

I I Imulti_sensory
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[Scaling Laws for Native Multimodal Models, https://arxiv.org/abs/2504.07951
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One model for everything?

Video sarcasm detection

BLIP-2 pretrained Y: Sarcasm
model

X{): Spoken It s just a privilege to
watch your mind at work.

543 language
53.5
X gt Audio
9 + visual
5 32.0
E Neutral tone + straight face
R U S

I I I multisensory
[Yu et al., MMOE: Enhancing Multimodal Language Models with Mixture of Multimodal Interaction Experts. EMNLP 2024] intelligence



Efficient Training: Mixture of Experts

¢ Train multiple parallel networks (experts)
simultaneousty -I """"""""""
¢ During each forward pass, only activate k
experts :
¢ Saves compute & GPU memory : I
f Deepseek R1: 671B, only 37B activated, E v
performance on par with OpenAl o1-mini : '

A Visual Guide to Mixture of Experts (MoE), https://newsletter.maartengrootendorst.com/p/a-visual-guide-to-mixture-of-experts
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Mixture of Multimodal Interaction Experts

One model for everything -> specialized models for each interaction

Redundant Unique Synergy

y
Vr Yu Vs t

T T T > Fuse |« ————
'y vision N
/ dl\/ dl\/ dl\ / _encoder J 4 2] )\
mode mode mode model\ /model\ /model \ e ) | &
5 50 5 |utterance I— encoder —
7 e LT Mg
encoder =
—_——— z | MLLM
| L
o9 . SRR
O O O £ description E LLM
Training Inference utterance I g

Datapoint-level
guantification
of interactions

I I I multisensory
[Yu et al., MMOE: Enhancing Multimodal Language Models with Mixture of Multimodal Interaction Experts. EMNLP 2024] intelligence



Mixture of Multimodal Interaction Experts

One model for everything -> specialized models for each interaction

Video sarcasm detection

BLIP-2 + Mixture

of Experts
58.0
54.3 53.5 54.4
45.7
>
© 32.0
>
o
<
R R U U S S

[Yu et al.,, MMOE: Enhancing Multimodal Language Models with Mixture of Multimodal Interaction Experts. EMNLP 2024]

The car is as fast
as a cheetah.

N\

[Yosef et al., EMINLP 23]

Can you please pass the cow?

[Hessel et al., ACL 23]

I I Imulti_sensory
intelligence



Dynamic Early Fusion

Modality A A\

Modality B @

Idea: Deciding when to fuse in early fusion

Visual

[Unlmodal] —

|
bﬁ}}D\

Acoustic
B —»[Ummodal}—» Unimodal

[Xue and Marculescu, Dynamic Multimodal Fusion, arxiv 2022]
[Xu et al., MUFASA: Multimodal Fusion Architecture Search for Electronic Health Records. AAAI 2021] I

[Liu et al., DARTS: Differentiable Architecture Search. ICLR 2019]

multisensory
intelligence
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Fusion with Heterogeneous Modalities

Example: From feature fusion to early fusion

[MASK] Token masks

Patch masks . Token paosition embedding

. Patch position embedding

. Maodality-specific embedding

—-—r ITM head }—P Match or not

Modality A A\ 7z
[ITTT] - 0
Modality B @ The yellow (B0
and blue bird Word 4 / ™
is standing on embedding
a branch a B- o
[MASK] m
L Multi-layer
Transformer
000
Al (88
' Linear ]
Projection —
Vi m
' I
Modality-specific Multimodal
Projection Encoder

[Liang et al., High-modality Multimodal Transformer. TMLR 2022]
[Gui et al., Training Vision-Language Transformers from Captions. arxiv 2022]

—{ vamaeae | — [

Task-specific
Decoder
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Fusion with Heterogeneous Modalities

Information transfer, transfer learning perspective
1a. Estimate modality

heterogeneity via transfer 2a. Compute modality heterogeneity matrix
O O AOOO ¢
Alo
mTT 3. Determine parameter clustering
t t 1t
A e O o ¢ e Uy = {U1,U2,Us}

Uy = {Us}
Us ={Us}
1b. Estimate interaction
{AOO}{AEI}{OEI}{OO} C; = {C1a, Cis, Cus)

heterogeneity via transfer

(Implicitly captures heterogeneity)
2b. Compute interaction heterogeneity matrix

(%)

-

/N /N /N /N
A® A0 o600

[Zamir et al., Taskonomy: Disentangling Task Transfer Learning. CVPR 2018] I I nlisensory
[Liang et al., HighMMT: Quantifying Modality & Interaction Heterogeneity for High-Modality Learning. TMLR 2022] I intelligence



Fusion with Heterogeneous Modalities

Information transfer, transfer learning perspective

Y; Ys Ys Y,

I I I AN
Ci Ci G5 Ci| |C5l |C5
/\ /N /\ IXX]
vl (| (o oy (v oy (v o] (o

1 A I N O
AO® Al 00 Oeh

X1 Xo X1 X3 Xo X3 Xu X5 Xg

[Zamir et al., Taskonomy: Disentangling Task Transfer Learning. CVPR 2018] I I nlisensory
[Liang et al., HighMMT: Quantifying Modality & Interaction Heterogeneity for High-Modality Learning. TMLR 2022] I intelligence



Nonlinear Fusion

Kinetics dataset Adding more modalities should always help?
Eﬁﬁﬂﬂ Modalities: RGB (video clips)
s A (Audio features)

OF (optical flow - motion)
myuﬂwz

- ©s k hands Dataset | Multi-modal V@1 | BestUni | V@1 | Drop
)l Ja) A+RGB 714 | RGB | 726 | -12
ST | G S | RGB+OF 713 | RGB | 726 | -13
KK badlindliad Kineties |, L oF 583 | oF |e621 | -38
- A +RGB + OF 70.0 RGB 72.6 -2.6

(e) robot dancing

ﬁ
3 P
' =

.. (g)"d*ﬁ . But sometimes multimodal doesn’t help! Why?

i
WG He HY Uyl

multisensory

[Wang et al., What Makes Training Multi-modal Classification Networks Hard? CVPR 2020] I I I
intelligence

[Wu et al., Characterizing and Overcoming the Greedy Nature of Learning in Multi-modal Deep Neural Networks. ICML 2022]
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Unimodal Biases

Finding: VQA models answer the Finding: Image captioning models capture spurious
qguestion without looking at the image correlations between gender and generated actions.
Yellow v/ Yellow X wieng R
~80% of bananas erow ,
Answer are yellow
in train set
¥ VQA model ==» VQA model
! Image Question

\ ' What color ‘ What color
‘3; _ is the is the
| banana? banana?

Baseline: Baseline:

A man sitting at a desk with A man holding a tennis

a laptop computer. racquet on a tennis court.
[Goyal et al., Making the V in VQA Matter: Elevating the Role of Image Understanding in Visual Question Answering. CVPR 2017] I I I S T—
[Hendricks et al., Women also Snowboard: Overcoming Bias in Captioning Models. ECCV 2018] intelligence



Unimodal Biases

VQA models answer the question without looking at the image

Yellow ¢/

Answer

~80% of bananas Yellow X

are yellow
in train set

==» VQA model

5---) VQA model

: Image

Question

\ . What color
banana?

What color
is the
banana?

-

Who is wearing glasses?
man

woman fridge

Balancing
modalities

Is the umbrella upside down?
yes n g )

Not the case when trained with RUBI

modalities used

adequatly
. Same
Balqnplng VQA model
training
{ What color
v is the
banana?

[Javaloy et al., Mitigating Modality Collapse in Multimodal VAEs via Impartial Optimization. ICML 2022]
[Goyal et al., Making the V in VQA Matter: Elevating the Role of Image Understanding in Visual Question Answering. CVPR 2017]

Where is the child sitting?
arms

I I I!nulti_sensory
intelligence



Optimization Challenges

2 explanations for drop in performance:
1. Multimodal networks are more prone to overfitting due to
increased complexity
2. Different modalities overfit and generalize at different rates

Key idea 1: compute overfitting-to-
generalization ratio (OGR)

mm) Gap between training and valid loss

> OGR wrt each modality tells us
how much to train that modality

Epoch

[Wang et al., What Makes Training Multi-modal Classification Networks Hard? CVPR 2020]
[Wu et al., Characterizing and Overcoming the Greedy Nature of Learning in Multi-modal Deep Neural Networks. ICML 2022]

H

multisensory
intelligence



Optimization Challenges

Conventional approach Proposed approach

0 10 1 o [l Prediiction @
X4

Fusion + Fusion +
prediction prediction

[(ITT] [ITT]
XA XA
Xp Xp Xp

Key idea 2: Simultaneously train unimodal
networks to estimate OGR wrt each modality

Reweight multimodal loss
using unimodal OGR values

=) Allows to better balance generalization &
overfitting rate of different modalities

multisensory

[Wang et al., What Makes Training Multi-modal Classification Networks Hard? CVPR 2020] I I I
intelligence

[Wu et al., Characterizing and Overcoming the Greedy Nature of Learning in Multi-modal Deep Neural Networks. ICML 2022]



Efficient Inference: Quantization

lowest \l.ralue (B) highest lvalue (a)
X Scale & Shift '7'< |
- . -4.57 -1.95 0 3.08 5.47
. Convert to lower bits ming——e o—s Sl §max
X Calibration B .

N\ : I
min ?—o—o-o+o—o ® max

128 9 1

27
EEEREEE
|

O0inFP32!=0inINT8

A Visual Guide to Quantization, https://newslette
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Efficient Inference: Quantization

X Quantize weights to ternary {-1, O, 1}
X New hardware needed to be truly 1.58 bits / log2(3)

Weights Input
(w, 1.58-bit) (X, INT8)

X = 1X,+0X,+-1X, =X,-X,

multiplication addition

and addition only
Xz (much faster!)

A Visual Guide to Quantization, https://newsletter.maartengrootendo om/p
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Linear Attention

£ Time Complexity of attention scales at

State passing: Si3 = S (I - W, K + UiywKis

O(n”2)
¢ Solution: Linear Attention 000/ 000 § qu E
¢ Key idea: Combine Transformer Style Q00 00l o00l
Full Attention with RNN ois pio Eoo | o EE8 BB
f Split sentence into chunks, run chunk 1 1 chunk 2
attention within chunk, then combine Output calculation: O, = Q8 + (QuKy M) (U — Wi sh)
them in RNN style aggregation I LTI B TeTe) B TeTe) P CToTo) B FTeTe R [eTeTe)
£ Promising performance on par with 500 m | ooo m
full attention 633 B | 553 T
Tw'T : [000| [000| [000] [000| |[000| |00O0]
quwk X | chunk 1 ' chunk 2

h = softmax XW,

Vd



Any-to-any Models

Multimedia, content creation, creativity and the arts

An astronaut

starts dancing

on Mars. Colorful text m txt to video
fireworks then

explode in the
background

image ===l img tovideo
<ﬂg> :__——————————————_,
==

depth VideoPoet

N

#h %\‘-I stylization
optical
flow ' .
outpainting
masked
video
video to audio —-'vv\/\AW\N\[V‘/V\’\'—-

[Kondratyuk et al., VideoPoet: A Large Language Model for Zero-shot Video Generation. ICML 2024]

H
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Time-series Multimodal Models

Typically trained & aligned the same way
as vision language models (alignment +

instruction tuning) T 1\ 1‘ 1\ '(Tzl 'T‘l '?\l

Works for both analysis and prediction Pre-trained LLM
3%%‘ (Body + LM Head)

PHHUNNT LT T 1
NHNMHNNTTET T T T ?

4
Patch Pre-trained LLM
Reprogram (Text Embedder)

) rt+rrr 1
W the next value is

[Time-LLM: Time Series Forecasting by Reprogramming Large Language Models, https://arxiv.org/abs/2310.01728]

Example: Time-LLM, OneFitsAll



https://arxiv.org/abs/2310.01728

Time-series Multimodal Models

- But some current time series LLMs have questionable performance. Replacing LLM with a simple

attention layer doesn’t significantly degrade performance (sometimes even better).

* Lower is better

w,/ LLM
w/o LLM
LLM2Attn
LLM2Trsf

w, LLM
w/o LLM
LLM2Attn
LLM2Trsf

w,/ LLM
w /o LLM
LLM2Attn
LLM2Trst

ETThl-OneFitsAll

Mo
L
i e
' b
0.420 (3.450
MAE
ETTh1-CALF
e
1
e |
I
P—¢—1
0.426 0.429
MAE

ETThl-TimeLLM

i 4
-
! .
! [
0,420 0.4.35
MAE

ETTm2-OneFitsAll
w/ LLM ™
w/o LLM ™
LLM2Attn o
LLM2Trsf w
0.310 0.322
MAE

ETTm2-CALF
w, LLM E'_"'_|
w/o LLM ——
LLM2Attn —a—
LLM2Trsf +—e—m :
0.319 0.322
MAE

ETTm2-TimeLLM

w,/ LLM M i
w/o LLM M 1
LLM2Attn e !
LLM2Trsf M H
(0.310 (0.325

MAE

[Are Language Models Actually Useful for Time Series Forecasting? https://arxiv.org/abs/2406.16964]

w,/ LLM
w /o LLM
LLM2Attn

LLM2Trst #

w, LLM
w/o LLM
LLM2Attn
LLM2Trsf

w,/ LLM
w /o LLM
LLM2Attn
LLM2Trsf

ECL-OneFitsAll
*
+
+

0.247 0.260
MAE

ECL-CALF
[
i
——

—i
(.261 0.264
MAE

ECL-TimeLLM

i &
]

I

I

I

'8

0.256G 0,268
MAE


https://arxiv.org/abs/2406.16964

Multimodal Reasoning Agents

Solving hard problems using step-by-step reasoning and action taking in multiple modalities

It’s just a privilege to : . : , .
. This person is being sarcastic. Here’s a story of them in
watch your mind at work. _ ,
-~ They seem to be close friends. a different culture...
‘ ‘ ‘ 4 )
( X N}
A A A A A A
—p —p —p
) + @ @ @ 00
(quote previous episodes) (generate future
(highlight multimodal information) episodes)

i

I I Imulti_sensory
intelligence

tm
Reasoning context is getting E-j.

longer and longer...


https://thenounproject.com/icon/robot-1516457/

MEM1: Memory Efficient Reasoning  hetesi//github.com/miT-mi/mem1

Existing Reasoning Agent MEM1 Agent

Environment

I'\

[Zhou et al., Learning to Synergize Memory and Reasoning for Efficient Long-Horizon Agents. ICLR 2026]



Self-Evolving Agents

MEML1 is an agent that learns to manage its memory. Other agents manage tools, APIs, search, coding etc.

Question 1: How can agents automatically decide what functions to use for a given task?
Answer: Self-evolving agents

Question 2: How can agents automatically delegate tasks to different agents and organize themselves?
Answer: Self-evolving multi-agent systems

Fixed Autonomous Autonomous
Evolutionary Search Single-Agent Evolution Multi-Agent Evolution
Retrieve | Retrieve ARetrieve, pu Remwe} |
M ) Agent | UpdateJ_ _“_f"' _|\Pnl)pue.eJ :Upditel _____ it | Pm‘pme]

0 - Evalunte.“—’ Evaluate—'

Update Memory Propose : Update Memory Propose Memory |

- . Ir‘l]?h:n'n:w: ™y -..a.ﬂﬂ
I i | Update Lol | Proposel Update Agar

Evaluate Evaluate _: -{Evaluate~ ‘- Evaluate

Retrieve Context selected by fixed rules. Agent chooses what to inspect. Agent reads from shared memory.
Propose Model proposes from given context. Agent plans, implements, and tests. Multiple agents propose in parallel.
Evaluate Triggered by a fixed loop. Agent decides when to evaluate. Each agent schedules eval.

Update Updated by fixed rules. Agent decides what to store. Agents write to shared memory.

Fixed Partial autonomy Full autonomy
I multisensory
[Qu et al., CORAL: Towards Autonomous Multi-Agent Evolution for Open-Ended Discovery. arXiv 2026] intelligence



Self-Evolving Agents

Agents are now helping with scientific discovery

nature

Explore content ~  About the journal ~  Publish with us +

May 14, 2025 Science

L AlphaEvolve: A Gemini-powered

Mathematical discoveries from program search with codin gage nt for des Ig nin g
largelanguage models advanced algorithms

Bernardino Romera-Paredes &4, Mohammadamin Barekatain, Alexander Novikov, Matej Balog, M. Pawan

nature » articles » article

Kumar, Emilien Dupent, Francisco J. R. Ruiz, Jordan S. Ellenberg, Pengming Wang, Omar Fawzi, AlphaEvolve team
Pushmeet Kohli B & Alhussein Fawzi B

Nature 625, 468-475 (2024) | Cite this article Share [

321k Accesses | 423 Citations | 1054 Altmetric | Metrics

I I Imulti_sensory
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AlphaEvolve and OpenEvolve

<7> Human defines “What?” R

sets evaluation criteria, provides initial solution
and optional background knowledge P

class Coaviet (hk Module) :
def __inis__(self, num_classes):

def __call__(self, inputs, is_trainisg):
Pl’Ob'Gm Improved dat sveepl):
definition solution 2 nur: k{ﬁ':it?““ n

Alph&EVOlve ﬁgures Out uHow?" def evaluate{eval _inputs) -> dict{atr, fleat):

Teturn metrics

e A @

rich context containing §k
| Y ¥ | The curreat model uses a sisple Rea¥et architecture with caly
1 past tﬂals and [deas | three ResNet blocks. We cas isprove its perforsasce by

| 1 [ 1 iscreasisg the medel capacity and adding regularization. This

0O

| | will allow the mcdel to learn more complex features and
- Prompt Sampler 1 LLMS ensemble : generalize better to unsees data. v::f» add weight decay to
J — - - - on an the optimizer to further regularize the medel and prevest
overfitting. Adaav¥ is gemerally a better choice than Adas,
especially vith weight decay.
programs to improve proposals of
. - . . << SEARCH
and act as inspiration improved programs 201¢._blocki = ResketSlock(ues, channels)
self. _block2 » ResNetBlock{mus_channels 2, stride~2)
self . _blockd = ResketBlock(mem_channels * 4, stride~2)
j = > self. blockl = ResNetBlock{ssa_channels)
| = . programs with quality scores Se1¢ TR1ockz - ResHetlock(vem. chasaels, stridesi)
| e’ | self . _block3 » ResNetBlock{sus_channe! 2, stride~2)
‘ | S— | and other feedback s01f._blocks = Res¥et®lock(mem_channels * 2, stride=1)
| self. BlockS » ReaMetBlock{oz= channels + 4, stride~2)
I Program database self._block6 + Res¥etSlock(wes_chansels + &, stride~1)
" g >55555> REPLACE

----- SEARCH
def optismizer(self, learning rate):
returs optax. adas(learning rate)
def optimizer(aelf, learning rate):
rotern optax. adaav(learning rate, weight decay-le-4)
5553555 BEPLACE

Figure 1 | AlphaEvolve high-level overview. © 4k

ACt as an expert software developer. Your task is to iteratively
improve the provided codebase. [...)

= Prier prograss

Previcusly we found that the folloving prograse performed well
on the task at hand:

top lacc: 0.7540; neg eval _log loss; O

0 average_score; 0.%510

Image clesstfication esperiment fn jazline

4%
class Conviet (hk.Module):

***Setoork.*

def __init__(self, sus chassels~32, nus output_classess+10):
wpar().__iniz__Q)
seif, _comvi = hk.Conv2D{wem_channels, kermel_shape=l)
self. comv? = hk.Conv2D(mss_chbannels * 2, kernel_sdape~))
self. _coavd » hk.Coav2D(zws _channels * 4, kernel_sdape~d)
self. _logits_module = hk.Linear{nwm_cutput_classes)
]

= Current progras

Hore i3 the current progras we are tryisg %o isprove (you will
need to propese a sodificatios to it below).

top 1 acc: 0.883; neg eval log loss: O.387; average score: 0.424

[
clasa Conviet(hk. Module):

"t Network, """

"Image classification esperiment ia Jariine

det __init__ (self, mum_chazssels~)2, num_output_classes~10):
weper(). tate Q)
self. _comvl = hk.Coav2D(mem _channels, kersel shape-3)
self. blocki » ResNetBlock(zus chasznels)
pelif. _block2 = Rea¥etBlock(sum_chasnels * 7, stride~2)
pelf. blockd = Rea¥etBlock(zus_chazaels * 4, stride~2)
self. logits sodule » hk.Lisear(sem output_classes)

(..

SEARCH/REPLACE Block rulea:
(..

Make sure that the chasges you propose are consistent with each
other. For exaaple, if you refer to & mev config variadle
soseviere, you should alsc propose a change to add that
variable.

Example:
(...

Task

Suggest a new idea to improve the code that is inspired by your
expert knovledge of cptimizatica and machine learning.

Describe each change with a SEARCH/REPLACE bleck.

(b)



Problems Solved by AlphaEvolve

14
max f £t = x)fi(x) dx = €( f Lix) dx)?
~1725t51/2 Jp 174 Hexagon outer edge

1.5098 — 1.5053 4.000 — 3.942

If = £1Z < €IS * fllallf * flleo

0.8892 — 0.8962

1
Max distance/min distance sup e fg(x+t)de 2 €

xe|-2.2
12.890 — 12.889

max
~1j25:54/2

_L fle-0f(x) d.rl =6t ‘ f :/I: () ax)! 0.380926 — 0.380924
1.4581 — 1.4557

; : : |A+B| < |A|
Sum of radii ) i

A(HA(f) > € 2.6340 — 2.6358 .0 =8 |A-B| = |Al¢

0.3523 — 0.3521 000 11446 — 11584




Evolve Solutions via Tree Search

,..5hinkaEvolve - Circle Packing: Improvements ShinkaEvolve - Circle Packing: Program Evolution Tree

Best Score «  Initial
2.6 112 _ = Diff Edit +  Cross-Over
' 0 ¢ '!, @+ Full Edit ®  Incorrect
2 . 1 30 00 XH oH 0 2
b _OPHQOX0%: X$ 0000 o
o s Ao0oDHocoXromoooomopmem g
g 20 0XH000X000 CXO00HOTOHFODD Wi
o . s D0 090 0 +X00 000w XBAO0KQAXO phsi
T ol | omo. @ ¢gXo P "
: ‘r D D 14§
1.6 t4 § et y : e —— o
% T RGO OPEX X O oKD .
L] - - b . r
a 1.4 'fi — — Best Score 12 'D D by L 1.0
| RS + Individual Evals O Q.
L2l i -+~ Path to Best Node S ¢
.‘f' Cumulative Cost .0
1.0 0 20 40 &0 B8O 100 120 140 160

Number of Evaluated LLM Program Proposals

Figure 5 | SHINKAEVOLVE on Circle Packing Task. Left: SHINKAEVOLVE outperforms AlphaEvolve’s
solution within less than 150 program evaluations. Right: SHINKAEVOLVE’s program evolution tree
demonstrates the iterative composition of stepping stones into high-performing solutions.



s __________________________________________________________________________
Few Samples Lead to Improvements

Evolution Progress — sum_radii

2.00 4 l

1.75 1

1.50 4

1.25 1

1 1.00 4

sum radii

0.75

0.50 1

0.25 1

All programs
0.00 —— Best so far

0 50 100 150 200 250 300

Iteration
I I Imulti_sensory
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Evolving the Model

Recent works such as TTT-Discover and ThetaEvolve train the model at test-
time with improvement score as the reward signal

Algorithm 1 Test-Time Training to Discover (TTT-Discover)

1: Input: problem description d and policy 7g, with initial weights 6.
2: R,T =get_env(d) »dinduces the reward and transition functions of the environment (§2.1)
3: Hp = {(<empty>, R(<empty>),{})} > Initialize buffer with the empty solution (§2.2)
4: fori=0,1,...,N-1do
5: s, c; ~ reuse(H;) > Sample initial state and context with a reuse heuristic
6: a; ~ 7y, (-|d,s;ci) > Sample action from policy
7 s; = T(a;) > Transition to next state
8: r; = R(s) > Evaluate reward of next state
9: Hi = Hi U{(si,a5,50,1;)) > Add current attempt to buffer
10: 0;.1 = train(0;,(d,s;,c;,a;,1;)) > Improve the model weights with train
11: end for
12: return s;., where i* =argmax;_y n_17i > Return the state with the highest reward

I I Imulti_sensory
intelligence



Evolving the Model

Recent works such as TTT-Discover and ThetaEvolve train the model at test-
time with improvement score as the reward signal

(Optional) RL training

(1, 1)~(B, n) DA
T . Prompt 1~B
<think>...</think> il o 5 : -
‘<<<<<<<SEARCH S ‘ le LLM Meta Information
# Original Code ingie Parent Program
i e 1 + result
# New Code Instruction
>>>>>>>REPLACE

ThetaEvolve Dynamic Environment

Batch .
Child
(Large) @wr;ms

sampling
Program +

Database (LT);”:: n)

Verifier
Prompt

Builder

I I I!'nulti_sensory
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CORAL: Multi-Agent Evolution

Key ideas:

[Qu et al.,, CORAL: Towards Autonomous Multi-Agent Evolution for Open-Ended Discovery.

Multi-agent specialization

Increased autonomy
Shared memory
Heartbeat mechanism

[?) Task Config

Describes the task, codebase & files

Optimize a VLIW SIMD kernel for tree traversal.
Objective: minimize cycle count.

[+ Evaluation
grader.py returns score + feedback

run_kernel test(KernelBuilder, height=10,
rounds=16, batch=256) - cycles, correct?

Control {3} Manager Infra Actuate

Agent lifecycle - health monitoring - heartbeat coordination

v x 4 agents

EACH AGENT — AUTONOMOUS LOOP - PRIVATE WORKSPACE

Q

Read attempts - notes - skills
Scores, feedback, reusable procedures

READS LEADERBOARD FROM ATTEMPTS
#1 agent-4 1,179 cycles "Process 4 elements ...
#2 agent-2 1,135 cycles "Overlap data loading ..."
#3 agent-1 1,274 cycles "Reorder instructions ..."
READS NOTES FROM AGENT-3

“Smaller batch = fewer dependencies, lets the
scheduler interleave better — try batch size 2."
READS SKILLS

"auto-batcher: script that benchmarks batch sizes
2/4/8 and picks the fastest"

Plan & edit code

Agent-specific, independent strategy

AGENT EDITS KERNELBUILDER.PY
- BATCH_SIZE = 4
- result = hash(data[batch])
+ BATCH SIZE = 2
+ result = pipeline hash(data[batch]) # skill

# from notes

Eval: run grader.py

Runs grader.py - logs attempt + score i _read
PO
FEEDBACK e
write

Cycles: 1,103 | Speedup: 133.94x | NEW RECORD!
Write notes & skills
Discoveries shared with all agents

WRITES NOTE
"Combining batch=2 with pipelined hash gives 1,103
cycles — both tricks stack. New best record."

HEARTBEAT MONITOR
When triggered, forces agents to follow these instructions:

Reflection — every iteration
“Write a note so other agents can build on this.”

Consolidation — every k iterations
€ “Read all notes. Merge overlapping findings into reusable skills.
Delete redundant notes.”

Redirection — when no improvement is observed for n iterations
“Your current approach is stuck. Try a fundamentally different

strategy.”

Q

& Trigger to Interrupt

SHARED PERSISTENT MEMORY

[ Attempts
agent-4 1,179 cycles "Process 4 elements in parallel"
agent-2 1,135 cycles "Overlap loading with computation"
agent-1 1,274 cycles "Reorder to reduce idle time"

hts

m Notes

agent-3: "Smaller batch = fewer dependencies, lets the
scheduler interleave better"

agent-1: "Memory loads are the bottleneck after vectorizing —
focus on hiding latency"

& Skills Is &
skills/ SKILL.MD
L auto-batcher/ name: auto-batcher

description: Benchmark batch
sizes and pick the best

| SKILL.md
L scripts/run_batch.sh

arXiv 2026]

https://github.com/Human-Agent-Society/CORAL

I multisensory
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CORAL: MUItl-Agent EVOIUt|On https://github.com/Human-Agent-Society/CORAL

CORAL outperforms previous SOTA on Anthropic’s kernel engineering task ih_y 20%
Full Fange

20 e 1103 cycles (133.9x)! 2 -
— OpenEvolve e ' T
110 —— CORAL(Lagent) . __ __ e=eo=—e’ 1.00 bl
- — CORAL (4 agents). 7 * 11350 cycles (109.4x) \
N 1.00 P L [ Best Known 1363 cycles (108.4x) |
% 0.90 ;l_:."
% I—l L}
§080 1 " Operations research
- - —
@ 0.70 i-:_ bl —
st
Y 960 o0 |1
. 2740 cycles (33.9x) _ —p  Systems engineering
). ol ‘ o  SaliT—— -
00 ) 5 5 0 75 0on 179 5 15 | 75 f ]
Wa / I-C .'I-.’_'.‘ C ‘I& "' nl: ".;'_'1 urs)
Scientific discovery
Model Evals | Best Cycles 1 Speedup f Imp. Rate T

* Best Known Anthropic - 1363 108. 4x -

+« OpenEvolve Opus 4.6 363 2740 53.9x 3% (12/363)

« CORAL (1 agent) Opus 4.6 56 1350 109.4x 43% (24/56)

» CORAL (4 agents) Opus 4.6 596 1103 133.9x 9% (54/596)

The task is to optimize a GPU kernel to minimize execution cycles from a 147,734-cycle baseline. Score = baseline /
cycles, normalized so the previous best known result (1,363 cycles) equals 1.0. All methods use Claude Opus 4.6.

I multisensory

[Qu et al., CORAL: Towards Autonomous Multi-Agent Evolution for Open-Ended Discovery. arXiv 2026] intelligence



Self-Evolving Agents

How agents can constantly verify their knowledge and improve their capabilities over time
beyond static human supervision.

See blog post: https://quaoc627.github.io/blog/self-evolving-agents/



https://quao627.github.io/blog/self-evolving-agents/
https://quao627.github.io/blog/self-evolving-agents/
https://quao627.github.io/blog/self-evolving-agents/
https://quao627.github.io/blog/self-evolving-agents/
https://quao627.github.io/blog/self-evolving-agents/

Assignments for This Coming Week
Please fill out course evaluations and give us feedback!
HWS5 due this Friday May 8.

For project:
Make sure to meet with myself and TAs this week if you need advice.
Presentations next Tuesday May 12.
Final report due Tuesday May 19.

I I Imulti_sensory
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