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Background

« Stimulus = Brain activates

Electroencephalography, EEG functional magnetic resonance imaging, fMRI

8/14/2025 Piji Li, BrainEncDec 2



Neural/Brain Encoding and Decoding

* Neural encoding is the study of how neurons represent information
with electrical activity (action potentials) at the level of individual cells
or in networks of neurons. Studies of neural encoding aim to
characterize the relationship between sensory stimuli or behavioural

output and neural signals.
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Neural/Brain Encoding and Decoding

« Neural decoding is the study of what information is available in the
electrical activity (action potentials) of individual cells or networks of
neurons. Studies of neural decoding aim to identify what stimulus,
event, or desired output elicits a particular pattern of neural activity.

https://www.nature.com/subjects/neural-decoding
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Brain Encoding
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Brain Encoding

Predicting Human Brain Activity Associated with the
Meanings of Nouns

Tom M. Mitchell, et al.

Science 320, 1191 (2008);

MVAAAS DOI: 10.1126/science.1152876

B “airplane”
Predictive model
O
i O~ Predicted:
stimulus @~ predicted
“ wcl)rd R o — activity for
celery “celerv”
®) y
o n
O _
W= 2 Cviﬁ(w)
[ i—1
I
Intermediate Mapping learned Observed:
semantic features from fMRI
extracted from training data
trillion-word text
corpus
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Brain Encoding

« fMRI data from 9 healthy, college-age participants who viewed 60 different word-picture pairs

presented 6 times each.

« 12 semantic categories (animals, body parts, buildings, building parts, clothing, furniture, insects,
kitchen items, tools, vegetables, vehicles, and other man-made items).

30 s 3 L] Al T T
A 25 manually‘ o
selected F’artg:;pant
20 verbs
15 ¢ ]
10 |
Mean over
participants
5 [ 4
v
0 : N _ .
0.45 05 0.55 0.6 0.65 0.7 0.75 0.8 Pars opercularis Postcentral gyrus EPP———
Mean accuracy over nine participants (z=24 mm) (2=30 mm) s km? (posteric))r)
z=12mm
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Brain Encoding

Predictive model

O
% 8 7 predicted ° .?
s . activiy for Evaluation?
o ! “celery”
O
O
I I
Intermediate Mapping learned
- emantic features from fMRI
Re p I'e Se n ta t I O n ? extracted from training data
trillion-word text
corpus

Mitchell TM, Shinkareva SV, Carlson A, Chang KM, Malave VL, Mason RA, Just MA. Predicting human brain activity associated with
the meanings of nouns. Science. 2008.
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Stimulus/Features-Lexical and syntactic

« Subba Reddy Oota, Mounika Marreddy, Manish Gupta, and Raju Bapi. 2023.
How does the brain process syntactic structure while listening?. In Findings
of ACL 2023.

« Kai-min K. Chang, Vladimir L. Cherkassky, Tom M. Mitchell,
and Marcel Adam Just. 2009. Quantitative modeling of the
neural representation of adjective-noun phrases to
account for fMRI activation. ACL 2009.

®m {PU} W {CM} W {PD} W {CC} ®™ {CI} W {INC} W™ {DEP} ™ {BERT}

o

0 9
Adjective Noun Category 2 80 L —
Soft Bear Animal S 70
Large Cat Animal = gg
Strong Dog Animal & 10
Plastic Bottle Utensil 530
Small Cup Utensil 9 20 I
Sharp Knife Utensil o1
Hard Carrot Vegetable T G ATL PTL IFG MFG IFGOrb PCC dMPFC
Cut Com Vegetable v 80
Firm Tomato Vegetable % 70 B SPIEEE
Paper® Aarplane Vehicle > 60
Model* Train Vehicle € 50
Toy* Truck Vehicle = 40 I I
Table 1. Word stimuli. Asterisks mark the ob- En 30 I
ject-modifving adjectives, as opposed to the or- .?3 20 I
dinary atinibute-specifying adjectives. § lg 1

AG ATL PTL IFG MFG IFGOrb PCC dMPFC

Findings: Constituency parsers (especially CC) better predicted activity in the
temporal lobe (ATL, PTL) and middle frontal gyrus (MFG). Dependency parsers
capture how adjectives modify nouns, while noun-centric (DEP) were more effective in the angular gyrus (AG) and posterior cingulate
processing dominates for attribute-specifying phrases. cortex (PCC)

8/14/2025 Piji Li, BrainEncDec 9

Findings: Neural activity encodes distinguishable patterns
for adjective-noun phrases. Multiplicative models best



Stimulus/Features-Meaning Composition

« Mariya Toneva, Tom M. Mitchell & Leila Wehbe. Combining computational controls with natural

text reveals asiects of meaning composition. Nature Computational Science (2022)

a b

1EG

|IFGorb ATL B /

(We, s We—4)-

ROI prediction performance of full and residual context

Full context(t - 1) Residual context(t - 1)
* DMPFC
* PC
* IFGorb
* MFG
* IFG
* AG
* ATL *
™~ T T T T ¥ PTL E ¥
mmm Sig. only for full context(t - 1) @ Sig. only for resid context(t - 1) [ Sig. for both 0O 02 0.4 06 08 1.0 0O 02 04 06 08 10
Proportion sig. predicted Proportion sig. predicted

Findings: Supra-word embeddings significantly predicted activity in the anterior temporal lobe (ATL)
and posterior temporal lobe (PTL).
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Stimulus/Features-Meaning Composition

« Changjiang Gao, Jixing Li, Jiajun Chen, and Shujian Huang. Measuring Meaning Composition in the
Human Brain with Composition Scores from Large Language Models. ACL 2024.

17545 language mask
. il ' M\*WM 'W»Qw s wr»*w} ﬁ}?&"‘
dist(p;, p') = Djs(pi|p') ik
L Uil y o L N L BE_ W) D ] s E
5 D (pillpm) + 5 D (p Ipm)] F E) (Eesw | :
S min; <i<a,, dist(pj, p') A2 | -
maxj <j<g,, dist (p;j p!) i B ) esss
Input Altention FFN-Keys FFN-Values Composition Prediction

Figure 1: Comparing Composition Scores with fMRI data
during naturalistic listening comprehension.

8/14/2025 Piji Li, BrainEncDec 11



Stimulus/Features-Meaning Composition

« Changjiang Gao, Jixing Li, Jiajun Chen, and Shujian Huang. Measuring Meaning Composition in the
Human Brain with Composition Scores from Large Language Models. ACL 2024.

Correlation matrix among the Composition Scores y

of all layers of LLaMA2-chat Significant clusters for control variables
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Findings: (1) Scores vary across layers, with higher layers showing greater compositional complexity;
correlations between layers are low, indicating unique information in each layer; (2) The Composition
Score correlates with broader brain clusters (left inferior frontal gyrus, left anterior superior temporal
gyrus) compared to control variables.
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Stimulus/Features-Discourse Comprehension

Shaoyun Yu, Chanyuan Gu, Kexin Huang, and Ping Li. Predicting the next sentence (not word) in large
language models: What model-brain alignment tells us about discourse comprehension. Science
Advances, 2024.

Reading-brain2019
Human Topic: Mars, 31 sentences
Coherent sentences

“Could humans live on Mars some day?"
“Scientists ask this question because Earth and Mars are similar.”

A Language model “Similar to Earth's day, Mars’s day is about 24 hours long.”

Noxtsontence High-level Discourse Pereira2018 "Ax apfrtmetnt is a self-contained home that is part of a building.”
L prediction | 96 topics, 384 sentences in total (Aparment) B -

7\ \_/ anguage : A whale is a very large mammal that lives in the ocean.

(KA e e (NSP) mechanisms Unconnected sentences across topics (Whale)

ORI SY = Feed to Read

p=8 C:/' ) Woid models sentences

~ ( ) prediction \ /

s Models Humans
Pretraining tasks Multllayereq
comprehension
Model RDM
! b ) ; T W) Brain RDM
B Masked language modeling C Next sentence prediction D Discourse comprehension model e\ . — L R
Correlation o s S il i
(MLM) (NSP) Ml:,”', e : ¥
Input: $:m t to [MASK] st [Coarse semantic processing J nogs - A r
3 e man went o store. Il +1 Compare P e\
NASA sent devices called He bought a gallon [MASK] milk. - AL
spacecrafts to [MASK] Mars. ( Text integration s
) — :
s (s 0t
G m [ Coherent ] MLM_NSP Correlation
| oo

Output: Input: L [ Incoherent ] . A

NASA sent devices called
spacecrafts to explore Mars.

8/14/2025

The man went to [MASK] store.
Penguins are flightless [MASK]. [ Other components J

Prediction: | Not next (22, 23) Better model-brain

(19) alignment

[ Hypothesis J

Piji Li, BrainEncDec

Neuroimaging data

Reading-brain2019 Pereira2018
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Stimulus/Features-Discourse Comprehension

Shaoyun Yu, Chanyuan Gu, Kexin Huang, and Ping Li. Predicting the next sentence (not word) in large
language models: What model-brain alignment tells us about discourse comprehension. Science
Advances, 2024

Coherent sentences (Reading-brain2019 dataset) B Unconnected sentences (Pereira2018 dataset)

IFG a SFG

IFG ACC/pSMA

PrecG

MFG
IFGorb
MFGorb

LH RH LH RH
Language network Multiple-demand (MD) network
LH IFG 3 — LH MFG *
RH IFGorb s — LH ACC/PSMA  * e
RH ATG * RH MFGorb ¥ —

0.05 0 0.05 0.1 RH PrecG A —

-0.01

o

0.01 0.02 0.03 0.04 0.05
Mean correlation
Mean correlation

FindingS‘ Model B MM NSP H MM

For coherent sentences (Reading-brain2019), MLM_NSP showed stronger alignment in right hemisphere language network
regions (e.g., right inferior frontal gyrus [IFG], right anterior temporal gyrus [ATG]) .

For unconnected sentences (Pereira2018), MLM_NSP aligned better with the domain-general multiple demand (MD) network,
including left middle frontal gyrus (MFG) and right superior frontal gyrus (SFG)

8/14/2025 Piji Li, BrainEncDec 14



Stimulus/Features-Multimodal

Subba Reddy Oota, Jashn Arora, Vijay Rowtula, Manish Gupta, and Raju S. Bapi. Visio-Linguistic Brain
Encoding. COLING 2022.

.............. L IY =gt D
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Stimulus/Features-Multimodal

Subba Reddy Oota, Jashn Arora, Vijay Rowtula, Manish Gupta, and Raju S. Bapi. Visio-Linguistic Brain
Encoding. COLING 2022.

Multi-modal Transformers: + CLP, * LXMERT, x= WisualBERT

B Image Transformers: + ViT+Pool, * ViT +Patch, x DEIT+Pool, & DEIT+Patch, $ BEIT+Pool, # BEIT+Patch Findings:
B FPretrained CNMNs: + InceptonV2ResNet (Conv2D100), * EfficientNetB5 (ConvZD16), x ResNetS0 (Block3), & VGGMetld (MaxPool5)
B Late-fusion models: + InceptionV2ResMet (Conv2D150)+RoBERTa, * EfficientBS (Conv2DB)+RoBERTa, x RecNet50 (Block3)+RoBERTa, & VGGNetl9 (MaxPooll)+RoBERTa
Pretrained text Transformers: + RoBERTa ° VisuaIBERT outperforms other
0.2 b4 X . M
models: The multi-modal
Transformer VisualBERT

achieves state-of-the-art results
on both datasets, surpassing
single-mode models, image
Transformers, and other multi-
modal models .

Pearson Correlation
=
-]

PPA LOC EarlyVis OPA RSC ) ) )
- - Brain region correlations:

x Regions with dual language
and vision functions (e.g.,
LPTG, LMTG, LIFG, STS) show
higher correlation with multi-
modal models, indicating these
models better mimic human
brain behavior

2V2 Accuracy
=
L |

=2
[og

PPA LOC EarlyVis OPA R5C
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Stimulus/Features-Multimodal

« Vighnesh Subramaniam, Colin Conwell, Christopher Wang, Gabriel Kreiman, Boris Katz, Ignacio Cases, Andrei Barbu.
Revealing Vision-Language Integration in the Brain with Multimodal Networks. ICML 2024.

« SUBBA REDDY OQTA, Khushbu Pahwa, mounika marreddy, Maneeesh Singh, Manish Gupta, Raju Surampudi Bapi.
Multi-modal brain encoding models for multi-modal stimuli. ICLR 2025.
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[ . . . Findings: Multi-modal models outperform unimodal ones in alignment
Findings: Multimodal models, particularly those with CLIP-style with key language (e.g., AG, IFG) and visual (e.g., EVC, MT) regions. Cross-
training, are best suited for predicting neural activity in integration modal models rely partly on video for brain alignment; jointly pretrained
sites. ones use both video and audio.
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Goal/Tasks - SFT

Khai Loong Aw, Syrielle Montariol, Badr AlKhamissi, Martin Schrimpf, Antoine Bosselut. Instruction-
tuning Aligns LLMs to the Human Brain. COLM 2024.
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Findings: Instruction-tuning enhances LLMs' alignment with human brain activity, likely by improving their representation of
world knowledge. However, this neural alignment does not translate to stronger behavioral alignment in reading tasks.
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Goal/Tasks - Predictive Coding

Charlotte Caucheteux, Alexandre Gramfort & Jean-Rémi King. Evidence of a predictive coding hierarchy
in the human brain listening to speech. Nature Human Behaviour (2023).

a b c d
Architectures and objectives Brain scores Forecast scores Hypotheses
; ' | Language algorithm GREAT, YOUR PAPER GREAT, YOUR PAPER | GREAT, YOUR PAPER 15 NOT REIECT ﬁ No forecast
' A : T —-L‘ L.
. I _ — "I
f 3 - - - NI Short-range forecast
© GREAT YOUR PAPER . IS ( ) haf
Input ! Predict Y < o > 7 1 - -
R ae
Human brain Y < > o 8
: l % . - Long-range forecast
: ) -
1 . ’ o Y tf— o 7 - ‘I ™~
=g ;I Y — X Y e W m {0 B
= 0 - S908e
A(X) = corr(Y, W.X) F = R(X & X) - A(X) Distance in

the future (d)

8/14/2025 Piji Li, BrainEncDec 19



Goal/Tasks - Predictive Coding

Charlotte Caucheteux, Alexandre Gramfort & Jean-Rémi King. Evidence of a predictive coding hierarchy
in the human brain listening to speech. Nature Human Behaviour (2023).

a b
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Findings: Modern language models (e.g., GPT-2) linearly map onto brain responses, with this mapping improving when models
include multi-timescale predictions. Critically, predictions are hierarchically organized: frontoparietal cortices predict higher-
level, longer-range (e.g., 8 words, ~3.15s) and more contextual representations than temporal regions . Semantic forecasts are
long-range, while syntactic ones are short-range . These results support hierarchical predictive coding in language processing
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Goal/Tasks - Working Memory

Congchi Yin, Yongpeng Zhang, Xuyun Wen, Piji Li. Improve Language Model and Brain Alignment via
Associative Memory. Findings of ACL 2025.

short-term long-term context information

Working Semantic Episodic Maurice K. Temerlin, he is the psycho

Memory Memory Memory therapist. And he’s also the dad in
this story and his wife Jane, who’s a
social worker, she’s the mom...

Lucy is a baby chimp adopted ... She would often grab my hand, pull

by Maurice K. Temerlin and me to my feet, and beg me to chase

Jane, who serve as her daddy her, always looking back to see that

and mummy. Chimp are highly Daddy was not too far behind...

intellige_nt prl:mates. I have o content the

seen chimps in the zoo before. subject is
‘ hearing

content the subject is SR
"10260 Bandley Dr., Cupertino, California 95014 a s S o c i at i n g

(800) 538-9696

Figure 1: An example of how mental association works

when subject is hearing and processing information.
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Goal/Tasks - Working Memory

- Data augmentation score = Association simulation

Original Sentences Method

Data Augmentation

This is Los Angeles. And it’s the
height of summer. In a small

word-level, GPT-4

heat, bustling, cozy. spicy. casual,
colorful

bungalow off of La Cienega, Clara ~ word-level, human

hot, comfortable

serves homemade chili and chips
in red plastic bowls —wine in blue
plastic.

sentence-level, GPT-4

The sun blazes down on a cozy home
in LA where a casual summer
gathering unfolds.

sentence-level, human

Clara uses plastic bowls of different
colors to make thing in a bungalow.

Louis when 1 first started here. word-level, GPT-4
People told him, "Oh no, no she

is white man, she’s white, she

debate, racial identity, assumptions,
voice, community perceptions,
prejudice, correctness, self-awareness,
revelation

sounds white she’s white." and he,

. . word-level, human
convinced, having never met me,

debate. truth, revelation, surprise,
race

that I was black. Well as it turns
out, he was right.
sentence-level, GPT-4

In a St. Louis debate about my ethnicity,
a stranger’s conviction about my race
challenged the assumptions tied to my
voice,and he was correct.

sentence-level, human

Debates about the author being black
and white were going on long before
he came to St Louis Missouri
community.

O/ 14/ ZUZD

Fi1jI L1, DIdITICIicveL

R(Xg@)soc) — COTT(Q © f(Xé;)soc)t?i)'

The data augmentation of one specific
voxel is defined as the difference
between brain score with association
and original brain score:

FXO)y=Rr(xD

aAs50C

) — R(XWD).
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Goal/Tasks - Working Memory

« Empower LLMs to Associate

Input

Output
Instruction Story Paragraph

Sheldon slowly walked into the
restaurant, eying the decor suspiciously.  quirky, cautious,

['ll give you some sentences, you . . .
sivey y His roommate Leonard pushed past him  skeptical.

have to perform related association

. and asked the hostess for a table for friends. dining,
with words. . . . :
two. As they were led to their chairs, impatient
Sheldon began to protest yet again. M Y“} R Y{E) R Y“} R Y{”
You know. I think I may have ) ( ) ( ( sf t) ( ))/ ( )
. .. . . surprise,
Given some sentences, you are misjudged this restaurant. I won't . .
) . . reconsideration,
supposed to make related go out on a limb, but I think we may
. . hamburger,
associations and output words. be looking at my new Tuesday =

hambureer potential favorite
ger.

He zipped up Barney’s bag and handed
it back to him. Quinn followed Barney

ou need to execute the process down the concourse in total confusion. curiosity, travel
y process Magic trick? Why wouldn’t he tell > |

of interlinkine them based on ) ) frustration,
= her what was in the box? She tried to

their relevance with words. . : . companionship
interrogate him as they sat in front of

the gate, but he refused to spill the beans.

Given a batch of sentences, mystery, secrecy,
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Goal/Tasks - Working Memory

* Brain Score Comparison and Brain Score Ceiling Test
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Goal/Tasks - Working Memory

- Data Augmentation Score

Sentence-level Augmentation Word-level Augmentation

c
©
£
=
I

(a) Brain Score of GPT-2 (b) Brain Score of LLaMA-2 (c) Brain Score of GPT-2 (d) Brain Score of LLaMA-2
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(e) Brain Score of GPT-2 (f) Brain Score of LLaMA-2 (g) Brain Score of GPT-2 (h) Brain Score of LLaMA-2

Figure 4: Data augmentation score of sentence-level and word-level mental association.



Goal/Tasks - Working Memory

 Data Augmentatlon Score of ROIs
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(e) word augmentation by GPT-4(R}  (f) sentence augmentation by GPT-4(R) (g) word augmentation by human(R) (h) sentence augmentation by human(R)



Goal/Tasks - Working Memory

 Mental Association Score
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Brain Encoding - Others
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Brain Encoding - Key Takeaways

» Brain encoding can serve as a special evaluation or
verification method or metrics to analyze grammar,

semantics, model structure, model mechanism, and so
on.

*How does the brain carry out processes of

representation, compression, memorization, storage,
retrieval, and reasoning?

It is necessary to conduct dual verification of the
conclusions from the perspective of neuroscience.
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Brain Decoding
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Brain Decoding

B ERIR! imIXFEtNiEOESSEE,
EMAESENF

SR

How are youoda? |

SRMSEERIIEORAR, A>AZEERSERRNeuralink, B3 FERH
At EIZU RS 7 APRER, R, I TAZEUEC B NEH i AR
TARZFEZRNEE _Ehraf, RREER, ERTUERAGEBET65 EREAT
N I E S EERESINT, B1001MERENFIEHRIAT96%.

A question was displayed for the participant and the device
recorded brain activity while he attempted to speak in reply

- Generation from Signals

Piji Li, BrainEncDec
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Brain Decoding

Representation o
Learning Pretraining

Decoder

Generate
Models

| I
[ B

Sound

Groundi
Brain Signal 1] g

Fig. 1. The basic structure of fMRI-based brain decoding tasks: After the human body receives external stimuli, the brain generates signals in

specific regions. By decoding these brain signals and using generative models for reconstruction, the stimulus signals received by the brain are
restored.

Pengyu Liu, Guohua Dong, Dan Guo, Kun Li, Fengling Li, Xun Yang, Meng Wang, and Xiaomin Ying. A Survey on fMRI-based Brain
Decoding for Reconstructing Multimodal Stimuli. arXiv:2503.75978 (2025).
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Brain2Text

Zhenhailong Wang, and Heng Ji. Open vocabulary electroencephalography-to-text decoding and
zero-shot sentiment classification. AAAI 2022.

Reading #Training BLEU-N(%) ROUGE-1(%)
Task Sample | N=1 N=2 N=3 N={1 P R F
SR v1.0 (halfy ) 1771 33.5 16.6 7.2 3.4 22.8 21.6 220
SR v1.0 (half;s¢) + NR v1.0 (halfy) 3129 37.3 20.2 10.2 5.0 27.8 254  26.5
SR v1.0 (half;s;) + NR v1.0 (halfz,,4) 3058 374 18.8 8.9 4.0 263 252 255
SR v1.0 3391 34.5 17.2 7.2 3.0 239 220 228
SRv1.0 +NR VL0 5797 37.1 20.0 10.4 5.3 27.7 260 268
SR v1.0 + NR v1.0 + TSR v1.0 9169 374 20.0 10.5 5.7 274 246 259
SR v1.0 + NR v1.0 + NR v2.0 10710 40.1 23.1 12.5 6.8 31.7 288 30.1
w/o pretrained weights 10710 24.7 1.3 2.4 1.0 194 202 189

Table 3: EEG-To-Text sequence-to-sequence model evaluation: (half; ;) and (halfs, ) indicate using data from the first half of
or the second half of the subjects respectively; no parenthesis means using data from all subjects.
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Brain2Text

Zhenhailong Wang, and Heng Ji. Open vocabulary electroencephalography-to-text decoding and
zero-shot sentiment classification. AAAI 2022.

Ground Truth: He is a prominent member of the Bush family, the younger brother of President George W. Bush...

M|
|

Model Output: was a former member of the American family, and son brother of President George W. Bush...

(2)

Ground Truth: Raymond Arrieta (born March 26, 1965 in San Juan, Puerto Rico) is considered by many to be one of
Puerto Rico’s greatest comedians.

Model Output: mond wasaga,19 in 17, 18) New Francisco, Puerto Rico) is a one many to be the of the Rico’s greatest
poets.

3) |

Ground Truth: He was first appointed to fill the Senate seat of Ernest Lundeen who had died in office.

Model Output: was a elected to the the position seat in the Hemy in died died in 18 in

“4) |

Ground Truth: Adolf Otto Reinhold Windaus (December 25, 1876 - June 9, 1959) was a significant German chemist.

Model Output: rian Hitler,hardt,eren18 18, 1885 — January 3, 18) was a German figure- and

) |

Ground Truth: It’s not a particularly good film, but neither is it a monsterous one.

Model Output: was a a bad good story, but it is it bad bad. one.

Table 4: EEG-To-Text decoding examples on unseen test sentences. (1-4) are biographical sentences from Wikipedia in NR
v1.0, v2.0. (5) is movie review in SR v1.0. Bold words indicate exact match, /talic words indicate semantic resemblance, and
Underline words indicate error match.

8/14/2025
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Brain2Text

Hyejeong Jo, Yigian Yang, Juhyeok Han, Yiqun Duan, Hui Xiong, and Won Hee Lee. Are eeg-to-text
models working? |JCAI workshop 2024. https://github.com/NeuSpeech/EEG-To-Text

First of all, we are not pointing at others, we do this correction due to no offense, but a kind reminder of being
careful of the string generation process. We repsect Mr. Wang very much, and appreciate his great contribution in
this area.

After scrutilizing the original code shared by Wang Zhenhailong, we discovered that the eval method have an

Correction on (AAAI 2022) Open Vocabulary EEG-To-Text unintentional but very serious mistake in generating predicted strings, which is using teacher forcing implicitly.
.- - - - -}

The code which reaches my concern is:

Decoding and Zero-shot sentiment classification

results and code is updated on master branch -

seq2seqlLMoutput = model(input_embeddings_batch, input_masks_batch, input_mask_invert_batch, target_ids_ [5

. logits = seq2seqlLMoutput.logits # bs*seq_len*voc_sz

results and code is updated on master branch o .
probs = logits[@].softmax(dim = 1)

. values, predictions = probs.topk(1)

results and code is updated on master branch predictions = torch.squeeze(predictions)

predicted_string = tokenizer.decode(predictions)

. _________________________________________________________________________________________________________________J 4

Therefore resulting in predictions like below:

target string: It isn't that Stealing Harvard is a horrible movie -- if only it were that grand a failu d;
predicted string: was't a the. is was a bad place, it it it were a.. movie.
RS E R AT ET E R R R R AR R S R R R R T AR S AR E R
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HEINPARD ©

Hyejeong Jo, Yigian Yang, Juhyeok Han, Yiqun Duan, Hui Xiong, and Won Hee Lee. Are eeg-to-text
models working? |JCAI workshop 2024. https://github.com/NeuSpeech/EEG-To-Text

In addition, we noticed that some people are using it as code base which generates concerning results. We are not
condemning these researchers, we just want to notice them and maybe we can do something together to resolve this
problem.

BELT Bootstrapping Electroencephalography-to-Language Decoding and Zero-Shot SenTiment Classification by

Natural Language Supervision

Aligning Semantic in Brain and Language: A Curriculum Contrastive Method for Electroencephalography-to-Text

Generation

UniCoRN: Unified Cognitive Signal ReconstructioN bridging cognitive signals and human language

Semantic-aware Contrastive Learning for Electroencephalography-to-Text Generation with Curriculum Learning

DeWave: Discrete EEG Waves Encoding for Brain Dynamics to Text Translation
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Brain2Text

Hyejeong Jo, Yigian Yang, Juhyeok Han, Yiqun Duan, Hui Xiong, and Won Hee Lee. Are eeg-to-text
models working? |JCAI workshop 2024. https://github.com/NeuSpeech/EEG-To-Text

Train Evaluation
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Brain2Text

Hyejeong Jo, Yigian Yang, Juhyeok Han, Yiqun Duan, Hui Xiong, and Won Hee Lee. Are eeg-to-text models
working? |JCAI workshop 2024. https://github.com/NeuSpeech/EEG-To-Text

Table 2. EEG-to-Text model evaluation on the ZuCo datasets, incorporating reading tasks from SR
v1.0, NR v1.0, and TSR v1.0. "w/f" denotes results obtained using teacher-forcing during evaluation
as utilized in the original study [[1]. In the training and evaluation phases, "EEG" denotes the use of
word-level EEG features, while "Random" refers to the employment of random numbers generated
from a normal distribution.

Table 4. Decoding examples of EEG-to-Text models [[1]. "EEG" and "Random" represent that the
model is trained and tested on word-level EEG features and random numbers, respectively. BART is
used as the pretrained seq2seq model for all models. "w/tf" denotes results obtained using teacher-
forcing during evaluation, as utilized in the original study [1]. Bold indicates words exactly matching
the ground truth. Underline denotes words consistently generated by models without teacher-forcing.

BLEU-N (%) ROUGE-1(%) WER (%)
Pretrained model Training Evaluation N=1 N=2 N=3 N=4 P R F

BART EEG EEG 13.69 297 0.82 032 1198 1343 11.87 108.43
EEG Random 13.87 3.09 0.77 0.25 12.23 13.60 12.14 108.31

Random EEG 14.05 3.12 1.00 041 1146 1237 11.14 110.96

Random Random 14.22 3.06 0.93 039 11.62 12.29 11.19 110.98

BART w/f (1] EEG EEG 39.31 22.09 1249 7.27 2641 3140 2858  78.08
EEG Random 39.34 22.13 12.52 7.29 26.44 31.43 28.61 78.07

Random EEG 39.67 22.15 1249 7.12 26.29 31.00 28.34  78.09

Random Random 39.69 22.17 12.50 7.12 26.32 31.03 28.37 78.09

Pegasus EEG EEG 847 248 0.81 0.25 0.00 0.00 0.00 99.69
EEG Random 8.58 248 0.78 0.00 0.00 0.00 0.00 99.89

Random EEG 912 270 091 023 0.00 0.00 0.00 98.73

Random Random 9.06 2.60 0.84 0.00 0.00 0.00 0.00 99.24

Pegasus w/tf EEG EEG 38.18 21.04 11.50 6.09 26.72 30.51 28.38  78.57
EEG Random 38.30 21.09 11.57 6.12 26.84 30.65 28.51 78.56

Random EEG 39.10 21.74 1197 6.17 27.43 31.26 29.11 78.09

Random Random 39.17 21.70 1196 6.18 27.41 31.34 29.14 78.10

T3 EEG EEG 16.64 580 196 0.81 1228 12.88 11.85 111.13
EEG Random 1542 4.78 1.57 0.65 10.57 11.45 10.35 112.00

Random EEG 1595 571 2.01 091 1190 12.61 1147 111.37

Random Random 15.54 5.22 1.70 0.67 11.48 12.23 11.10 111.74

T5 w/tf EEG EEG 4350 25.50 15.18 8.69 22.92 28.23 25.11 81.39
EEG Random 43.53 25.56 15.15 8.68 22.76 27.82 2487 8143

Random EEG 4347 2534 15.03 8.67 23.02 2796 25.06 81.64

Random Random 43.63 25.57 1523 8.78 23.36 2840 2545 81.46

Ground truth

It’s not a particularly good film, but neither is it a monsterous one.

EEG w/tf [ ’s a a bad good movie, but it is it bad bad. one.

Random w/tf ’s a a bad good movie, but it is it bad bad. one.

EEG He was elected to the United States House of Representatives in 1946.

Random He was educated at the University of Virginia, where he earned a Bachelor of Arts degree in
political science.

Ground truth  Everything its title implies, a standard-issue crime drama spat out from the Tinseltown
assembly line.

EEG w/tf (1] about predecessor implies is and movie,issue, drama. between of the depthsseltown set
line.

Random w/if about predecessor implies is and movie.issue, drama. between of the sameseltown set..

EEG He was a member of the Democratic National Committee (DNC) from 1952 until his death
in 1968.

Random He was educated at Trinity College, Cambridge and the University of Oxford.

Ground truth  Joseph H. Ball (November 3, 1905 - December 18, 1993) was an American politician.

EEG w/tf (1] was. Smith (born 23, 18 - April 23, 1993) was an American actor,

Random w/tf wasux W (born 23, 18 - April 23, 1977) was an American actor.

EEG He was elected to the United States House of Representatives in 1920.

Random He was educated at the University of Wisconsin-Madison, and received a Bachelor of Arts

degree in English literature from Stony Brook University.
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Data Contamination Issues in Brain-to-Text Decoding

« Data splitthg methods may cause information leakage.

Data Contamination Data Contamination

:;:q —  Encoder Decoder —— she was eating at
R fﬁ the table with us ...

Signal Reconstruction

Data Contamination

She was eating at
the table with us ...

» Decoder —

Data Contamination

(b)

Figure 1: General frameworks of brain-to-text decoding
and possible situations of data contamination.
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Data Contamination Issues in Brain-to-Text Decoding

A M PN
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Figure 2: Different splitting methods for cognitive dataset. (Color printing is preferred.)



Data Contamination Issues in Brain-to-Text Decoding

» L eakage Rate

Narratives / ZuCo

Type Method Average
seed1 seed?2 seed3 seed4
(a) 0.00/0.00 0.00/0.00 0.00/0.00 0.00/0.00 0.00/0.00
(b) 6.73/ - 6.32/- 7.7/ - 1793/ - 9.67/-
CSLR(%) (c) 12.55/12.52  12.52/12.55 12.48 /12.48 12.44 /12.46 12.50/12.50
(d) 12.81/12.60 12.8/12.58 1278 /12.56  12.79/12.61 12.795/12.59
(e) 12.28 / - 12.27 7 - 12.26 / - 12.27 /- 12.27 / -
(f) 0.00/ 0.00 0.00/0.00 0.00/ 0.00 0.00/0.00 0.00/0.00
(a) 100.00/23.43 100.00/20.25 100.00/23.38 100.00/22.95 100.00/22.50
(b) 0.00/ - 0.00/ - 0.00/ - 0.00/ - 0.00/ -
TSLR(%) (c) 100.00/13.21 100.00/13.06 100.00/1291 100.00/13.1 100.00/13.07
(d) 99.93/0.00 99.81/0.00 99.54 /0.00 99.99/0.00 99.82/0.00
(e) 9.19/ - 931/- 9.36/ - 929/ - 929/ -
(f) 0.00 / 0.00 0.00/0.00 0.00/0.00 0.00/ 0.00 0.00 7/ 0.00

Table 1: Results of Cognitive Signal Leakage Rate (CSLR) and Text Stimuli Leakage Rate (TSLR).
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Data Contamination Issues in Brain-to-Text Decoding

* Leakage Model  Epoch+lr+Method BLEU-N (%) ROUGE-1 (%)
verification AL ek S el S il i
10+1e-3+(a) 4956 3049 21.07 1549 4483 5041 40.65
10+1e-3+(b) 2637 750 248 099 2228 2599 19.62
UniCoRN 10+1e-3+(c) 50.24 30.83 21.23 15.60 44.68 49.44 41.01
10+1e-3+(d) 49.63 3029 20.85 1532 45.06 50.47 41.03
10+1e-3+(e) 28.94 939 407 153 21.68 2464 19.49

20+1e-4+(a) 50.19 3425 2598 21.00 46.59 50.36 43.62
30+1e-4+(a) 5546 4099 3285 27.56 52.08 55.02 49.68

20+1e-4+(b) 2591 8.80 3.84 1.66 20.65 27.74 16.57

30+1e-4+(b) 2591 880 384 1.66 20.65 2774 16.57
UniCoRN* 20+1e-4+(c) 7244 60.84 5335 4788 7052 7410 67.53
30+1e-4+(c) 72.82 6142 5395 4844 7124 7441 68.57
20+1e-4+(d) 6531 51.02 4254 3672 6276 67.09 59.29
30+1e-4+(d) 66.56 53.00 4475 39.02 63.89 67.51 60.95
20+1e-4+(e) 3215 1234 557 245 2428 3043 2035
30+1e-4+(e) 3215 1234 557 245 2428 3043 2035

Table 2: Generation quality of UniCoRN model for fMRI under different training settings. Here UniCoRN*
8/14/2025 indicates the encoder of UniCoRN is randomly initialized instead of pre-trained through signal reconstruction task.



Data Contamination Issues in Brain-to-Text Decoding

([ J - -
Lea kag € Model Epoch+lr+Method BLEU-N (%) ROUGE-1 (%)
verification N=1 N=2 N=3 N=4 F P K
50+1e-4+(a) 58.09 4923 4323 3843 6388 61.12 67.50
80+1e-4+(a) 60.88 50.52 4342 3784 65.17 61.16 70.72
UniCoRN 50+1e-4+(c) 5230 4289 36.80 3217 5739 51.09 67.29
80+1e-4+(c) 60.78 5592 53.18 51.10 84.64 63.16 71.50
50+1e-4+(d) 22.90 7.36 2.71 095 17.73 1990 17.33
80+1e-4+(d) 22.90 7.36 2.71 095 17.73 19.90 17.33
50+1e-4+(a) 51.22 3383 2299 16.05 4640 4685 46.58
80+1e-4+(a) 63.32 5252 4519 3950 6596 64.74 68.01
EEG2Text 50+1e-4+(c) 5383 38.99 2957 23.01 53.64 54.19 53.56
80+1e-4+(c) 6542 5756 5256 48.60 73.00 69.99 77.01

50+1e-4+(d) 23.92  8.16 3.21 1.20 20.78 19.96 23.89
80+1e-4+(d) 23.92  8.16 3.21 1.20 20.78 19.96 23.89

Table 3: Generation quality of UniCoRN and EEG2Text model for EEG under different training settings.
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Data Contamination Issues in Brain-to-Text Decoding

* Our splitting methods

BLEU-N (%) ROUGE-1 (%)
N=1 N=2 N=3 N=4 F P R
Narratives UniCoRN 22.83 5.69 1.43 0.48 15.55 24.80 19.04

UniCoRN  23.32 7.78 3.01 1.09  18.47 20.00 17.92
EEG2Text 24.49 7.49 2.28 0.62 2398 2395 25.74

Dataset Model

ZuCo

Table 4: A fair benchmark for evaluating brain-to-text decoding.

Congchi Yin, Qian Yu, Zhiwei Fang, Jie He, Changping Peng, Zhangang Lin, Jingping Shao, and Piji Li. Cross-
Subject Data Splitting for Brain-to-Text Decoding. arXiv:2372.710987 (2023).
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Brain2Text

« Jilong Li, Zhenxi Song, Jiagi Wang, Meishan Zhang, Honghai LIU, et al. BrainECHO: Semantic Brain
Signal Decoding through Vector-Quantized Spectrogram Reconstruction for Whisper-Enhanced
Text Generation. ACL 2025.

BLEU-N (%) 1 ROUGE-1 (%)1 WER (%) |

Split Input Method N=1 N=2 N=3 N=4 P R F

Subject Noise NeuSpeech (Yang et al., 2024b) 8.45 1.78 0.43 0 10.26  21.61 13.02 198.31
Noise BrainECHO 4.75 .10 0.28 0 11.25  7.81 8.52 105.27
EEG feature = EEG-to-Text (Wang and Ji, 2022)  8.82 3.15 1.90 144 10.13 21.61 13.12 233.99
EEG NeuSpeech (Yang et al., 2024b) 85.31 84.38 8398 83.75 82.60 8273 82.64 16.97
EEG MAD (Yang et al., 2024c) 80.34 79.10 7846 78.15 81.00 90.76 83.79 42.14
EEG BrainECHO 89.78 89.06 88.74 88.55 87.05 8727 87.13 11.72
EEG BrainECHO w7/ tf 98.82 98.74 98.68 98.64 9845 98.44 98.45 1.18

Sentence EEG BrainECHO 89.24 88.52 88.18 88.01 8556 8578 85.63 12.34

Table 1: Overall comparison of decoding performance on the Brennan dataset.

BLEU-N (%) 1 ROUGE-1 (%)1 WER (%) |
Split Input Method N=1 N=2 N=3 N=4 P R F
Random  MEG feature EEG-to-Text (Wang and Ji, 2022) 9.21 2.13 0.57 0.14 9.74 10.73  11.38 118.25
Shuffling MEG NeuSpeech (Yang et al., 2024b) 5049 46.85 4442 4255 4639 5248 47.10 71.17
MEG NeuSpeech (Original results) 60.3 5526 5124 47.78 60.88 59.76 58.73 56.63
MEG MAD (Yang et al., 2024c) 3.93 0.42 0 0 8.98 6.85 7.26 105.33
MEG BrainECHO 73.35 72.66 7246 7242 69.66 70.12 69.73 31.44
Session MEG NeuSpeech (Yang et al., 2024b) 53.16 - - - - - - -
MEG BrainECHO 75.24 7457 7434 74.27 7294 7284 7278 29.59
Sentence MEG BrainECHO 73.58 7299 7282 7279 7038 70.75 70.73 31.11
Subject MEG BrainECHO 75.05 7438 7418 74.14 71.83 7202 71.72 29.80
8/14/2025 45
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Brain2Text

Jiaxuan Chen, Yu Qi, Yueming Wang, and Gang Pan. MindGPT: Interpreting what you see with non-invasive brain
recordings. arxiv 2023. /EEE Transactions on Image Processing (2025).
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Brain2lmage

« Yulong Liu, Yonggiang Ma, Wei Zhou, Guibo Zhu, and Nanning Zheng. Brainclip: Bridging brain and
visual-linguistic representation via clip for generic natural visual stimulus decoding. arXiv preprint
arXiv:2302.12971 (2023)
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Brain2lmage

Paul Steven Scotti, Atmadeep Banerjee, Jimmie Goode, Stepan Shabalin, Alex Nguyen, Cohen Ethan, Aidan James
Dempster, Nathalie Verlinde, Elad Yundler, David Weisberg, Kenneth Norman, Tanishq Mathew Abraham. Reconstructing
the Mind's Eye: fMRI-to-Image with Contrastive Learning and Diffusion Priors. NeurlPS 2023.

High-level (semantic) pipeline
N images

Retrieval

Method Low-Level High-Level

PixCorr 1 SSIM 1 Alex(2) T Alex(5) 1 Incep T CLIP 1 Eff | SwAV | Image 1 Brain 1

Disjointed CLIP-fMRI (for retrieval)
Aligned CLIP-fMRI (for reconstruction)

00 Siftusion or / Linetal. [11] - - — - 782% — - —  11.0% 49.0%
TMRI voxels Tuston priof CLIP-fMRI Reconstructior T2kagi... [3] —~ —  83.0% 83.0% T76.0% 77.0% — - - —
1N x 257 x 768 — Guetal [28] 150 .325 — - - —  .862 .465 - -
} MLP backb s Versatile & Ozcelik... [4] .254 356 94.2% 96.2% 87.2% 91.5% .775 423  21.1% 30.3%
a acoone S -t - I Diffusion ~— MindEye .309 323 94.7% 97.8% 93.8% 94.1% .645 .367 93.6% 90.1%
CLIP ViT-L/14 4 MLP projector : Variatons || - =5 MindEye (Low-Level) .360 .479 78.1% 74.8% 58.7% 59.2% 1.00 .663 - -
proj i : — MindEye (High-Level) .194  .308 91.7% 97.4% 93.6% 94.2% .645 .369 93.6% 90.1%
CLIP-mage N:257x768 — ol MindEye (LAION) 130 308 84.0% 92.6% 86.9% 86.1% .778 477 = — -
N x 257 x 768 *”éontrastive loss Retrieval from |0N-5B/ e Ozcelik... (Low-, S1) .358 A37  97.7% 97.6% T7.0% 71.1% .906 .581 - -
v__ T o MindEye (Low-, S1) 456 493 87.1% 84.1% 61.6% 62.4% .992 .638 - -
MSEges = e mmmm T img2img
LC-)V-V-_|!;\I-G-| _-e-r(;e- _IL_,aT -i-el;n-e ------------------------------------ Image seen MindEye Ozceliketal.  Takagiet al. Image seen MindEye Ozcelik et al. Gu et al.
o fMRI voxels 'nRI 7 (ours) (2023) (2022) in MRI (ours) (2023) (23)
N N x 15000 = — ' '
Stable : + MLP Stable
oo ]« .
encoder 6: MSI\E loss #Upsampling f decoder
reconstruction

Autoencaer latent
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Brain2lmage

Paul Steven Scotti, Atmadeep Banerjee, Jimmie Goode, Stepan Shabalin, Alex Nguyen, Cohen Ethan, Aidan James
Dempster, Nathalie Verlinde, Elad Yundler, David Weisberg, Kenneth Norman, Tanishq Mathew Abraham. Reconstructing
the Mind's Eye: fMRI-to-Image with Contrastive Learning and Diffusion Priors. NeurlPS 2023.
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Brain2lmage

Paul Scotti, Mihir Tripathy, Cesar Kadir Torrico Villanueva, Reese Kneeland, Tong Chen, Ashutosh Narang, Charan
Santhirasegaran, Jonathan Xu, Thomas Naselaris, Kenneth Norman, Tanishq Abraham. MindEye2: Shared-Subject
Models Enable fMRI-To-Image With 1 Hour of Data. ICML 2024.
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15,724 latent space Residual MLP — ‘.‘A syrger »
MRIvoxels ~  (4006dim)  >| backbone | > | 296x71664 - is riding MindEye2 -
0 a wave
— , b =
One model trained end-to-end across 7 subjects, MLP - = m
then fine-tuned on new subject with minimal training data Projectors : =7 )
& SUBEEONOIEIN 14,278 IR o = o e e e = ‘ . 1
| & subj3 (32h f o] MindEye2 ,
ubj 3 (32 hours) 15226 —» I ow-leve (not pretrained) &
= &P Subj 4 (30 hours) 13,153 —» | submodule '
’;;{"‘i —>
&R Subj 5 (40 hours) 13,039 —» I Hemevalsubmodue | .
fed &7 suvje (32hours) 17,007 —» S MindEye1
Il &2 subj7 @ohours) 12682 —» I il 'mO’ | - - (Scotti et al.,
B & subjg (30 hours) 14386 —» I 7 ; R —— 2023)
Subject-specific linear mappings, then subject-agnostic pipeline | from brain
Method Low-Level High-Level Retrieval Brain I_:)Iﬁuser
(Ozcelik et al.,
PixCorr 1 SSIM 1 Alex(2) 1 Alex(5) 1 Incep T CLIP 1 Eff | SwAV | Image T Brain 1 2023)
MindEye2 0.322 0431 96.1% 98.6% 95.4% 93.0% 0.619 0.344 98.8% 98.3%
MindEye2 (unrefined) 0.278  0.328 95.2% 99.0% 96.4% 94.5% 0.622 0.343 — —
MindEyel 0.319 0.360 92.8% 96.9% 94.6% 93.3% 0.648 0.377 90.0% 84.1% Takagi et al.
Ozcelik and VanRullen 2023} 0.273  0.365 94.4% 96.6% 91.3% 90.9% 0.728 0.421 18.8% 26.3% (2022)
akagi and Nishimoto|(2023) 0.246 0.410 78.9% 85.6% 83.8% 82.1% 0.811 0.504 — —
MindEye2 (low-level) 0.399 0.539 T70.5% 65.1% 52.9% 57.2% 0.984 0.673

MindEye2 (1 hour) 0.195 0.419 84.2% 90.6% 81.2% 79.2% 0.810 0.468 79.0% 57.4%




HE P4 ELTS

Original Image MindEye (NeurlPS2023)

The reconstructed visual stimuli often lack fine-grained details due to insufficient
semantic information, such as losing some objects from the original stimuli.

Runze Xia, Shuo Feng, Renzhi Wang, Congchi Yin, Xuyun Wen, and Piji Li. Improving Brain-to-Image Reconstruction via Fine-
Grained Text Bridging. CogSci’2025
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Brain2lmage

Details enhancement
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Brain2lmage
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Brain2lmage

Method Low-Level High-Level

PixCorrt SSIMT Alex(2)1 Alex(5)7 Incep? CLIP?T Eft] SwAV |
LDM / / 83.0% 83.0% 76.0% 77.0% / /
LDM+DE / / 84.6% 85.1% 77.3% 79.4% / /
BrainDiffuser 254 356 94.2% 96.2% 87.2% 91.5% 175 423
BrainDiffuser+DE 255 357 93.6% 96.3% 91.1% 91.5% 737 423

Table 1: The reconstruction evaluation of detail-enhancement (denoted as DE in the table) on the LDM (Takagi & Nishimoto,
2023) and BrainDiffuser (Ozcelik & VanRullen, 2023) methods, using the same evaluation metrics as theirs. The values
presented in the table are the mean of the assessment results from four participants.

Method Low-Level High-Level
PixCorr? SSIMT Alex(2)t Alex(5)1 Incep?t CLIPT Eff] SwAV |

LDM / / 83.0% 83.0% 76.0% 77.0% / /
LDM+Ours / / 81.1% 88.3% 85.6% 86.2% / /
BrainDiffuser 254 .356 94.2% 96.2% 87.2% 91.5% 75 423
BrainDiffuser+Qurs 260 371 93.9% 96.4% 92.4% 92.2% 710 409
MindEye 309 323 94.7% 97.8% 93.8% 94.1% .645 367
MindEye+Ours 305 354 94.8 % 97.8% 94.3% 93.8% .637 360

Table 2: A comparison of the reconstruction results for LDM (Takagi & Nishimoto, 2023), BrainDiffuser (Ozcelik & Van-
Rullen, 2023), and MindEye (Scotti et al., 2023) methods combined with FgB2I’s fine-grained text descriptions, using the same
evaluation metrics as theirs. The values presented in the table are the mean of the assessment results from four participants.
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Brain2lmage

ground truth

reconstruction

ground truth

reconstruction

= Reason?

Figure 5: Additional Reconstruction Results. The top section of the figure illustrates semantically coherent
reconstructions, whereas the bottom section displays examples with notable discrepancies.
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Brain2lmage

Runze Xia, Congchi Yin and Piji Li. Decoding the Echoes of Vision from fMRI: Memory Disentangling for Past
Semantic Information. EMNLP 2024,
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Ours | 0 |35.1:446 13.440.70 11.7+0.40| 11.32055 8141042 8.2310.11 | 9.31x1.00 3.2140.40 2.29+0.36
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Brain2lmage

MindAligner: Explicit Brain Functional Alignment for Cross-Subject Visual Decoding from
Limited fMRI Data. Yugin Dai, Zhouheng Yao, Chunfeng Song, Qihao Zheng, Weijian Mai, Kunyu
Peng, Shuai Lu, Wanli Ouyang, Jian Yang, Jiamin Wu. ICML 2025.

MindCustomer: Multi-Context Image Generation Blended with Brain Signal. Muzhou Yu, Shuyun
Lin, Lei Ma, Bo Lei, Kaisheng Ma. ICML 2025.

Human-Aligned Image Models Improve Visual Decoding from the Brain. Nona Rajabi, Antonio
Ribeiro, Miguel Vasco, Farzaneh Taleb, Marten Bjorkman, Danica Kragic. ICML 2025.

Visual Decoding and Reconstruction via EEG Embeddings with Guided Diffusion. Dongyang Li, Chen
Wei, Shiying Li, Jiachen Zou, Quanying Liu. NeurlPS 2024.
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Brain2Video

« Xuan-Hao Liu, Yan-Kai Liu, Yansen Wang, Kan Ren, Hanwen Shi, Zilong Wang, Dongsheng Li, Bao-Liang Lu,
Wei-Long Zheng. EEG2Video: Towards Decoding Dynamic Visual Perception from EEG Signals.
NeurlPS 2024,
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Brain2Video

« Xuan-Hao Liu, Yan-Kai Liu, Yansen Wang, Kan Ren, Hanwen Shi, Zilong Wang, Dongsheng Li, Bao-Liang Lu,
Wei-Long Zheng. EEG2Video: Towards Decoding Dynamic Visual Perception from EEG Signals.
NeurlPS 2024,
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Brain2Speech

+ The Brain's Bitter Lesson: Scaling Speech Decoding With Self-Supervised Learning. Dulhan Jayalath,
Gilad Landau, Brendan Shillingford, Mark Woolrich, ‘Oiwi Parker Jones. ICML 2025.
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Brain-to-3D

« Zhangiang Guo - Jiamin Wu - Yonghao Song - Jiahui Bu - Weijian Mai - Qihao Zheng - Wanli
Ouyang - Chunfeng Song. Neuro-3D: Towards 3D Visual Decoding from EEG Signals. CVPR 2025.
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Brain-to-3D

« Zhangiang Guo - Jiamin Wu - Yonghao Song - Jiahui Bu - Weijian Mai - Qihao Zheng - Wanli
Ouyang - Chunfeng Song. Neuro-3D: Towards 3D Visual Decoding from EEG Signals. CVPR 2025.

Ground Truth

Reconstruction

Figure 4. The qualitative results reconstructed by Neuro-3D with two different samplings trials, and the corresponding ground truth.

Object Type Color Type Average Top-1 of 5 samples
Method Method
top-1 top-5 top-1 top-2 2,1y @0,3) 2,1 (@0,3 Cb F1
Chance level 1.39 6.94  16.67 33.33 Static 51.64 3239 68.75 55.14 675 67.61
DeepNet (2017) [60] 3.70 990 2095 49.71 Dynamic 50.86 31.50 7125 5430 640 6942
EEGNet (2018) [35] 3.82 9.72 1835 4647 Concat 5322 3411 69.72 56.53 5.84 7347
Conformer (2023) [65]  4.05 1030 18.27 35.81 w/o De. 5394 3442 6500 4854 581 73.36
TSConv (2024) [66] 4.05 10.13  31.13  59.49 Full 5581 3589 72.08 57.64 535 77.01
Neuro-3D 591 1630 3993 6140

Table 4. Quantitative results of 3D reconstruction, where (N, t)
Table 2. Comparison results on two classification tasks. indicates (N-way top-K) result of reconstructed samples.
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Brain Decoding: Multimodal

Andrew Luo, Margaret Marie Henderson, Michael J. Tarr, and Leila Wehbe. BrainSCUBA: Fine-Grained
Natural Language Captions of Visual Cortex Selectivity. ICLR 2024.

Voxel-wise
linear
adapter

Trained Brain fMRI

A close up of
food on a
plate on a
table

Number of voxels CLIP embeddings Text

in brain for natural images
( ) A close up of aperson  An aerial view of a A group of people A close up of aclock on A plate of food on a
wearing a suit and tie bridge and a mountain  standing in a room a surface table

Apictureofamanand Aroomthat hasasink A group of people Two men and a woman A close up of a cake on
a woman with a baby and a window in it sitting on the ground holding up signs a table

A man and a woman A view of a garden with A man standing in front A close up of a jar with A display of various
pose for a picture benches and chairs of a sunset aname on it food items on a table

Faces Places Bodies Words Food

Figure 1: Architecture of BrainSCUBA. (a) Our framework relies on an fMRI encoder trained
to map from images to voxel-wise brain activations. The encoder consists of a frozen CLIP image
network with a unit norm output and a linear probe. (b) We decode the voxel-wise weights by
projecting the weights into the space of CLIP embeddings for natural images followed by sentence
generation. (¢) Select sentences from each region, please see experiments for a full analysis.
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Brain Decoding: Foundation Models

« Jiaxuan Chen, Yu Qi, Yueming Wang, and Gang Pan. MindGPT: Interpreting what you see with non-invasive brain
recordings. /EEE Transactions on Image Processing (2025). [Not FM, for text generation]

« Josue Ortega Caro, Antonio Henrique de Oliveira Fonseca, Syed Rizvi, Matteo Rosati, Christopher Averill, James
Cross, Prateek Mittal, Emanuele Zappala, Rahul Dhodapkar, Chadi Abdallah, David Dijk. BrainLM: A foundation
model for brain activity recordings. ICLR 2024.

 Yigian Yang, Yiqun Duan, Hyejeong Jo, Qiang Zhang, Renjing Xu, Oiwi Parker Jones, Xuming Hu, Chin-teng Lin, and
Hui Xiong. NeuGPT: Unified multi-modal neural gpt. arXiv preprint arXiv:2410.20916 (2024).

« Guangyu Wang, Wenchao Liu, Yuhong He, Cong Xu, Lin Ma, Haifeng Li. EEGPT: Pretrained Transformer for
Universal and Reliable Representation of EEG Signals. NeurlPS 2024.
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Brain Decoding: Key Takeaways

Drawing on approaches from the
generative domain, with targeted
optimization  tailored to brain
decoding.

« Considering other factors beyond
function mapping, memory, retrieval,
thinking, reasoning.

« Achieve brain distillation, clone its
structure and content, migrate from
carbon-based to non-carbon-based,
and realize digital immortality.

8/14/2025 Piji Li, BrainEncDec
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Papers
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Papers — ACL 2025

« BrainECHO: Semantic Brain Signal Decoding through Vector-Quantized Spectrogram
Reconstruction for Whisper-Enhanced Text Generation
Jilong Li, Zhenxi Song, Jiagi Wang, Meishan Zhang, Honghar LIU, Min zhang, Zhiguo Zhang

- Improve Language Model and Brain Alignment via Associative Memory Congchi VYin,
Yongpeng Zhang, Xuyun Wen, Piji Li
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Papers — ACL 2024

- Speech language models lack important brain-relevant semantics
SUBBA REDDY OOTA, Emin Celik, Fatma Deniz, Mariya Toneva

« Measuring Meaning Composition in the Human Brain with Composition Scores from
Large Language Models
Changjiang Gao, Jixing Li, Jigjun Chen, Shujian Huang

« Multipath parsing in the brain
Berta Franzluebbers, Donald Dunagan, Milos Stanojevic, Jan Buys, John T. Hale

« Enhancing EEG-to-Text Decoding through Transferable Representations from Pre-

trained Contrastive EEG-Text Masked Autoencoder
Jiaqgi Wang, Zhenxi Song, Zhengyu Ma, Xipeng Qiu, Min zhang, Zhiguo Zhang
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Papers - EMNLP 2024

- Language models and brains align due to more than next-word prediction and word-
level information
Gabriele Merlin, Mariya Toneva

« Unveiling Multi-level and Multi-modal Semantic Representations in the Human Brain
using Large Language Models
Yuko Nakagi, Takuya Matsuyama, Naoko Koide-Majima, Hiroto Q. Yamaguchi, Rieko Kubo,
Shinji Nishimoto, Yu Takagi

« Decoding the Echoes of Vision from fMRI: Memory Disentangling for Past Semantic

Information
Runze Xia, Congchi Yin, Piji Li
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Papers — NAACL 2025

« Thought2Text: Text Generation from EEG Signal using Large Language Models (LLMs)
Abhijit Mishra, Shreya Shukla, Jose Torres, Jacek Gwizdka, Shounak Roychowdhury
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Papers — NAACL 2024

« MapGuide: A Simple yet Effective Method to Reconstruct Continuous Language from
Brain Activities Xinpei Zhao, Jingyuan Sun, Shaonan Wang, Jing Ye, Xhz, Chengqing Zong
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Papers — ICML 2025

MindAligner: Explicit Brain Functional Alignment for Cross-Subject Visual Decoding from
Limited fMRI Data. Yugin Dai, Zhouheng Yao, Chunfeng Song, Qihao Zheng, Weijian Mai, Kunyu
Peng, Shuai Lu, Wanli Ouyang, Jian Yang, Jiamin Wu

A Multi-Region Brain Model to Elucidate the Role of Hippocampus in Spatially Embedded
Decision-Making. Yi Xie, Jaedong Hwang, Carlos Brody, David Tank, Ila R. Fiete

MindCustomer: Multi-Context Image Generation Blended with Brain Signal. Muzhou Yu, Shuyun
Lin, Lei Ma, Bo Lei, Kaisheng Ma

Are Large Brainwave Foundation Models Capable Yet ? Insights from Fine-Tuning Na Lee,
Konstantinos Barmpas, Yannis Panagakis, Dimitrios Adamos, Nikolaos Laskaris, Stefanos Zafeiriou

The Brain's Bitter Lesson: Scaling Speech Decoding With Self-Supervised Learning Dulhan
Jayalath, Gilad Landau, Brendan Shillingford, Mark Woolrich, ‘Oiwi Parker Jones

Human-Aligned Image Models Improve Visual Decoding from the Brain Nona Rajabi, Antonio
Ribeiro, Miguel Vasco, Farzaneh Taleb, Marten Bjorkman, Danica Kragic

NeuroTree: Hierarchical Functional Brain Pathway Decoding for Mental Health Disorders Jun-En
Ding,,Pengsheng Luo, Chenwei Wu, Feng Liuy;; ;i sainencoec .



Papers — ICML 2025

* Neural Encoding and Decoding at Scale
« Yizi Zhang, Yanchen Wang, Mehdi Azabou, Alexandre Andre, Zixuan Wang, Hanrui Lyu, International
Brain Laboratory, Eva Dyer, Department of Statistics Liam Paninski, Cole Hurwitz

« MindLLM: A Subject-Agnostic and Versatile Model for fMRI-to-text Decoding
« Weikang Qiu, Zheng Huang, Haoyu Hu, Aosong Feng, Yujun Yan, ZHITAO YING

- EEG-Language Pretraining for Highly Label-Efficient Clinical Phenotyping
« Sam Gijsen, Kerstin Ritter

« Pre-Training Graph Contrastive Masked Autoencoders are Strong Distillers for EEG
« Xinxu Wei, kanhao zhao, Yong Jiao, Hua Xie, Lifang He, Yu Zhang
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Papers - ICML 2024

Unsupervised Representation Learning of Brain Activity via Bridging Voxel Activity and
Functional Connectivity
Ali Behrouz, Parsa Delavari, Farnoosh Hashemi

Revealing Vision-Language Integration in the Brain with Multimodal Networks
Vighnesh Subramaniam, Colin Conwell, Christopher Wang, Gabriel Kreiman, Boris Katz, Ignacio Cases,
Andrei Barbu

Using Left and Right Brains Together: Towards Vision and Language Planning
Jun CEN, Chenfei Wu, Xiao Liu, Shengming Yin, Yixuan Pei, Jinglong Yang, Qifeng Chen, Nan Duan,
Jianguo Zhang

SleepFM: Multi-modal Representation Learning for Sleep Across Brain Activity, ECG and
Respiratory Signals

Rahul Thapa, Bryan He, Magnus Ruud Kjaer, Hyatt Moore, Gauri Ganjoo, Emmanuel Mignot, James
Zou

MindEye2: Shared-Subject Models Enable fMRI-To-Image With 1 Hour of Data

Paul Scotti, Mihir Tripathy, Cesar Kadir Torrico Villanueva, Reese Kneeland, Tong Chen, Ashutosh
Narang, Charan Santhirasegaran, Jonathan Xu, Thomas Naselaris, Kenneth Norman, Tanishq
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Papers — NeurlPS 2024

« Brain-JEPA: Brain Dynamics Foundation Model with Gradient Positioning and Spatiotemporal
Masking

« Zijian Dong, Ruilin Li, Yilei Wu, Thuan Tinh Nguyen, Joanna Chong, Fang Ji, Nathanael Tong,
Christopher Chen, Juan Helen Zhou

 BrainBits: How Much of the Brain are Generative Reconstruction Methods Using?
« David Mayo, Christopher Wang, Asa Harbin, Abdulrahman Alabdulkareem, Albert Shaw, Boris Katz,
Andrei Barbu

« Long-range Brain Graph Transformer
« Shuo Yu, Shan Jin, Ming Li, Tabinda Sarwar, Feng Xia

- Brain Treebank: Large-scale intracranial recordings from naturalistic language stimuli
« Christopher Wang, Adam Yaari, Aaditya Singh, Vighnesh Subramaniam, Dana Rosenfarb, Jan DeWitt,
Pranav Misra, Joseph Madsen, Scellig Stone, Gabriel Kreiman, Boris Katz, Ignacio Cases, Andrei Barbu

« Neuro-Vision to Language: Enhancing Brain Recording-based Visual Reconstruction and
Language Interaction

« Guobin Shen, Dongcheng Zhao, Xiang He, Linghao Feng, Yiting Dong, Jihang Wang, Qian Zhang, Yi
Zeng
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Papers — NeurlPS 2024

« fMRI predictors based on language models of increasing complexity recover brain left
lateralization
« Laurent Bonnasse-Gahot, Christophe Pallier

- Divergences between Language Models and Human Brains
* Yuchen Zhou, Emmy Liu, Graham Neubig, Michael Tarr, Leila Wehbe

« NeuroClips: Towards High-fidelity and Smooth fMRI-to-Video Reconstruction
« Zixuan Gong, Guangyin Bao, Qi Zhang, Zhongwei Wan, Duogian Miao, Shoujin Wang, Lei Zhu,
Changwei Wang, Rongtao Xu, Liang Hu, Ke Liu, Yu Zhang

« Visual Decoding and Reconstruction via EEG Embeddings with Guided Diffusion
« Dongyang Li, Chen Wei, Shiying Li, Jiachen Zou, Quanying Liu

« Neural decoding from stereotactic EEG: accounting for electrode variability across subjects
« Georgios Mentzelopoulos, Evangelos Chatzipantazis, Ashwin Ramayya, Michelle Hedlund, Vivek Buch,
Kostas Daniilidis, Konrad Kording, Flavia Vitale

- EEG2Video: Towards Decoding Dynamic Visual Perception from EEG Signals
« Xuan-Hao Liu, Yan-Kai Liu, Yansen Wang, Kan Ren, Hanwen Shi, Zilong Wang, Dongsheng Li, Bao-
Llalq/gd/EQ},S Wei_Long Zheng Piji Li, BrainEncDec 76



Papers — NeurlPS 2024

« EEGPT: Pretrained Transformer for Universal and Reliable Representation of EEG Signals
« Guangyu Wang, Wenchao Liu, Yuhong He, Cong Xu, Lin Ma, Haifeng Li
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Papers — ICLR 2025

- Toward Generalizing Visual Brain Decoding to Unseen Subjects
« Xiangtao Kong, Kexin Huang, Ping Li, Lei Zhang

« One Hundred Neural Networks and Brains Watching Videos: Lessons from Alignment
« Christina Sartzetaki, Gemma Roig, Cees G Snoek, Iris Groen

« Brain Mapping with Dense Features: Grounding Cortical Semantic Selectivity in Natural Images
With Vision Transformers

« Andrew Luo, Jacob Yeung, Rushikesh Zawar, Shaurya Dewan, Maggie Henderson, Leila Wehbe,
Michael Tarr

« Multi-session, multi-task neural decoding from distinct cell-types and brain regions
« Mehdi Azabou, Krystal Pan, Vinam Arora, lan Knight, Eva Dyer, Blake A Richards

« Improving Semantic Understanding in Speech Language Models via Brain-tuning
« Omer Moussa, Dietrich Klakow, Mariya Toneva

« TopoLM: brain-like spatio-functional organization in a topographic language model
« Neil Rathi, Johannes Mehrer, Badr AlKhamissi, Taha Binhuraib, Nicholas Blauch, Martin Schrimpf
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Papers — ICLR 2025

« Multi-modal brain encoding models for multi-modal stimuli
« SUBBA REDDY OOTA, Khushbu Pahwa, mounika marreddy, Maneeesh Singh, Manish Gupta, Raju
Surampudi Bapi

« Animate Your Thoughts: Reconstruction of Dynamic Natural Vision from Human Brain Activity
* Yizhuo Lu, Changde Du, Chong Wang, Xuanliu Zhu, Liuyun Jiang, Xujin Li, Huiguang He

« MindSimulator: Exploring Brain Concept Localization via Synthetic fMRI
« Qi Zhang, Qi Zhang, Zixuan Gong, Zhuojia Wu, Duogian Miao

« Correlating instruction-tuning (in multimodal models) with vision-language processing (in the
brain)

« SUBBA REDDY OQOTA, Akshett Rai Jindal, Ishani Mondal, Khushbu Pahwa, Satya Sai Srinath Namburi
GNVV, Manish Shrivastava, Maneeesh Singh, Raju Surampudi Bapi, Manish Gupta

« CBraMod: A Criss-Cross Brain Foundation Model for EEG Decoding
« Jiquan Wang, Sha Zhao, Zhiling Luo, Yangxuan Zhou, Haiteng Jiang, Shijian Li, Tao Li, Gang Pan
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Papers — ICLR 2025

NeuroLM: A Universal Multi-task Foundation Model for Bridging the Gap between Language
and EEG Signals
Wei-Bang Jiang, Yansen Wang, Bao-liang Lu, Dongsheng Li

SIM: Surface-based fMRI Analysis for Inter-Subject Multimodal Decoding from Movie-Watching
Experiments

Simon Dahan, Gabriel Bénédict, Logan Williams, Yourong Guo, Daniel Rueckert, Robert Leech, Emma
Robinson

Synthesizing Realistic fMRI: A Physiological Dynamics-Driven Hierarchical Diffusion Model for
Efficient fMRI Acquisition
Yufan Hu, Jiang, Wuyang Li, Yixuan Yuan

MindSimulator: Exploring Brain Concept Localization via Synthetic fMRI
Qi Zhang, Qi Zhang, Zixuan Gong, Zhuojia Wu, Duogian Miao
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Papers — ICLR 2024

- Decoding Natural Images from EEG for Object Recognition
« Yonghao Song, Bingchuan Liu, Xiang Li, Nanlin Shi, Yijun Wang, Xiaorong Gao

- BrainSCUBA: Fine-Grained Natural Language Captions of Visual Cortex Selectivity
« Andrew Luo, Maggie Henderson, Michael Tarr, Leila Wehbe

« Brain decoding: toward real-time reconstruction of visual perception
« Yohann Benchetrit, Hubert Banville, Jean-Remi King

« BrainLM: A foundation model for brain activity recordings
« Josue Ortega Caro, Antonio Henrique de Oliveira Fonseca, Syed Rizvi, Matteo Rosati, Christopher
Averill, James Cross, Prateek Mittal, Emanuele Zappala, Rahul Dhodapkar, Chadi Abdallah, David Dijk

« Neuroformer: Multimodal and Multitask Generative Pretraining for Brain Data
« Antonis Antoniades, Yiyi Yu, Joe Canzano, William Wang, Spencer Smith

« Large Brain Model for Learning Generic Representations with Tremendous EEG Data in BCI
« Wei-Bang Jiang, Liming Zhao, Bao-liang Lu
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Papers — CVPR 2025

« Neuro-3D: Towards 3D Visual Decoding from EEG Signals
« Zhangiang Guo - Jiamin Wu - Yonghao Song - Jiahui Bu - Weijian Mai - Qihao Zheng - Wanli
Ouyang - Chunfeng Song

« NSD-Imagery: A Benchmark Dataset for Extending fMRI Vision Decoding Methods to Mental

Imagery Highlight
« Reese Kneeland - Paul Scotti - Ghislain St-Yves - Jesse L Breedlove - Kendrick N Kay - Thomas Naselaris
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Papers — CVPR 2024

« Psychometry: An Omnifit Model for Image Reconstruction from Human Brain Activity
« Ruijie Quan - Wenguan Wang - Zhibo Tian - Fan Ma - Yi Yang

« Brain Decodes Deep Nets
« Huzheng Yang - James Gee - Jianbo Shi

« MindBridge: A Cross-Subject Brain Decoding Framework
« Shizun Wang - Songhua Liu - Zhenxiong Tan - Xinchao Wang
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Papers — ICCV 2025

« Optimal Transport for Brain-Image Alignment: Unveiling Redundancy and Synergy in Neural
Information Processing
« Yang Xiao - Wang Lu - Jie Ji - Ruimeng Ye - Li - Xiaolong Ma - Bo Hui

« Bridging the Gap between Brain and Machine in Interpreting Visual Semantics: Towards Self-
adaptive Brain-to-Text Decoding
Jiaxuan Chen - Yu Qi - Yueming Wang - Gang Pan

- Beyond Brain Decoding: Visual-Semantic Reconstructions to Mental Creation Extension Based
on fMRI
Haodong Jing - Dongyao Jiang - Yongqgiang Ma - Haibo Hua - Bo Huang - Nanning Zheng

« Neurons: Emulating the Human Visual Cortex Improves Fidelity and Interpretability in fMRI-to-
Video Reconstruction
Haonan Wang - Qixiang ZHANG - Lehan Wang - Xuanqi Huang - Xiaomeng Li

- EEGMiirror: Leveraging EEG data in the wild via Montage-Agnostic Self-Supervision for EEG to
Video Decoding
Xuan-Hao Liu - Bao-liang Lu - Wei-Long Zheng

- Elucidating Vision Feature Spaces for Multimodal-Neural Decoding ”
Weihao Xia - Cengiz Oztireli



Papers — AAAI 2025

« See Through Their Minds: Learning Transferable Brain Decoding Models from Cross-Subject fMRI. Yulong Liu; Yongqgiang Ma;
Guibo Zhu; Haodong Jing; Nanning Zheng;

« NeuralFlix: A Simple While Effective Framework for Semantic Decoding of Videos from Non-invasive Brain Recordings. Jingyuan

Sun; Mingxiao Li; Marie-Francine Moens;

« BrainGuard: Privacy-Preserving Multisubject Image Reconstructions from Brain Activities. Zhibo Tian; Ruijie Quan; Fan Ma; Kun
Zhan; Yi Yang;

« MindPainter: Efficient Brain-Conditioned Painting of Natural Images via Cross-Modal Self-Supervised Learning. Muzhou Yu;
Shuyun Lin; Hongwei Yan; Kaisheng Ma;

«  Wills Aligner: Multi-Subject Collaborative Brain Visual Decoding.
« Guangyin Bao; Qi Zhang; Zixuan Gong; Jialei Zhou; Wei Fan; Kun Yi; Usman Naseem; Liang Hu; Duogian Miao;

« MEPNet: Medical Entity-Balanced Prompting Network for Brain CT Report Generation. Xiaodan Zhang; Yanzhao Shi; Junzhong Ji;
Chengxin Zheng; Liangqgiong Qu;

« DeCorrNet: Enhancing Neural Decoding Performance by Eliminating Correlations in Noise. Xianhan Tan; Yu Qi; Yueming Wang;

« CognitionCapturer: Decoding Visual Stimuli from Human EEG Signal with Multimodal Information. Kaifan Zhang; Lihuo He; Xin
Jiang; Wen Lu; Di Wang; Xinbo Gao;
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Papers — AAAI 2024

Bridging the Semantic Latent Space between Brain and Machine: Similarity Is All You Need. Jiaxuan Chen; Yu Qj;
Yueming Wang; Gang Pan;

DMMR: Cross-Subject Domain Generalization for EEG-Based Emotion Recognition via Denoising Mixed Mutual
Reconstruction. Yiming Wang; Bin Zhang; Yujiao Tang;

Beyond Mimicking Under-Represented Emotions: Deep Data Augmentation with Emotional Subspace Constraints
for EEG-Based Emotion Recognition. Zhi Zhang; Shenghua Zhong; Yan Liy;
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Papers — 1JCAI 2025

- Category-aware EEG Image Generation Based on Wavelet Transform and Contrast
Semantic Loss
« Enshang Zhang, Zhicheng Zhang, Takashi Hanakawa
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Papers — Nature *

« Natural language processing models reveal neural dynamics of human conversation

« Jing Cai, Alex E. Hadjinicolaou, Angelique C. Paulk, Daniel J. Soper, Tian Xia, Alexander F. Wang, John D. Rolston, R. Mark Richardson, Ziv M. Williams &
Sydney S. Cash

«  Nature Communications 2025

« Advancing neural decoding with deep learning
« Ma Feilong & Yuqi Zhang
«  Computational neuroscience 2025

« Large language models without grounding recover non-sensorimotor but not sensorimotor features of human concepts
« Qihui Xu, Yingying Peng, Samuel A. Nastase, Martin Chodorow, Minghua Wu & Ping Li
«  Nature Human Behaviour (2025)

« Contextual feature extraction hierarchies converge in large language models and the brain
« Gavin Mischler, Yinghao Aaron Li, Stephan Bickel, Ashesh D. Mehta & Nima Mesgarani
« Nature Machine Intelligence volume 6, pages1467-1477 (2024)

«  Human-like object concept representations emerge naturally in multimodal large language models

« Changde Du, Kaicheng Fu, Bincheng Wen, Yi Sun, Jie Peng, Wei Wei, Ying Gao, Shengpei Wang, Chuncheng Zhang, Jinpeng Li, Shuang Qiu, Le
Chang & Huiguang He

« Nature Machine Intelligence volume 7, pages860-875 (2025)

«  Brain-model neural similarity reveals abstractive summarization performance
«  Zhejun Zhang, Shaoting Guo, Wenqing Zhou, Yingying Luo, Yingqi Zhu, Lin Zhang & Lei Li
«  Scientific Reports volume 15, Article number: 370 (2025) A7KF]

«  Generative language reconstruction from brain recordings
« Ziyi Ye, Qingyao Aij, Yiqun Liu, Maarten de Rijke, Min Zhang, Christina Lioma & Tuukka Ruotsalo
«  Communications Biology volume 8, Article number: 346 (2025)
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Papers — Nature *

« Reading comprehension in L1 and L2 readers: neurocomputational mechanisms revealed through large language models
« Chanyuan Gu, Samuel A. Nastase, Zaid Zada & Ping Li
« npj Science of Learning volume 10, Article number: 46 (2025)

« Natural language instructions induce compositional generalization in networks of neurons
« Reidar Riveland & Alexandre Pouget
«  Nature Neuroscience volume 27, pages988-999 (2024

«  Driving and suppressing the human language network using large language models
«  Greta Tuckute, Aalok Sathe, Shashank Srikant, Maya Taliaferro, Mingye Wang, Martin Schrimpf, Kendrick Kay & Evelina Fedorenko
« Nature Human Behaviour volume 8, pages544-561 (2024)

« Shared functional specialization in transformer-based language models and the human brain

« Sreejan Kumar, Theodore R. Sumers, Takateru Yamakoshi, Ariel Goldstein, Uri Hasson, Kenneth A. Norman, Thomas L. Griffiths, Robert D. Hawkins &
Samuel A. Nastase

«  Nature Communications volume 15, Article number: 5523 (2024)

«  Better models of human high-level visual cortex emerge from natural language supervision with a large and diverse dataset
« Aria Y. Wang, Kendrick Kay, Thomas Naselaris, Michael J. Tarr & Leila Wehbe
* Nature Machine Intelligence volume 5, pages1415-1426 (2023)

« Alignment of brain embeddings and artificial contextual embeddings in natural language points to common geometric patterns

« Ariel Goldstein, Avigail Grinstein-Dabush, Mariano Schain, Haocheng Wang, Zhuogiao Hong, Bobbi Aubrey, Samuel A. Nastase, Zaid Zada, Eric Ham,
Amir Feder, Harshvardhan Gazula, Eliav Buchnik, Werner Doyle, Sasha Devore, Patricia Dugan, Roi Reichart, Daniel Friedman, Michael Brenner, Avinatan
Hassidim, Orrin Devinsky, Adeen Flinker & Uri Hasson

« Nature Communications volume 15, Article number: 2768 (2024)

« Alarge-scale examination of inductive biases shaping high-level visual representation in brains and machines
«  Colin Conwell, Jacob S. Prince, Kendrick N. Kay, George A. Alvarez & Talia Konkle
« Nature Communications volume 15, Article number: 9383 (2024)
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Papers — Nature *

« Large language models surpass human experts in predicting neuroscience results

« Xiaoliang Luo, Akilles Rechardt, Guangzhi Sun, Kevin K. Nejad, Felipe Yanez, Bati Yilmaz, Kangjoo Lee, Alexandra O. Cohen, Valentina Borghesani, Anton
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