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Electroencephalography , EEG functional magnetic resonance imaging, fMRI
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Neural/Brain Encoding and Decoding

ANeural 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

ANeural 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/neurafdecoding

o s
% IPFtha R - ) D mifnsR
%o a_ L 8
% cTtha_R . -

% cTtha_ L

% Otha_R

% Otha L

% PPtha_R

% PPtha_L

% rTtha_R

% rTtha_L

% Stha_R

% Stha_L

% mPMtha_R

% mPMtha_L

% mPFtha_R

% mPFtha_L
.000% diPu_R

% diPu_L

% dCa_R

% dCa_L

8/14/2025 Piji Li, BrainEncDec 4



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
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Brain Encoding

A fMRI data from 9 healthy,
presented 6 times each.

college -age

participants who viewed 60 different word -picture pairs

A 12 semantic categories (animals, body parts, buildings, building parts, clothing, furniture, insects,
kitchen items, tools, vegetables, vehicles, and other man-made items) .
30 “push”
25 manually‘
selected Partncnpant
verbs
Mean over
participants
v
0.45 05 0.55 0.6 0.65 0.7 075 08 Pars opercularis Postcentral gyrus

Mean accuracy over nine participants

8/14/2025

Superior temporal
sulcus (posterior)
(z=12 mm)

(z=24 mm) (z=30 mm)
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Brain Encoding

Predictive model

O
© predicted
e —— activt fo Evaluation?

o ! “celery”

O

O

I[ I
Intermediate Mapping learned M -
- emantic features from fMRI a | ﬂ
Representation extracted from  training data PPINg
trillion-word text M et h (@) d ?
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

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

A Kai-min K. Chang, Vladimir L. Cherkassky, Tom M. Mitchell,
and Marcel Adam Just. 2009. Quantitative modeling of the

neural representation of adjective -noun of ACL 2023.
account for fMRI activation .ACL 2009.
0o {PU} ® {CM) {PD} m {CC} m {Cl} ®m {INC} ™ {DEP} ™ {BERT}
u
Adjective Noun Category 2 80 ;‘ZP;LSPHERE
Soft Bear Animal S 70
Large Cat Animal g gg
Strong Dog Animal & 10
Plastic Bottle Utensil 530
Small Cup Utensil 9 20 I
Sharp Knife Utensil o1
S0
gard gm‘ :{rﬂgﬂﬂz:ﬂ AG ATL PTL IFG MFG IFGOrb PCC dMPFC
ut orm egetable v 80
Firm Tomato Vegetable % 70 A ATSPIERE
Paper* Aarplane Vehicle > 60
Model* Train Vehicle g 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 o Neural activity encodes distinguishable patterns Findings x Constituency parsers (especially CC) better predicted activity in the

temporal lobe (ATL, PTL) and middle frontal gyrus (MFG). Dependency parsers
(DEP) were more effective in the angular gyrus (AG) and posterior cingulate
cortex (PCC)

Piji Li, BrainEncDec 9

for adjective -noun phrases . Multiplicative models  best
capture how adjectives modify nouns, while noun -centric
processing dominates for attribute -specifying phrases .
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Stimulus/ Features -Meaning Composition

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

text reveals aspects of meaning composition . Nature Computational Science (2022)
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Findings x Supra-word embeddings significantly predicted activity in the anterior temporal lobe (ATL)
and posterior temporal lobe (PTL).

8/14/2025 Piji Li, BrainEncDec 10



Stimulus/ Features -Meaning Composition

A 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.
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Stimulus/ Features -Meaning Composition

A 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

of all layers of LLaMA2-chat Significant clusters for control variables
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Findings x (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

Predicting the next sentence (not word) in large
. Science

Shaoyun Yu, Chanyuan Gu, Kexin Huang, and Ping Li.
language models: What model -brain alignment tells us about discourse comprehension

Advances, 2024.

Reading-brain2019
Topic: Mars, 31 sentences

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

A Language model Human Coherent sentences “Similar to Earth's day, Mars’s day is about 24 hours long.”
Noxtsontence High-level Discourse Pereira2018 “An apartment is a self-contained home that is part of a building.”
—>
B> prediction | 96 topics, 384 sentences in total (Aparment) B -

7 ) anguage A whale is a very large mammal that lives in the ocean.

(A AN~ (NSP) mechanisms Unconnected sentences across topics (Whale)

MG N Feed to Read

OO0 del t

AN T A Word models sentences

N (- ) prediction

: Models Humans
Pretraining tasks Mumlayereq
comprehension
Model RDM
' ) Brain RDM
B Masked language modeling C Next sentence prediction D Discourse comprehension model e\ L R
MLM Correlation i
(MLM) (NSP) ! fr— ¥
Input: . . | model ¥ %
Input: 5 t o [MASK] st Coarse semantic processing J < L >
) e man went to store. +1 Compare =\
NASA sent devices called He bought a gallon [MASK] milk. — v 2k
spacecrafts to [MASK] Mars. ( Text integration N 4
) ——> g
Prediction:
e [ Coherent ] MLM_NSP Correlation
Word prediction ’ model

Output: Input: L [ Incoherent ] .

NASA sent devices called
spacecrafts to explore Mars.

8/14/2025

C The man went to [MASK] store.
Penguins are flightless [MASK].

Prediction: | Not next

(19)

[ Other components J

(22, 23)

[ Hypothesis J

Better model-brain
alignment

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. , _ ,
A Coherent sentences (Reading-brain2019 dataset) B Unconnected sentences (Pereira2018 dataset)
IFG +— 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 i T RH MFGorb ¥ —

0.05 0 0.05 0.1 RH PrecG F ——

-0.01

o

0.01 0.02 0.03 0.04 0.05
Mean correlation
Mean correlation

Findingsx Model B MM NSP H MM

For coherent sentences (Reading -brain 2019), 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 (Pereira 2018), MLM_NSP aligned better with the domain -general multiple demand (MD) network,
including left middle frontal gyrus (MFG) and right superior frontal gyrus (SFG)
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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.
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1 Q : - 9 '§- : Prira et
' = v < Bz v FFN
: 3 - £ o _
. z - = 5 = (L e
: & § | = 2 a2t .% - Q [-¥
: g = g‘ © 8 é 8 g ® 2V2 Accuracy / Pearson SA
| v 3 | & L= 3 2z 7 Saen SEEEEREE
| — = | S = R SE |3 Dol . |-
Image ‘ f 2 5—6 st g g 8= <t Z g. ’ . FFN
Transformer | {5 8= & -} x 0 {-'3 )
_/ | 1% o & :: &Lz E T fes
Z— S §. —_— a = g |
; |3 = > < s s> = l >
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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 (0)
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 A VisualBERT Outperforms other
0.2 X X . H
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 . . .
. A Brain region correlations
x Regions with dual language
> 07 and vision functions (e.g.,
e LPTG, LMTG, LIFG, STS) show
S 2 higher correlation with multi -
Q modal models, indicating these
~ . .
0.6 models better mimic human

brain behavior

PPA LOC EarlyVis OPA R5C

8/14/2025 Piji Li, BrainEncDec 16



Stimulus/ Features - Multimodal

A 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.
A SUBBA REDDY OOTA, Khushbu Pahwa, mounika marreddy , Maneeesh Singh, Manish Gupta, Raju Surampudi Bapi.
Multi -modal brain encoding models for multi -modal stimuli . ICLR 2025.
Pretrained versus Randomly Initialized Models = Preirained ® |B Concat ™ IB Video * IB Audio ® TVLT Joint® TVLT Video = TVLT Audio * Unimodal VM = Unimodal SM
0.8 mm Randomly Initialized EO‘S EO-S EO-S_*'.'\ Y EO-S
%0_5 i N go.s i A A Eo.s e E,O‘S *A #N
0.6 ﬁw i ﬁw L ﬁm ] L ﬁw
s 50_3 ! : go.s ’1\ go.s Eo.s ; [
- £02 g02 g02 £02
% 0.2 201 o Z01 Z01 01 —
g__; 0le brain nguage:
‘ 0 06 0§ 0§
0.0 & & & &
* * Eos Eos Eos Eos
20.3 §0.3 ;20.3 goa
—04 & x < %oz %02 %02 %02
P\’%{{’ © %\}Q o ,\\;\‘5‘0 N > (,0‘@‘\2} Q\'ﬁv CD%@Q‘ Q.“i‘{‘\ogh ‘9‘(06% 00'4\(}00 \’-ai\q\pqa g | g | g | g |
o¥ ¢,\>Q'°\>Q' » (,\)QLO((\ Q{p“‘oo‘ ot Visusl: EVC o Visual:PPA o Visual:MT o Auditory: AC
o . _ _ > 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-
tr.alnlng, 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.

A Language model

A Language model -
N perplexity
E [ representations /' ‘“ ﬁ " for each word
- —_ 1. Train linear regression
Language stimuli ;“ ﬁ 000 9 Language stimuli
f( . . . ) i ‘ “If you were 1o joumney 10 the Narth of England, Cgmpute

the
Pereira?018 N Futrell2018 o come 1o 8 . .
reira o Itisin every beskecpers . you e come o sty e Human Pearson correlation
Blank2014 ‘Ifyww::mpulo!:yioimmeofhm
::'" o Human \ e
had never believed he would meeta | < readi times
Wehbe2014  pohe hated more than Dudiey, but..* \ MRI actvity 2. Test on held-out data _ > forelancgh \'Wd
) ' . f( LA ) 5 ‘ M Behavioral alignment A LM properties
- . ; B Average Behavioral alignment (r C w v E o s 2n0s9
M Brain alignment A LM properties 9 9 © | e _ o S o
v :"-015 @fiangpalaig fan-alpacargnsd =l E-azi W ipasraaion s
B Average Brain alignment (Pearson corr.) C Meural dataset D eas — metruction e ® T5 /,l gm . ——— gm
p— g = No instruction /" 0.30 ®# Llama ‘o ® g e S PRA——
024{ @ TS5 =+ +6.9% £ V4 [ ] a Tos] O * Fousformn oenesinge
= E A ‘ g g
# Llama % Pereira2018 E.“m E 0.25 6 - 2o Lanide Zan o
0.22 . m / . .~ & ® s a
= - e 2 n % Lo m. "
5 & / 8 P o as grnesmat
g o0 i Woas| 2 x’ FA M Overall score AW
o — s £ 0.20 vy :
= ) s 00 0S5 l.l'l_ 1.5 ) 20 25 30 c x .
018 —— | Blank2014 e # Instructiontuning epachs 2 e D hs. (pm0.31) E ns. (pm0.21)
2 : . o o o R et . ysscan
£ 0.16 _"_+ o —— 3 0.15- e ® _ ‘ N AN
= _‘/ 50.33 2 5 glurontiahglesd i .
Zo1s Zox S e f e P RN
" = r ._____'..- H 0.10 §| B :("“.‘H_.. §a 1 .
| < i :6.2% \ehbe2014 3 e R LN h— e 3 \\.uqmm
012{ |average improvement: 6. 8wl . Fos|  emumoun S N
4 g S/ — Instruction 5 H ot 3 h
0.10 o T T T T T T T i : i . - y ! <“-19 -I. ~~ MNeinstruction 0.05 1 ’\’ T T T b T T é“-“‘ - §°” % Uama
0.10 0.12 0.14 0.16 0.18 0.20 0.22 0.24 o 2 4 6 8 10 12 o 05 1o 1s Z0 25 30 0.05 0.0 0.5 020 025 030 W, |esnsams ™ u s 33
P 0, i i i ruction-tuning e 5 “@o 85 00 W5 110 us &8 44 42 a8
M vanilla LM B % change in brain alignment # Instruction-tuning epoch EVanilla LM A 10910(# model parametars) A NP loss
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  -Remi 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
ig' Language algorithm GREAT, YOUR PAPER GREAT, YOUR PAPER | GREAT, YOUR PAPER | Ni:D’EDESt
| 2 .
B —pevees——
- I 1 7N P
TR G G : Short-range forecast
1 ] B
GREAT YOUR PAPER IS ( ) haf
Input Predic y A S 7@ LY -
Human brain v > mo X o
l Y _E m Long-rangei}mrecast
iy 2 Y i—- Wl © T P& - ‘J’ -
=3 Y < G— X Y t—- m X & _l
e IS NOT REJECTED 2(X) = corr(Y, W-X) Fh= R(x @ X)) - R(X) Distance in

Predict

Piji Li, BrainEncDec
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Goal/Tasks - Predictive Coding

Charlotte Caucheteux, Alexandre Gramfort & Jean  -Remi King. Evidence of a predictive coding hierarchy

in the human brain Ilstenlng to speech . Nature Human Behaviour (2023).
a b
Brain score Forecast score e Forecast distance
* Syntactic
Extract 9.006 FKgyn)
activations
A Verb Adverb Adjective Average &
o
Verb Adverb Adjective ; . i Xri § Semantic
) ) - FXom)
o
True future cee 2 \
(&) -
Xyn* N Syntactic
Generate futures forecasts T T T
F® = g(x & X®) - %) d*=argmax gpo.ag F with similar syntax -10 0 10 20
:I _— _ Distance to the current word (d)
0.005 0.230 0.004 0.020 75 9.5
c ; d i
b d 0006 f g Semantic forecasts Syntactls forecasts
. . IFG 10 P <0.001
0.029 5 RS X) & 5 00 pars % P=0.026
3 g o opercularis) @ P-
o 2 o \ c °
o I 2 8 g
8 #(X) [ 8 - 5
c / aQ -
® et} 3 0+ 8 a 8
[ 5 g 2 e o
@ | \ e 2 g 8 ’/
.020 + e !!
o T T T T T T T —O'DOS r T T T T ' 000 =R TSt
-10 o 10 20 -10 0 10 20 -5 0 5 10 15 20 w00 _§ "a:? Ob g
Distance to the current word (d) Distance to the current word (d) Distance to the current word (d) o2 ‘g :g's o=9
gL
= s.’ << g
5 O
g o
o - §
@

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.
8/14/2025 Piji Li, BrainEncDec 21



AData augmentation score

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/ L4 VL0

riji L1, Dialiclrivwey

Goal/Tasks - Working Memory

A Association simulation

R(Xg@)soc) — COTT(Q © f(Xé;)soc)t?i)'

The data augmentationof one specific
voxel is defined as the difference
between brain score with association
andoriginalbrainscore

FXO)y=Rr(xD

aAs50C

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

AEmpower LLMs to Associate

Input

Instruction

Story Paragraph

Output

['ll give you some sentences, you

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

quirky, cautious,

- 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.
You know. I think I may have .
. .. . . 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
hamburger.

potential favorite

Given a batch of sentences,
you need to execute the process
of interlinking them based on
their relevance with words.

He zipped up Barney’s bag and handed

it back to him. Quinn followed Barney
down the concourse in total confusion.
Magic trick? Why wouldn’t he tell

her what was in the box? She tried to
interrogate him as they sat in front of

the gate, but he refused to spill the beans.

mystery, secrecy,
curiosity, travel,
frustration,
companionship

8/14/2025
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MDY = (R(X

(1)
sft

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

ABrain Score Comparison and Brain Score Ceiling Test

= | oft Hemisphere ~ wmm Average Score  wwsw Right Hemisphere
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Goal/Tasks - Working Memory

AData Augmentation Score

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



Goal/Tasks - Working Memory

AData 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

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

ABrain encoding can serve as a special evaluation or
verification ~ method or metrics to analyze grammar,
semantics, model structure, model mechanism, and so
on.

AHow does the brain carry out processes of
representation, compression, memorization, storage,
retrieval, and reasoning ?

Alt 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

AGeneration from Signals
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Brain Decoding

Representation
Learning

Decoder

Pretraining

Generate
Models

Groundi
Brain Signal N 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.2503.15978 (2025).
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Brain2Text

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