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Introduction
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Overview

. CH2 Dt 22 MIEIolIA FIS3t:

« Subject Model: neuron?| behaviorE oliAl st A& BEIOICH SHE =F0j|A= GPT-2 XL=
A2t D, MLP layer2| neuron@t si{AstCE

« Explainer Model: &43tEl neurond| Cis sAS St human-friendlyst AR S A MHSH= 2
AO|Ct SHE =20 A= GPT-4E ALZSISUCH.

« Simulator Model: Explainer ModelO| A5t AH S HIEFO = {5t neuronO| 43t £|{Q
=X| 0| £5H= Z2O|CL s =R20ME GPT-48 ArEsHRICt.

[ JTELE o

- LSt g2 Eale|g2 = TdlE:

=
« Step 1: Explainer Model2 neuron®| behaviordi| CHst A5 Al

« Step 2: Mot AP S HIELO Z Simulator ModelO| O{H$t neuronO| &35t &l =X| of|F¢et
« Step 3: O FE At HH 2-d2tE neurons Bl WS HeE M
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Step 1

« Explainer Modeldj| l&8E|= TSI EQ| <neuron number>2} {<token>, <activation value>}

pairs= =0 siY neuron?| behaviors A4YHstE ¢t

<demonstrations>

<user prompt>

<SyStem prompt> Neuron 1
Activations: Neuron 4
<start> Activations:
the O <start>
We're studying neurons in a neural network. sense 0 Esc O
Each neuron looks for some particular thing of 0 aping 9
in a short document. Look at the parts of together 3 the 4
the document the neuron activates for and ness 7 studio O
summarize in a single sentence what the in O ; O
neuron is looking for. Don't list examples our 0 Pic O
of words. The activation format is town 1 col O
token<tab>activation. Activation values is O io0
range from 0 to 10. A neuron finding what strong O is 0
it's looking for is represented by a non- 0 warmly O
zero activation value. The higher the <end> affecting 3
activation value, the stronger the match. <start> <end>
[prompt truncated ..]
<end> Explanation of neuron 4 behavior: the

Explanation of neuron 1 behavior: the
main thing this neuron does is find
phrases related to community

main thing this neuron does is find
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Step 2

« Simulator Model0|?| Explainer ModelO| 44-dot 2F 1t <neuron number>2}l <token>=2 301
<token>=2| activation &3l 2}Z K|ZSIE=2 &

<demonstrations>

<user prompt>
<system prompt>
Neuron 1
Explanation of neuron 1 behavior: the
main thing this neuron does is find

Neuron 4
! ; ; h 1 i . .
We're studying neurons in a neu¥al netwo¥k. i iései.re ?ted B (el ek Explanation of neuron 4 behavior: the
Each neuron looks for some particular thing <Ctlvi>lODS- main thing this neuron does is find
i i r , . ,
in a short document. Look at an explanat}on tiea . present tense verbs ending in 'ing'
of what the neuron does, and try to predict Acitilvatilons
how it will fire on each token. The sense unknown CErATEES
act%vat%on format is token<ta?>activa§ion, I if Oth ; I Star unknown
activations go from 0 to 10, "unknown oge 7er ting unknown
i i i i n
1nd}cat§s an gnknown activation. Most .esz From  Unknewh
activations will be 0. in a ORR G
our O .
position unknown
town 1
) 0 of unknown
1
S strength unknown
strong O
<end>
0
<end>
<start>

[prompt truncated ..]
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Step 3

« Simulator ModelO| A3t activation valueE AlX| activation value2} H| W St0{ H0OfL} & of Z3H
X MAZ TS
— o T (W

« Simulator Model -4t activation value?| scale (1~10)0| &H| activation value®| scaledt= Cf
202 Ct&5| 0| £ AtO|0]f| pearson AF2tH|201 pE ALEEH

i Ol&= i WY activation value

=

_ D> i (@i — %) (i — 7)
\/Ell (z; — Z)? \/2?:1 (i — 7)?

. 0| =3} activation valuel| W+

=|

i 2| iR activation value

<

: A X activation value2| H++

<
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Validation of scoring

. p 7t S AlO|2| MICHZ &I B|DZ 8HX| 23t A 9o O 2 A0 Chst 2= np&0| T QS
« Simulator?} 6| &3t activation value2t 4| activation value2t G0OtLt H|=SHX| AF2H0f| 3| 1~52]

scale2 WIISIH StE 2 8F pot =S A2 AL2H0| WOFSE MAL = L9} pIf HAZ ALRSH)| Xots
L= 222 WE.

1.0 A

0.8

0.6

Agreement rate

0.2

0.0 -

0.0-0.1 0.1-0.2 0.2-0.3 0.3-0.4 0.4-0.5 0.5-0.6 >0.6
Score difference
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Algorithm parameters and details

« Explainer Model2| prompt0l {3t {<token>, <activation value>} pair?t E0{7t= 210| Z2X|
EF 1S}
[ .
« Ct21} 2F2 ablation studyS £9H "top-activating” Bl AE (activation valueE E% quantileZ2 &
SMS EEH §I4 quantile O| 42| tokenO| X|4 BILIPt Q= HIAE)E ARSI |2 °.:.*.
1. $HEIAEO]| 16-647H2] tokenO| S0{Q/= A0 pIt 21& =QfCt.
1070 O| Q| HIAE S ALEdt= 22 pdt2 3 H2HAZ[X] Z23UC

Al_ Pik=
IAELLEH quant|le Brt &2 EZZ 0T HAEES ALZ3E W "top-activation” HIAEES ALE3HE WHECHY

2.
3. HHE &A= =
SO ZA0IUCE

Ja

<quantile threshold2| H2}0f [}Z pof H|>

0.16 1 —— 0.999+ quantile-based explanation
scoring quantile-based explanation

0.14 1

0.12 4

0.10 1

Explanation score

0.08

0.06 1

0.04 1

0 0.5 0.9 0.99 0.999
Quantile threshold for scoring (left = random)
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Algorithm parameters and details

 Simulator Model2| prompt0l H{st {<token>, <activation value>} pair?t E0{2t= Z10| £2
Xl el

| B = |

random-only A E B == A pl| EEEXZF X[LEX|A| 2 A| LIELH
top-and-random 570 2| top-activatingdt 5702  X|L}X| Al broader & ¥ 0| CHSH A B == p 7t LIEFSECE.
HE BIAEES R E AL S

o« S HFHO| JFX| D 9l XICHN MHS0|| & HHH DS ALRSH) |2 S



257> Natural Language Processing
& Artificial Intelligence

Methodology

Revising Explanations

* Explainer ModelO| Y& neurondi| CHal MY X|ILEX[A| broaddstAl -d5te 322 US

« Of|A]) 13 layerQ] 1352'='._WH neuronO| &4stz|= EZ 2 "all" O|0{A AH2 “the term ‘all' along with related
contextual phrases.” 2f11 M-HSIX[QFEHIAES BMEL| 25& “all" E2 0| "not” EZ0]| QUCt. X[ neuronO| “all”
O CHOHM T 2t 3t E|HM p= = LIEFGX|BF B2 £2 4 E'=|O|F'_|-]_ Sh A oiCt

Fﬁ

: & A neuronO| 24 3}El token <"all” EZ T “not” EZO| LIEFLC = A2 & = QUL

Sorry, none of our films matched your search criteria.

your destination. In the unfortunate event of shipping damage, complimentary wedges cannot be replaced
Please check to make sure you checked off the correct filters at the top of the page.

for free if they are damaged in transit.
Try a more general search.

Not all films from our collection are available online. NOTE ABOUT COMPLIMENTARY WEDGES
It's possible that the film you're searching for is All AA grade handles are shipped with complimentary wedges - if wedges are required.
is updated every hour. Not all handles

Please note: not all stray animal pictures are posted on this site. Please visit the shelter regularly to look for your

lost pet. pop and minimalist designs and finely inked giclée prints; then The Neue Modern Press is the shop for you!l
also can create custom orders, please contact me through Etsy conversations if you would like me to create
We will do our best to help with your search, but as the owner, you are ultimately responsible to look for and some works not currently featured in my shop. Please note that not all custom orders can/

identify your pet.



257> Natural Language Processing
& Artificial Intelligence

Methodology
Revising Explanations

- 0|23t 2X|E s ZA5t2| Qs Explainer ModelO| Xt2|2F Mgt MYHS HESIEZ &
A M SF B2 X} = . . g
<EK7| Mo <M OHO|| CHSH S 2R 107 Al A > <5 220 CHBt activation value 2f ZHE >

<explainer model> <subject model> Token Activation

) p All films from our collection are available online. V ~ All 0
the term ‘all’ along with . { | All stray animal pictures are posted on this site. - S
: = Flims 0

related contextual phrases
Please note that all custom orders can /

Online 0

<2t H Bt activation valueE Sl prompt 7+ >

<=dEl 49> <explainer model>
Revise following explanation based on evidence. Activating

. : . | words highlighted with **.
the term ‘not all' along with ) . <Explanation>
related contextual phrases Not **All** films from our collection are available online.

<Evidence>
All films from our collection are available online.
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Revising Explanations

« 2Lt HEF ’é%keexplanation)% =S W7t HESHX| AUt (baseline) 2Lt p2F 2ZEAEE.
« X7 4% + HEE Y (Revision)E FX baseline 2Lt p2t S22t

« X7 A + 00| Ofl activation valu 2 JtXl 2 2%tof| CHSH Agi(Revision_rand)E =Xt
reV|S|om_t H|=%t pE E&

0.18 A

0.17 A

0.16

0.15 A

Explanation score

0.14 +

0.13 A

0.12 A
T T T T
baseline reexplanation revision_rand revision
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Model scaling trends

« Subject Model, Explainer Model, Simulator ModelZ scaling {2 W p2| HiztE =tQlst

* Subject Model2 GPT-3 series 2E 2 A5 =0, CHNI M S 2 EXN parametertX|= S2}SHE}
Ol 2= Aot Yat2 E

« Explainer Model, Simulator Model @5 D2I0| ZOLEIAZ pt SOt
<Simulator Model trend>

<Subject Model trend> <Explainer Model trend>

0.24 -
0.22 0.16
0.125 A
[ o 0.14 w
o ‘o- o
% 0.20 1 S S 0.100
c 2 012 c
2 =] k)
2 3 B 0,075 -
5 € 0.10 c O
= 0.18 s 2
b3 Q. 3
w i ]
W o0.08 0.050 T
0.16 - 0.06
0.025 T
0.04 human
0.14 —+— model 0.000 -
105 108 107 108 10° GPT-2 GPT-2.5 GPT-3 GPT-3.5 GPT-4 GPT-2 GPT-2.5 GPT-3 GPT-3.5 GPT-4

Subject model parameters

Explainer model

Simulator model
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Qualitative results -<=,=2 z40=
</ dot 48> <NeuronO| &2 &5l= EE> A A neuron0] 2Hd 3} E token

ambaud told The Canadian Press on Thursday.

The people of the Dene Tha' First Nation tribal community live, farm fish, trap and hunt near where the spill
happened. According to a statement released by Dene Tha' Chief James Ahnassay, the spill "seriously affected
harvesting areas

references to Canadian people, places,

and éen tltles Public Inc. announced the launch of Sit Kicker. Sit Kicker is a nationwide initiative focused on encouraging
Canadians who work in office settings to reduce sedentary behaviour and "kick the sit" out of their work habits
by shifting workplace culture towards more stand-friendly physical work environments. The Public Health
Agency of Canada is providing

Brexit, lawyers warn Tobacco and alcohol companies could win more easily in court cases such as the recent
battle over plain cigarette packaging if the EU Charter of Fundamental Rights is abandoned, a barrister and
public health professor have said. Getty 25/43 'Thousands dying' due to fear over non-existent statin side-
effects

numbers that are part of a fraction or series.

soup." -NME compendium Getty Images 5/14 On Beyonce's lack of talent "[If the word "artistry"] applies to
Beyoncé then f**k me." —National Post, Feb. 2015 Getty Images 6/14 On the losers who go to rehab "Didn't go
into rehab like
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and turned the ball over on offense. It seemed that every shot the Hornets were taking besides a three by
Kemba Walker was coming up short, and the Nuggets took an early 12-5 lead with some nice play inside and
some threes by the rookies, Emmanuel Mudiay and Nikola Jokic. Turnovers

numbers and numeric expressions related
to sports scores and statistics.

Pop will actually strike, but luckily this is the first game of the night so we should know at least an hour before
tip-off. Here you can find value plays in Danny Green, Patty Mills, and maybe David West. Can always run Kawhi
or Aldridge if and hope they can reach their value before being

<l|endoftext|>Recent results:
Sep 2, 2017 6:30:00 PM - Sep 22, 2017 6:30:03 AM
Sep 22, 2017 6:30:03 AM - Mar 22, 2018 10:01:50 PM

Mar 22, 2018 10:01:50 PM - May

words or phrases related to actions or events.

Clean the Bedding

Wash all the clothes like the hammock or sleep sack etc... on Weekly Basis.
Basis. Only use hot water for washing the clothes.

Don't use detergents because the smell of the detergent may irritate ferret.

4
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Discussion
Limitation

« & NeuronO| ofL{e| £EF0]| Ofl 012 PHe] E4 = LIEIE +~ 2= 49 7t

 Tte=5| neuron?| activationO| Ot neuron?| causal effectE LtEILH=
circuit2 £3HA neuron?| behaviorg& AMst= 10| 4 H=tst 2 QIC},

@
-
>
o

 Explainer Model2} Simulator Model AtO[0]| M steganography $1&i0
2+ UL

« Of|A]) Subject Model2 feature X& 2tX| 11 =0l Explainer ModelO| &2 Yt &

U Simulator Model2 X featured| sliEsot= E20| =2 activation value g{2 20{&

2 lct,

o
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Conclusion

2F2F0| neuron=0| 0ot behaviorE E0|=X| human-friendly
= TES MAE

SYH o2 Lotshs W2 MAISH0], HYo| Aot Yot

(a»)
ocood ud=
SHX| mpotet & QU =



SPARSE AUTOENCODERS FIND HIGHLY INTER-
PRETABLE FEATURES IN LANGUAGE MODELS

Hoagy Cunningham*'?, Aidan Ewart™'®, Logan Riggs*', Robert Huben, Lee Sharkey*
'EleutherAl, 2MATS, ®Bristol Al Safety Centre, * Apollo Research
{hoagycunningham, aidanprattewart, logansmith5}@gmail.com
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Introduction

* Neuron& feature=< polysemanticot| LIEHHLC.

» Polysemantic?
o Sk JHQ| feature -> ot PHC| neurond| CHESFX| 2k
. 012 J49Q| feature -> 3t IH2| neuronof| st

« O|&| polysemanticet featureS2 M 49| neuronOE oo features2
X0 | @)
a

LIEPH o~ QUCH= T™O| AKXt mterpretab eofX| QUCH= T



,,.'.‘b Natural Language Processing
& Artificial Intelligence

Introduction

« t2tA polysemanticst featureZ interpretable St Bt=2| 2/6h
monosemanticet featureS 2 AL AsH0F &
0| £ 'dictionary learning’ 0|2t &t
S| =2 0{| M= sparse autoencoderE dictionary2 &3%t= 8t
H= Mg
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Overview

Language Model Sparse Autoencoder Feature Dictionary
),[ Embedding J ( mEmEO | Activation Vector ‘ Feature = Meaning Interpretability
. Score
J / \ Encoder matrix |
(0 <k = N Transformer Blocks ) (tied with decoder) k-0001 | Words ending in “ing" | 0.56
Text Corpus ( J Add bias + apply RelLU

(OmOOmO0000 ) sparse feature coefficients k=x000x

u Decoder matrix (dictionary) k-2048 Chemistry terms 0.38

( EEEED ) Reconstructed activation vector |

C Unembedding )

c. Interpret the resulting
b. Learn a feature dictionary using an autoencoder dictionary features
that learns to represent activation vectors as a
sparse linear combination of feature vectors.

a. Sample activations
from a language model

1. TransformerQ| residual stream, MLP layer, attention2| headS0i|A| internal activationsS =gt

a

2. Internal activation2 sparse autoencoderE Edll 4 &2 features= LIEHA

o

3. 2 features0| 7tX|= Q|0|E GPT-4= S 3SH0] interpretability score ¢t=
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Sparse autoencoder

Sparse Autoencoder

[ mEmmO | Activation Vector
/j Encoder matrix
(tied with decoder)
( ) Add bias + apply RelLU
(_OmOOmO0000 ) sparse feature coefficients

N\ / Decoder matrix (dictionary)
( BEEED ) Reconstructed activation vector

1. Decoder matrixe= encoder matrix2| transpose
2. (x2} 2| reconstruction L2 loss) + (c2| L1 loss

C ——

~

X

L) =

257>, Natural Language Processing
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ReLU(Mx + b)

x € R%inX Ntoken

. M € R%hid*Xdin
M~* c

b € R%in
dpia—1
< c € R&hidX Ntoken
E cif;
1=0

Ix - %|l3 + alle]l,

Reconstruction loss  Sparsity loss

S A8
) & &l M3 stad
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Simple example
C M X

Ntoken
A
aiq \
f11
az1
f21
431 = >‘ dnia X >- din
f31
ayq
fa1
as1
/ 1 1 / 1 al,l
f11 f11| faz| fa3| 14l fas
az1
f21 21| 22| 23| f24] f'2s
—_— as
f31 f'31| f32| 33| f'3a| f3s X
/ 1 1 / 1 a4,1
fa1 fa1| faz| faz| faal [as
as1

*3H2| neuronO| $7H2| featuredi| CHE St JH- St
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Simple example

f1,1
f2,1
f3,1
f4,1

fii=ai1fliatazs fli2tazs flastags fliatas,flis+ag:f1e

> &, St 9| featureE 57l feature=2| linear combination@ & LIEHH &

MT

| f’1,1| f'1,2| f’1,3| f’1,4| f'1,5|

f21

f22

f23

f24

25

f31

f32

f33

f34

f3s

flaa

flaz

fla3

flaa

flas

olC

H
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Interpreting dictionary features

1. Ztdictionary featuresS0| i IS LIEIL=X| THQtSHD| {5 interpretability scoreE A|&hgh

2. LCt29| dictionary featureE ==dt= g =1 H|wat
1.  Default basis
2. Random directions
3.  PCA (Princple Component Analysis)
4. ICA (Independent Component Analysis)

3. baseline 22 2 Pythia-70M2} Pythia-410ME At23t

4. AutoencoderE 2 & 9| residual streamd|Bt M5k
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Interpreting dictionary features

Sparse Coding
ICA

Identity RelU
PCA

o ¥ Random

L K

Mean automated interpretability score
N——
<
<
+
24

: 7 ‘ :
1 ) % 4 A
X A“ )
1.  Layer?t %8 £2 spase encoding YH0| Ct2 HHECt O interpretabled! featureE2 =%

2. D2iLtlayer?} EO0IE4E Ch2 SHASDI0| X0} Z0IS

[=1g
o
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> O[0]| CHol SHE =22 “Layer?t &O0tE L2 O &3t featureS0| LIEILA| E| =0, LLME 0|2{3t featurel| patterns OHRtstX]|

23t7| 20| interpretability?t 2FASHCH 2t AZst QUCt,
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ldentifying causally-important dictionary

1. BDG0| Ct2 Yt S0} H| wSH0] A0t} feature2 & LIEHH=X| 2H01812| |8l 10I(Indirect Object
Identlﬁcatlon) task% olist
> |0l task: A2 S2IXQI 27H2| clause?t X EHEl 20| Q12 Ul HHM clauseo]| indirect object (10)2} subject(S)?t =0{X| 2 SEHmY

= R orz| ~ QN
clause0|| LIEILI= HIZES |02 5]<|-$|: task
- ex) “Then, Alice and Bob went to the store. Alice gave a snack to __"
mm) Bob
S 10 S

2. CI3ut &2 =MZ taskE 2HY
2%9| |02 Ct2 CHo{ 2 B13T (e.g, Bob > Vanessa)
Feature Subset FOil £3t feature fS0i| CHst 1A E 22 feature coefficient ¢;; & 7t

1

2.

3. Feature Subset FOi| &%t feature fS01i| CHt original %8| feature coefﬁaentE c;j €+
4, CI3oE2 A0z BE EZ9]input2 HES

=2 0o

2ol it EZO| jHM coefficient

/ cC c o1 (=)
X; =Xi+ § ,(Cz — € 5)f; Y
Z JEF ’ R c;j: original = 2| iAW EZ 2| jHM coefficient

5 x,2 DEO| ENAFHS U LIQ = |ogity 2 &', 2 REO| EDIA|Z S U LIR = |ogit z AtO|2| KL divergenceE H|4tst

Dk r(z|y)
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ldentifying causally-important dictionary

N o) A = Ol
<11HM layerO| A| HASH= featurel| 70| [L}Z KLD2
2.04 - Dict, a=1e-03, R=4

\ ¢~ Dict, a=3e-04, R=4
|\ Dict, a=1e-04, R=4
1\ Dict, a=0, R=4
- ‘l \ Nonneg. PCA
o 1548'%
o 1\ PCA
o 1
5 %N
g n X
9 1.0 48N
c W, .
& [N
P \ \
g NS
B \\ \\‘ B ~N
- -,
< 05 SSIN \"“{_-: _______
\\\:::§\,, O R bl TELTE R AE
o :-:';‘?",\-.—
) b UL
0.0
0 l('JO 260 360 4(')0 5(30

Number of Patched Features

02| M R=hy;4/hin, a= sparsity loss& ZHGt= A4
2. Patchote featurel| =2t Bt24ZE KL divergence 20| ZAagt

3. Sparse encoding(a < 0)0] PCA ELC} 22 2~X|2| KL divergenceE E45}2]| £
7t ME. Z, sparse encoding 20| PCAELCH HAXOI featureSS O & EHIC

H2}>
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Case Studies

<556 H M dictionary featureO| LIEfL}= activation2| histogram>

700 4

600 -

s

i

500
B [AN Other Tokens|

400 4

300

200 4

‘“'Jil il
il T .

0.00 061 123 184 246 307 369 430 492 553 615
Activations

—
_|\.I

12+9| dictionary featureS0| monosemantictt featureS LIEHL=X| 0I5t | Qs E20]| CHt activation?
istogram =15t

2= 556 dictionary featuredi| LIEIL}= activation?| histogramS B a6t Q=0 (T, 2 Y layer

= L2t QIX| LY}, apostrophe?t 21AF BHO| LIEIL-ICH= 22 S i dictionary feature?t apostropheZS Lt
Che 248 & 5 Tk

=y
|

LI'I_I-O 40
i

—_—

=]
=
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Case Studies

<Output logit difference>

140 -
120 ‘ I

100

was

o

online

[A1 Qther Tokens]

30 4

&0

404

20 4

0.
000 086 172 258 344 430 516 602 688 7.74 8.60
Logit Difference

1. apostrophed 8iEst= dictionary feature?t £|1Z output logit0l 7|X|= FeFS THetst?| 2|3 apostrophed|
sHSr8t= dictionary feature= residual streamOil A &4 T LIEFFE £ output logit 22l SZet X3}
X| oror2 f output logit 242l Xt0|2 H|Akst

2. apostrophe Ct20{| 2HAF Xt LEQ = s2t logit differenced| A 2HAF OFO| LIEHHCH= 212 2 & Q)

0|0
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Conclusion

1. Sparse autoencoder% =X} ponsemanth?_f EXZ JHX|= feature== monosemanticst
featureS2& disentangle st= HHHE H|A| gt

2. JBiLpctent e SIS KD U

1. Dictionary featureS2 st&5t7| QUsh AL2SH Loss?t 022 £ 248HX| QQtCt 0|22 dictionary feature?t
DE0| B3ist= B E featureE ESSHX| 23ICH= o|O|0|C},

2.  AutoencoderE residual streamOi|2t M 23tQICH MLPO| = M Z8HLHX|0F 2 MSHE|X| Q2 featureS0| BF
OtA & @ PO} SARICHD BICE,

3. 10l taskE EdliA Bt dictionary featureE £A161% 2| 20| neuron=01| CHeE 2HEASH SHA10| O| RO X|X| QF
ofC}
Al
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