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Data Mining Lab

1. Overview @ BRSRSIR =
&7/

* Background: ideal Editing

x, = "Whao is the prime
minister of the UK?"
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1. Overview @ BRBEIRE
=/

Data Mining Lab
* Definition
(%, y) -> (%, ')
X: Input, y: output
OR
(s,r,0)->(s, r, 0)

s: subject, r: relation, o: object
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1. Overview

* Background: ideal Editing
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1. Overview @ BRBEIB =

Data Mining Lab

* Background: ideal Editing

Xjoe = “Who does
Messi play for?"

|rF’rlt-:--tr.'iin:-:-i:i model ( pﬂ; [ Edited model (g ) b
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1. Overview @ BRBEIR =

Data Mining Lab

* Metrics

» Efficacy Success (ES) : ZREERXIN 4N (18 FEEALH, #H

AriE AR > R B ARE AR )

 Paraphrase Success (PS): B X FRILAITIDEL (38 X1B N

)E’ﬂ MR TR R BARERNFEL, (BAKINELLE

* Neighborhood Success (NS): JFEE XARFFXK I8 (38 X7
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1. Overview

* Where is the knowledge?

Vaswani, Ashish, et al. "Attention is
all you need." Advances in neural
information processing systems 30
(2017).
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1. Overview @ BESEERE

\ ’ Data Mining Lab

* Where is the knowledge?

Transformer layers

________________ -
Factual Knowledge

f |
I

Il Q27 P36 Qo248 ||
L (Azerbaijan) | capital (Baku) | |
e -

Knowledge }
Attribution /!
Feed-Forward L L.FFNS—R
: Network &
2 W T-f V2 .. it will take a - O
: A 57 | FENS—2

— WAE ( MHASH )

Transformer layers

: : : : : Self-Attention Layer
Stay with you for a ! ‘]I‘

Geva, Mor, et al. "Transformer Feed-Forward Layers Are Key-Value Memories."
Proceedings of the 2021 Conference on Empirical Methods in Natural Language
Processing. 2021.
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2. Taxonomy

* By training data

* By fine-tuning
* Fine-tuning with constraints
* Memory-Augmented (retrieval)

* Hyper network

* By param editing

e Locate and edit

* Mass-editing

June 6, 2023
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2. Taxonomy @ BRREIEE

Data Mining Lab

* By training data
e Data influence score

Training data z=(x, y) A testsample z, =

I(z, zquery) =

— VoL (unerys 9) ! Hé_lng (z, é)

Xquery' yquery)

-
II(Z., zquery) = VgL (zquerw gt) VgL (za et)

Akyurek, Ekin, et al. "Towards Tracing Factual Knowledge in Language Models
Back to the Training Data."
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2. Taxonomy @ BURRE IR E

Data Mining Lab

* By fine-tuning

* Fix the previous knowledge

. . . 1 . 1 / /
. . - < .
minimizegcg — E L(:J:,H) subject to — E (L(a: ,9) — L(:z: ,90)) <0
€D :E'ED]:\S

1
minimizegce — E L(z;0) subject to ||6 — 6| <4,
m

Zhu, Chen, et al. "Modifying memories in transformer models." arXiv preprint
arXiv:2012.00363 (2020).
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Data Mining Lab

2. Taxonomy @ BRREIEE

test

* By fine-tuning

SERAC
* Routing to different models Edit Memory
x! = Who is the UK PM? -
. W o v! = Boris Johnson
° SCOpe ClaSS|f|er éj\;ktﬁ%, FH-%: 12 = Is HCN poisonous?
ZEHIEEIFIR, RIGIEIFES | [l ressiecoman
RN T RENE 2 [RIHREY :

e Base model: Fi54E A frozen
, 1@%3@?7}3%{, BESHE
RK

 Counterfactual model: N T #=#Y

. FSREEFHT AR,

No Rayleigh scattering

Mitchell, Eric, et al. "Memory-based model editing at scale.” International
Conference on Machine Learning. PMLR, 2022.
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Data Mining Lab

2. Taxonomy @ BRREIEE

* By fine-tuning

* Learn to generate params

Heg\ul\ar pradlctlnns
| 9
min z L(0;%,a) Ckr(0,0, f;0%) =
¢ sepe Z Z (el )1 PY|X(C|$ 0)
st. C0.0.£;0) <m, = P x (. 0)

De Cao, Nicola, Wilker Aziz, and Ivan Titov. "Editing Factual Knowledge in
Language Models." Proceedings of the 2021 Conference on Empirical Methods

in Natural Language Processing. 2021.
June 7, 2023 14



Data Mining Lab

2. Taxonomy @ BRREIEE
&/

* By param editing

* Locate by casual trace
e Edit one by one

e Edit with batch update

Meng, Kevin, et al. "Locating and editing factual associations in GPT." Advances
in Neural Information Processing Systems 35 (2022): 17359-17372.

Meng, Kevin, et al. "Mass-editing memory in a transformer." arXiv preprint
arXiv:2210.07229 (2022).
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Data Mining Lab

3. Locating and Editing @ SR N T

* By param editing

* Locate by casual trace

(b) on
il e e - ] e e - , slate
Clean The Hlo! FOlG O (] L<>JO Corrupted The -0 B0 BO O attention
Space Q) Q Q=5+ O ot Space*EO) O Q=g+ o
run  Space SR ST B R subject  Space Q@RI ST Qe ST MLP
Need Q7 Qo A7 @ ATC un  Need*EFOQ——=O=m—=70—; ] corrupted
HeO -1\.“\[ FeO o O o e -0 D embeddi
e P 'ﬂv-—.- ol PO BT BT exanple flow
F T R R R o Pk QR T B (d) Note when
clean states .
in SO BT B B in S OO BT B output s fixed
downtoun QR ST RRILGT g RFerO D seatte downtown G Qe SrQr T O oo

(correct output)

p =pD 4o Y

T

a,gl) = attn® (hgl_l),hg_l), e ,hgl_l))

m®D =wl o (W}f}»y (ag“ + hg"”)) |

proj

Meng, Kevin, et al. "Locating and editing factual associations in GPT." Advances
in Neural Information Processing Systems 35 (2022): 17359-17372.
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3. Locating and Editing

* By param editing

* Locate by casual trace

e Step 1: Clean run

e Step 2: Corrupted run

(total effect) TE = P[o] — P.[0]

(indirect effect) IE = P.

e Step 3: Corrupted-with-restoration run

@
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Meng, Kevin, et al. "Locating and editing factual associations in GPT." Advances
in Neural Information Processing Systems 35 (2022): 17359-17372.
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3. Locating and Editing @ MEREREE

Data Mining Lab

* By param editing
e Editin MLP minimize ||W K — V|| such that Wk, = v,

I(u) Fix k_ by subject lokcnl

Space : : : : (c) — (d) = (e)
S 4 oo *(l)\'—j*—‘o g
sse *?_T—‘O —r : —
e O ‘y(a‘“*] Th!”'a-ll} W{*)f‘ a % 'U*
_ ' g H o i 5 i
rd ln(] %" new DQDW%k’—+O L ]RH ]RD 5
downtown _}-+( *}-—~ (K, v) oeo+( f'}‘—" (=2 Paris
- Iho association I i — —— (f) edit by
at layer [ (b) Optimize v, by object +A(C-1E)T

Figure 4: Editing one MLP layer with ROME. To associate Space Needle with Paris, the ROME method
inserts a new (k., v.) association into layer [*, where (a) key k.. is determined by the subject and (b) value v.
is optimized to select the object. (c) Hidden state at layer [* and token i is expanded to produce (d) the key
vector k., for the subject, (e) To write new value vector v, into the layer, (f) we calculate a rank-one update

A(C™ k)T to cause szmjk = v, while minimizing interference with other memories stored in the layer.

Meng, Kevin, et al. "Locating and editing factual associations in GPT." Advances
in Neural Information Processing Systems 35 (2022): 17359-17372.
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3. Locating and Editing @ BRI =

Data Mining Lab

* By param editing
* Edit in MLP

e Determine k*

1 r* R
k, = ~ Z k(x; 4+ s), where k(z) = o (WJS ) ’Y(a[m] i [:1:] i 1)))
j=1
e Determine v*

1 .
¥ 3 —logPg, a0, [0 | zj +p] + Dk (Pa(mgn::z) [z | p']||Pg [z | p’]) :

j:]_\‘ ~ - S A

-~
(a) Maximizing o* probability (b) Controlling essence drift

e Update W

proj

Meng, Kevin, et al. "Locating and editing factual associations in GPT." Advances
in Neural Information Processing Systems 35 (2022): 17359-17372.
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4. Mass-Editing @ BRI =

Data Mining Lab

* By param editing

e Rethinking working flow

range of cnhca] MLP layers R
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Meng, Kevin, et al. "Mass-editing memory in a transformer." arXiv preprint

arXiv:2210.07229 (2022).
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Data Mining Lab

4. Mass-Editing @ BRI =
&7/

* By param editing

* Single-layer update

2

TL
Wy £ argmin Z | Wk, —m;
W=
g WoKoKI = MyK[.

Meng, Kevin, et al. "Mass-editing memory in a transformer." arXiv preprint
arXiv:2210.07229 (2022).
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Data Mining Lab

4. Mass-Editing @ BB T2 5 =
&7/

* By param editing

* Single-layer update

T
X 2
Wy £ argmin Z Wk —m;
W =
—> WoKoKI = MyK[.
R T A 9 n+u . 9
Wi|= argmin Z HWkt- — m.,;” + Z ”Wki —m;
W i=1 i=n+1
) W, (Ko Kil|[Ko Ki' =[My M|[K, Ki|"

which expands to:  (Wy + A)(KoK] + K1 K{) = MoK + M K{

A = RK{(Co+ K:1K])™"." Co=X\-Ey [kkT]
subtracting Eqn. 8 from Eqn. 12: A(KoK, + K1 K]) = M K| — WK, K] .

Meng, Kevin, et al. "Mass-editing memory in a transformer." arXiv preprint
arXiv:2210.07229 (2022).
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4. Mass-Editing @ BRI =

Data Mining Lab

All states examined at § = Last subject token for p; (i) For each memory i, find z; by optimizing Egn. 16 Z;

hL-Z

= s e N
@ G

.@L—Z —2 _11 .( wl:‘t-l

/ _ n% / ! pL t \ )

(" (ii-a) Add AL2 s.t. vi: mi—2 += : (ii-¢) Add AL s.t. vi: mb 4=

2

(ii-b) Add A¥" 1 st vi: mbt 4= Z'T -

(ii) For each layer [, apply updates using \—/ \\_./‘

L N .
Egn. 14 to move all hy towards z; Re-collect layer L — 1 activations Re-collect layer L activations

. .12
setting W! , .= W! , + Al forall | € R optimizes ?31}1}1 Zi — hf‘|
1 L
k= 2 Zk(xj + s;), where k(z) = ( Y (ht_l(:c)))
J=1
hL
ml = wgkl o 'r where r is the residual given by L—H—I

Meng, Kevin, et al. "Mass-editing memory in a transformer." arXiv preprint
arXiv:2210.07229 (2022).
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4. Mass-Editing B\ rrrmses

\\

} Data Mining Lab

Algorithm 1: The MEMIT Algorithm

1
2

e o~ T L

10

11

12

13

14

15
16

Data: Requested edits £ = {(s;,r;,0;)}, generator G, layers to edit S, covariances Ct
Result: Modified generator containing edits from &
for s;,r;,0; € £ do // Compute target z; vectors for every memory i

hook G (hE +=§,)
. u . P
optimize argming, % D=1 —logPonr s, [0i | ©j @ p(si,ri)] (Eqn. 16)
z; + hf +6;
end
forl € R do // Perform update: spread changes over layers
I I-1 ! 1 . .
h; < h;"" +a; +m; (Eqn. 2) // Run layer [ with updated weights
for s;,ri,0; € £ do
P
k: — k: ZL% Ej:l k(.EJ + Si) {Eqn. 19)
r,‘f — H_‘— (Egn. 20) // Distribute residual over remaining layers
end
K' e (K KE
R' [ré‘, ey TE]
Al « RIKT (O + KUK )~ (Eqn. 14)
Wt W+ Al // Update layer [ MLP weights in model
end

Meng, Kevin, et al. "Mass-editing memory in a transformer." arXiv preprint
arXiv:2210.07229 (2022).
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5 Discussion @

* Summary

e Factual associations in GPT

Knowledge in Feed-Forward

Locate with perturbation

Edit with data / fine-tune (including editing)

Avoid forgetting

* Algorithm complexity

June 13, 2023
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Data Mining Lab
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5 Discussion

 Definition of knowledge

* Form of knowledge

 Location of knowledge

* Knowledge transfer and injection
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