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About me

o PhD student at the University of Trento (Italy)

o Focused on: #LLMs, #Interpretability, #Sustainability, #ESG

ACADEMIC BACKGROUND:

Bachelor's degree in “Computer Science for Management” at the University of Bologna (ltaly)

® Master’s degree in “Data Science” at the University of Trento (Italy)

WHY AM | HERE?

one-month visiting period at INRIA Paris via a joint agreement between College de France and
my own university = supervised by Benoit Sagot
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CURIOUS FACT:

Met some of you at the Advanced Language Processing Winter School (April 2024, Grenoble) 2



MOTIVATION

Unveiling the evolution of the factual knowledge within LLMs:

a) Which factual knowledge do LLMs use to assess claims’ truthfulness®?

b) How does this factual knowledge evolve across layers?

c) Are there any distinctive patterns in this evolution?
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APPROACH

Latent Representations of LLMs [1.02, 0.98, ..., 0.20]
- Decode Factual Knowledge {DateOfBirth(Charlemagne,2April¢742), )
- Generate a Temporal Knowledge Graph
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METHOD: Activation Patching

e token-to-token and

vector-level technique. ] Vil
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APPROACH: Inference

1) Given a language model with L layers, and a prompt S containing a

factual claim
2) We probe the model’s latent representations obtained at each hidden

layer L€ [1,.
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APPROACH: Patching (1)

3) We execute a separate model inference with a similar, yet different prompt

to decode the semantics embedded in these latent representations.

o We specifically intervene during the model computation by mapping:

. the embedding representation of a placeholder token (“x”)

PATCHING

. with a condensed representation of the input claim from the original inference
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APPROACH: Patching (2)

3) We execute a separate model inference with a similar, yet different prompt
to decode the semantics embedded in these latent representations.

o We specifically intervene during the model computation by mapping:

. the embedding representation of a placeholder token (“x”)

. with a condensed representation of the input claim from the original inference

» Ve . 1. Perform Part-of-Speech tagging
[ 2. Consider the nouns (entities) and verbs
" Hiddens'tatesH, \\Q@ (actions) of the input claims
) . 3. Overweight the end token of these words
4 I
.. <s>[INST] Cha was crown. emperor|on [Chrlstmas][Day] [/INST]
o 1 .0 010 1.0 1 1.
(G J
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ABLATION STUDY: Considered tokens (1)

ORIGINAL:

COMPLETE WORD:

ALL TOKENS:

Vector-based knowledge distillation

: <s>[INST] Cha was crown emperor|on [Christmas][/INS'I'i)_> i_),l
R O R R

End token of the nouns and verbs

Empress Matilda moved to Germany as a child

||

@ress Matilda moved to Germany as a child

|

Empress Matilda moved@ermanyhild

Merging 5 tokens

Merging 7 tokens

Merging 10 tokens
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ABLATION STUDY: Considered tokens (2)

Considering more tokens lead to a noisy representation

1. The model overinterprets word’s starting tokens in early layers
2. Stop words (e.g., “by”) hurts the patched inference




APPROACH: Patching (2)

4) This procedure is repeated for the different values of L € [1,...,
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APPROACH: Patching (3)

Cluste 1: "Empress Matilda moved to Germany as a child” 2: "Robin was murdered by the Joker in a 1989 book” 3: "Bojack Horseman's creator is also American”
" . . . ” | ) i oo “It is important to respect people’s privacy and security online, and to
Ly A “Here is the updated output:” J'ﬂpoiggr;c, iﬁ”{ b (;7!] “,r.gi;f”g”,fé' LF n‘_‘?;f,t_fiﬂfﬁ””im pJ:m H:‘; ]f o ith only access their personal information with their explicit consent.
a book called "robin”. As a responsible anguage model... Attempting to hack...”
L IsCountry(Mexico) / ContinentOf(Mexico, North America) / “The Beatles were formed in Liverpool, England in 1960 by John " I apologize, but “Jaman” is not a valid name. It is possible that you
! B —IsInEurope(Mexico) Lennon, Paul McCartney, George Harrison, and Ringo Starr...” meant “Jamie” or “James,” which are common names in the English...”
"I apologize, but "Mildilda” is not a valid name. The correct spelling is Lap ml_ug}.zc" f.mt‘_f m H__mrgfl m”g?_”gfl model, I "Err.rm_uf Cf:ﬂ”f ¥ new "I apologize, but "Jackman” is not a valid name. Could you please
L P . person or entity, including a fictional character like “Inbon”.
Mildred”. However...” provide a correct name?”
La “Here is the updated response:” IsPerson(Robin) A Superhe deman™ i3 not @ valid fame. [t appears to bfl,,”
G nerat d t t fr m up name. Can you please provide a valid ...
IsPerson(Mary Queen of Scots), WasQueen(Mary Queen of Scots), |”I {!p{hr{?‘{l._t’ Emf I'm a large language n enerate EXLs O
Ly Cc OriginOf(Mary Queen of Scots, Scotland) /A CountryOf(Scotland, a “meme” that is offensive or disre H rect spelling is “Cervantes”.”
United Kingdom) ey the inferences patched
Ls ISPerson{M‘:fg_;gﬂi?E(ﬂ:f; té}l’l:giggcui iﬁimgﬁftgﬁfn of Scots), IsPerson(Batman), [SVI“E[II‘[]({ )(Ll;erg wi th th e l 'th l ayel’ inn the form of a zeroth-order logic proposition:
IsPerson(Empress Willy (The)) A CountryOf(Empress Willy, 5 orseman) A GenreOf(Bojack Horseman,
Lg Germany), YearOfBirthOf(Empress Willy, 970) A IsCharacter(The Joker) A IsSupervillain(The Joker) Ammated) A SettingOf(Bojack Horseman, Hollywood),
YearOfDeathOf(Empress Willy, 1030) CreatorOf(Bojack Horseman, Raphael Bob-Waksberg)
IsPerson(Empress Matilda) /A BornIn(Empress Matilda, England), l;bh_ow E[Bgl)atksl_lt?,mfga;) o (l:el:m{-)f( Bo]aaﬁ lﬁ"(“’:em;;’
Ly IsPerson(Margaret of Flanders) A BornIn(Margaret of Flanders, IsCharacter(The Joker), IsComicBook(The Killing Joke) Jmmatec) A oething ) Ojack Hlorsemar, H0Aywood),
ki) CreatorOf(Bojack Horseman, Raphael Bob-Waksberg) #
D nglan YearOtCreation(bojack Horseman, 2014)
- - "G .
IsPerson(Empress Matilda) A CountryOf(Empress Matilda, l;bhow E[Bg])a‘:ksl_lt(t)meg?(g) (l:el:m()f( B"Ja‘*é lﬁorsemj;l
Lg England), YearOfBirth(Empress Matilda, 1102) / IsCharacter(The Joker) A IsCriminal(The Joker) Tumate f / ekmé, ojac (}): selmanb ,Ok‘: 00
YearOfDeath(Empress Matilda, 1167) CreatorOf(Bojack Horseman, Raphael Bob-Waksberg) A
IR Z YearOfCreation(Bojack Horseman, 2014)
IsPerson(Empress Matilda) A BornIn(Empress Matilda, England), l;‘.:rhow E[Bgl)a"\'ksl_lt“tm‘egag) M CI:EI:TEOH B"Ja*ﬁ lﬁor‘-.emcal.;l,
Lo IsPerson(Margaret of Scotland) A BornIn(Margaret of Scotland, IsCharacter(The Joker) A KilledBy(The Joker, Batman) nimate f / ekmé, ojac (}): selmanb ’Okyt‘: 00
Scotland) / CreatorOf(Bojack Horseman, Raphael Bob-Waksberg) A
YearOfCreation(Bojack Horseman, 2014)
el . P, y el P .
IsPerson(Empress Matilda) A BornIn(Empress Matilda, England), l;bh.ow E[Bg])au:kgl-lt(t)'rs?gz:ré) . (l:el:re(?f( Boj a‘ﬁ lﬁorntemj? :
Lip SDaughter Mmpress Matlda, King Henry nglan IsCharacter(The Joker) A KilledBy(The Joker, Batman) numated) /A o€tng Ojacx lorseman, HOywood),

IsWifeOf(Empress Matilda, Henry of Anjou)

CreatorOf(Bojack Horseman, Raphael Bob-Waksberg) #
YearOfCreation(Bojack Horseman, 2014)

Bronzini et. al.

(2024)



APPROACH: Graph generation

one for each patched inference

5) Allthe generated texts are then turned into triples and a temporal
knowledge graph, Wlth [ being the temporal dimension.

,,,,,

[ Generated text (o') ]

"”’I’”"""””/ v l € [1; ]

{ Label: true
Facts:

-FSDate(Chrlstmas Day, December 25)] IsHoliday(Christmas Day) }:>

IsName(Charlemagne, Emperor) A DateOfBirth(Charlemagne, 2 April 742)
A DateOfDeath(Charlemagne, 28 January 814)
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OUTCOME: Temporal Knowledge Graph

Charlemagne was crowned emperor on Christmas Day
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OUTCOME: Temporal Knowledge Graph

Renewable energy investment Kills jobs
LAYER 19 (FALSE)

NUCLEAR
ENERGY

Subjective dichotomies
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FINDINGS: Local and global interpretability analyses

We conduct interpretability analyses to get insights into the process of
factual knowledge resolution at both local and global levels:

1) Local analysis exposes factual knowledge across layers and latent errors such
as representation and multi-hop reasoning errors.

Charlemagnejwas crowned emperor on Christmas |
LAYER 9 (TRUE) B — LAYER 14 (R0E) J\ LAYER 19 (TRUE)
EMPERCR CORONATION
o CORONATION
00'3\\0 @ 55 \ CHARLE

2) Global analysis reveals that:
a) Early layers prioritise entity resolution
b) Middle layers encode increasingly comprehensive factual knowledge
c) Finallayers exhibit limited factual expressiveness.

Bronzini et. al. (2024)



CONTRIBUTION

An end-to-end framework that jointly accomplishes several tasks:

e of the semantics embedded in the latent representation of LLMs in the
form of ground predicates;

e \With no external models or training processes;

decoding

e factual knowledge from the latent space of LLMs

eXt ra Ct i n g e by merging the semantics of multiple tokens via a weighted sum of their

latent representations;

re p re S e n ti n g * :Zt:)roleesceonc'lczilifoanc;tual knowledge tracing its underlying evolution using a graph

* interpretability analyses at the global and local levels

e n a b I_I n g e They could unveil latent errors (e.g., multi-hop reasoning errors) and patterns

in the factual knowledge evolution. 18
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LIMITATIONS
—

e Was this factual knowledge encoded in the latent representations or

generated from the model computation?

s INPUT: Encoding vs Triggering

e Do the latent representations encode actual factual knowledge or
activate something else in the model computation?

mmmw APPROACH: Layer independency

e We assume that the vector space is layer-independent (e.g.,
L,(0.1) = L,,(0.1). However, one might expect that the same value
has a different meaning/role in different layers.

* There could be clusters of layers with a similar vector space
(validation of our global analysis)

19
Bronzini et. al. (2024)




Open discussion for follow-up research directions

1) Latent representation alignment of multi-modal inputs™

2) Confidence/reliability/uncertainty evaluation

3) Multi-hop error correction™ L, .. L,
P . 1.02 0.11 3.22
4) Factual verification f)
239 0.96 1.23 >
5) . cee cee e '
262 1.22 0.15

* For example, following CoLLEGe: Concept Embedding Generation for Large Language Models
Bronzini et. al. (2024)
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