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The current state of LLMs
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Human-like performance on benchmark language tasks

Can generate fluent, coherent and human-like Can few-shot learn NLU tasks: entailment,
text (QA, summarisation) sentiment, grammatical corrections
Title: United Methodists Agree to Historic o i’l‘lggii::‘h i:ﬁ:;‘;c-Th;hza;i?ite;asaf:;d'
ChatGPT Split Subtitle: Those who oppose gay :
marriage will form their own denomination Poor English input: We think that Leslie likes ourselves.
Article: After two days of intense debate, Good English output: We think that Leslie likes us.
r \ tl_le Un:_l'ted M?thOdlSt Churc}} has agreed to a Poor English input: Janet broke Bill on the finger.
historic split - one that is expected to Good English output: Janet broke Bill’s finger.
® o end in the creation of a new denomination,
5 U s Poor English input: Mary arranged for, in St. Louis, John to rent a house cheap.
one_ that will be ° FheOIOglcalll_’ and Good English output: Mary arranged for John to rent a house in St. Louis.
BERT socially conservative," according to The
WaShington POSt‘ The majority Of delegates Context — The bet, which won him dinner for four, was regarding the existence and
attending the church's annual General men of Sie top ek, mn slaemmbery pacticle dlecorared fn, 190, et by
Conference in May Voted to strengthen a ban :l;:":;?ndard model theory of particle physics. True or False?
on the ordination of LGBTQ clergy and to Target Completion — False
write new rules that will "discipline" Figure G.31: Formatted dataset example for RTE
clergy who officiate at same-sex weddings.

*

o o [Brown et. al., 2020] [Wang et. al., ICLR 2019]
Gemini



Human-like performance on benchmark language tasks

ChatGPT
)
S

BERT

—

*

Gemini

Can reconstruct WordNet structure and
learn all word relations!

antenna

directional . omnidirectional
dipole

antenna antenna
‘/l\,‘ radio television
Array yagi disn antenna antenna
| '
scanner rabbit

ears

Figure 1: An example subtree from the WORDNET hi-
erarchy.

[Chen, Lin and Klein, 2021]

Can solve most classical NLP tasks!

F1 Scores

=0 =240 2 4 6 8 10 12 14 16

Expected layer & center-of-gravity

pos e85 967 | 339 [EEEEE]
consts. 736 870 | 379 [ EEGGEE)
Deps. 856 955 | seo [EED
Entiies 906 96.1 | 4.4 | EIEER
SRL 81.3 914 j_m
Coref. 805 919 0 1580
SPR 77.7 837 X4 12.72
Relations 60.7 84.2 9.40 R PX:k]

[Tenney, Das and Pavlick, 2019]



A very different type of learning from humans

Penn Propbank | | Senseval | | Semeval
Treebank Data Data

N\ /7

[Ray Mooney, UT Austin]



A very different type of learning from humans

Penn Propbank
Treebank

Senseval
Data

Semeval
Data

NV

/

As humans, we benefit and learn from
many things that are not just streams
of text data—vision, sound, actions,
interactions, touch...

That's a nice green
block there, Annal!

[Ray Mooney, UT Austin]



Criticism against “form”-only learning

“We argue that the language modeling task, because it only uses form as training data,
cannot in principle lead to learning of meaning”.

[Bender and Koller 2020]
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“We argue that the language modeling task, because it only uses form as training data,
cannot in principle lead to learning of meaning”.
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Criticism against “form”-only learning

“We argue that the language modeling task, because it only uses form as training data,
cannot in principle lead to learning of meaning”.

[Bender and Koller 2020]

The meaning of the words blue and green as it occurs in the
world is more than just occurrences of word form in data

north

’ ) - blue

green west

Word “meaning” Word “form” Word “meaning” Word “form”



Quinian bootstrapping & learning with placeholder symbols

(from Carey’s “The Origin of Concepts”)




Quinian bootstrapping & learning with placeholder symbols

? é“

(from Carey’s “The Origin of Concepts”)

o Relations among some symbols are learned directly, in terms of each
other (“proton”, “mole”)

o Symbols are initially at most only partly interpreted in terms of antecedently
available concepts

o Symbols serve as placeholders

o Modeling processes—analogy, inductive inference, thought experiment,
limiting case analyses—are used to provide conceptual underpinnings for the
placeholders

o These modeling processes combine and integrate separate representations
from distinct domain-specific conceptual systems

o These processes create explicit representations of knowledge previously
embodied in constraints on the computations



This talk: Understanding the conceptual structure of language models

X Taking a stance on whether models should be able to learn conceptual meaning

v Ways in which we can understand the “conceptual structure” learned by LLMS



This talk: Understanding the conceptual structure of language models

X Taking a stance on whether models should be able to learn conceptual meaning

v Ways in which we can understand the “conceptual structure” learned by LLMS

How? Evaluate and compare the representations of concepts learned by different
models by analogy with grounded representations of concepts in the real world

Images Environments
....... - i
: i~

PP

Concept =
colour

EER '
) !

- " |

Model B Model C



Evaluating the conceptual structure of LLMs




Bootstrapping concept representations to the world

direction

north east northeast 7 o
north east northeast

Hypothesis: If we teach models how to ground some
concepts, can they use the structure of language to
extrapolate meaning to all related concepts?

i.e., is the text-only representation of concepts functionally
equivalent to what would be learned if it was grounded?

[Patel and Pavlick, 2022]



Categories of concepts

Spatial Terms Cardinal Directions RGB Colours

above  up N T —_

World: N N World: ' e RGB: (255,00)
¢ = ’ *“ e ¢ 2
[0.0.0. 0.0.] \ / [0.0.1.] w Mﬁ".ﬁ ~ Answer: red
left right [0.0.0. 1.0.] w E [0.0.0.] .‘{ oy e

[0.0.0. 0.0] TN [0.0.0.] ‘w7 RGB: (143,0,255)

g Answer: right W %" Answer:northeast - - Answer: violet

[Kim et. al., 2020, Monroe et. al., 2017]



Text-only LLMs tested

TNLG |

GPT-2 (124 M) - =
GPT-2 (355 M) 5."
GPT-2 (774 M) 12 :f
GPT-2 (1.5B) —
TNLG (17 B) . s 7;4:4 : /
GPT-3 (175B) ssm ¢

- GPT-2

124M

: \ - =
All language models trained to : _
generate words sequentially — f .., =




In-context inputs of grounded concept representations

Prompt style 3

Example answers

Prompt style 1 Prompt style 2

Array
[[0. 0. 0. O.
[0. 0. 0. 0.
[0. 0. 0. 0O

Position: r

Array

[[0. 0. 0. 0.
[0. 0. 0. 0.
[0. 0. 0. @

Position: r

Array

[[0. 1. 0. 0.
[0. 0. 0. 0.

Position: 1

—
(S
(SSRGS
[SESESEE SRS
P

I
Position: right

Array
[[0. 0. 0. 0. 1. 0. 0.]]
Direction: right

Array

[[1. 0.]

[0. 0.]

[0. 0.]

[0- 0-]

[0- 0-]

[0. 0.]1]
Direction: left

Array

[[0. 1. 0. 0. 0. 0. 0.]
[0. 0. 0. 0. 0. 0. 0.]]

Direction: f

Array

[[0. 0. 0. 1.
[0. 0. 0. 0.
[0. 0. 0. 0.

Direction: righ

0.]
1.]
0.]
[0. 0.]
0.]
0.]
0.

The direction is: right

—
()
(SRS R SIS RS
(SIS SIS RS
. . . .
(SRS RS RS
et ——

The direction

0. 0
0. 0
0. 0.
0. 0.
0. 0
0. 0
0. 0
on i

Array

[[0. 0. 0.
[0. 0. 0.
[1. 0. 0.

The direction

0. 0.]
0. 0.]
0. 0.11]
on i

s: right

s: left

left
right



What we want to evaluate

/l\.‘ [[0. 0.] -Left
[0- 1-] 0 h
north east northeast Eo. o.} right
0. 0.
[0. 0.]
[0. 0.]
[0. 0.1]
The direction is: right
Array
[[0. 0. 0. 0. 0. 0.] o
Eg g- g g g H For new realisations of the
0. 0. 0. 0. 0. 0] meaning of.concepts, can
{g g- g g g g} LLMs learn in-context to
[0. 0. 0. 0. 0. 0.1] extrapolate their text-only
The direction is: right meaning to the grounded
Array meaning in a new world?
[[0. 0. 0. 0. 0.]
[0. 0. 0. 0. 0.]
[1. . o 0. 0.1]
The direction is: left




How do we ensure models aren't memorising what we're testing?

& Not logged ir

Article  Talk Read Edit View histor
L | |

Description |edit]

|
| . .
; ~ Matrix (mathematics
A matrix of the form WIKIPEDIA ( )
‘The Free Encyclopedia | From Wikipedia, the free :
— - ‘ b
b1 0 . \ ,
Main page ‘ For other uses, see Matrix.
z g Contents | "Matrix theory" redirects here. For the physics topic, see Matrix theory (physics).
2,1 2,2 Current events |
Random arlicle . Inmathematics, a matrix (plural matrices) is a rectangular array or table of numbers, symbols, or
L _ Z f .. About Wikipedia } expressions, arranged in rows and columns, which is used to represent a mathematical object or a
— 3,1 3.2 . Contact us | property of such an object. For example,
Donate | 1 9 —13
% . $ % |
: ® " ‘. Contribute | [20 5 —6 ]
e e e e Help } is @ matrix with two rows and three columns; one say often a "two by three matrix", a "2x3-matrix", or
| n,1 n,2 e n,n—1 n,n | LEEMDEER ' amatrix of dimension 2x3.

Community portal

is called a lower triangular matrix or left triangular matrix, and analogously a matrix of the form

U1 U2 U3 .. Ui
U2 U3 idv U2.n

. .

0 Un,n

is called an upper triangular matrix or right triangular matrix. A lower or left triangular matrix is commonly denoted with the variable L, and an upper or right
triangular matrix is commonly denoted with the variable U or R.



How do we ensure models aren't memorising what we're testing?

CGA
Name 2 Hex _ | Red Green  Blue _ Hue  Satur.  Light |Satur.  Value number
T | ReB) T | (RGB)  (RGB) ~ (RGB) _ | (HSLHSV) | (HSL) ~ (HSL) | (HSV) ~ (HSV) | (name);
alias
11 (high cyan);
Aqua #00FFFF 0% 100% 100% 180° 100% 50% 100% 100% an
Blue #0000FF 0% 0% 100% 240° 100% 50% 100% 100% 09 (high blue)
Teal #008080 0% 50% 50% 180° 100% 25% 100% 50% 03 (low cyan)
Navy #000080 0% 0% 50% 240° 100% 25% 100% 50% 01 (low blue)
10
Lime #00FF00 0% 100% 0% 120° 100% 50% 100% 100% (high green);
green
Green #008000 0% 50% 0% 120° 100% 25% 100% 50% 02 (low green)
Black #000000 0% 0% 0% 0° 0% 0% 0% 0% 00 (black)
Gray #808080 | 50% 50% 50% 0° 0% 50% 0% 50% | 08 (dark gray)
05
Purple #800080 | 50% 0% 50% 300° 100% 25% 100% 50%
(low magenta)
Olive #808000 | 50% 50% 0% 60° 100% 25% 100% 50% 06 (brown)
Maroon | #800000 | 50% 0% 0% 02 100% 25% 100% 50% 04 (low red)
Silver #C0COCO | 75% 75% 75% 0° 0% 75% 0% 75% 07 (light gray)
White #FFFFFF | 100% 100%  100% 02 0%  100% 0%  100% 15 (white)
13
Fuchsia | #FFOOFF | 100% 0% 100% 300° 100% 50% 100% 100% (high magenta);

From all the (training) data on
the web, there are many
instances of the “groundings”
we wish to evaluate (e.g.,
names of colours) that
language models may have
seen during training.

How do we ensure that we
are truly testing grounding or
bootstrapping and not
memorisation?



Isomorphism as a control

“..systems are capable of understanding if they emulate representations that are isomorphic
to underlying meaning under important semantic relations like equivalence.”

f(@) = f(z') <= g(z) = g(z).

Isomorphically equivalent worlds (albeit different groundings of concepts) should allow
models to bootstrap meaning equally well.

[Merrill et al., 2021]



Example rotations in colour space

Original N 90° rotation
250 250 (43 . 2”
New “grounding” or
200 200 dark red semantic meaning of
dark blue ? each element in a rotated
150, 150
? world
B B |
x0°| 400
| ® g Preserves the structural
N 200 0 50 .
| dark red . dark blue 100 relation between
- 100 15 G
e e s o, elements
R v 5 0 R ¥ S 250

f@@') < g(z)



Example rotations in colour space

Rotating by n degrees: different word forms but same relation between word forms

Original o 90° rotation o 180° rotation = 270° rotation
. “— “— “—
@ | ‘.. ‘3“ & 15;0




Example rotations in cardinal space

Rotating by n degrees: different word forms but same relation between word forms

Original \] 90° rotation \] 180° rotation \] 270° rotation

N E S W




Isomorphic worlds: our expectation

Random scramble

Preserves relation between word meanings Does not preserve relation between word meanings

If models know the relation between words..

And can learn a grounding in one world, they A grounding that does not preserve this should
should learn a grounding in all worlds that be impossible to learn.

preserve relations.

The generalisation pattern is somewhat The generalisation pattern is random and

consistent! inconsistent!



Experimental Setup

A sanity check
(few-shot generalisation)

Can models learn grounded
concepts when it is taught to
them during (few-shot)
training?

Zero-shot generalisation

If we teach a model some
grounded concepts, can they
generalise to other related
concepts?

Does this hold in the true
<-> rotated worlds? Is
performance lower in the
random worlds?

Error Analysis

How far are model predictions
(in the grounded world) from
the true grounding?




Few shot generalisation

Example Input (20 in-context-learning examples followed by prompt)

Example Model Outputs
World: World: World: World: GPT-2 (124M)
[0. 0. 0.] [0. 0. 0.] [0. 0. 0.] [1. 0.]
[0. 0. 0.] [0. 0. 0.] (0. 0. 0.] (0. 0.] world =0.09
[0. 0. 1.) (0. 0. 1.] [0. 0. 1.] [0. 0.] 0. 0.11 P=0.08
Answer: right Answer: right [0. 0. 0.] [0. 0.] [0 [0 P=0.01
[0. 0. 0.] [0. 0.]
World: World: Answer: right Answer: left
(1. 0. 0. 0.] ([0. 0.] A GPT-3 (175B)
Answer: left [1. 0.] World: S
13 el (9. dv De 9e) alrgc::t ﬁg.ig
cee more... .
RIMRCESLARE:  Snmsed ANCE leftmost  P=0.01

When models are shown a new representation of a concept can they extrapolate
their learned meaning of the concept to this new representation in-context?



Few shot generalisation

0.8

In new unseen worlds,
models can learn to
ground what is up vs.
down when they have
been taught (few-shot)
both concepts.

Top-3 Accuracy

0.6

18%

0.4

]
124 355 774 1558

TNLG

Accuracy on Unseen Samples

0.8

M Random Rotation
W Averaged Rotations
78% ’\ 0 True World
Array

[[0. 0. 0.

34% [0. 0. 0.
’\ [0. 0. 0.

Top-1 Accuracy [0. 0. o.

0.4 10%

0.2 f [0. Ol ol

| II [0. 0. 0.
ol . ml Ill [0. 0. 0. 0.]]

126 355 The direction is: up

0.6

(SSRGS IS IS
[ S Iy W gy Wy W— —y —

Models



Zero shot generalisation

Example Input (60 in-context-learning examples followed by prompt) Example Model Outputs

RGB: (48, 213, 200) j RGB: (220, 20, 60) RGB: (0, 0, 128 GPT-2 (124M) ~
Answer: orange Answer: crimson Ans:le::: s ) color e, 14 Sub Space
= black P=0.08 centered
All 60 Training Examples rgh P=0.02 around the
[ 0 (N I N N N N Y N e p——— colour red
NN (NN N N NN N N NN P ( P_o)24
I I I N N BN N | Y, O
(" [N [ N NN N N U N N N || pue P=0.08
6 Primary and Secondary Colours 57 Colours Within a Sub-space
red, blue, yellow, green, orange, violet dark red, maroon, crimson, fuchsia, rust, bright red..
. ,.r' N When models are shown new representations of
.;’ jf% some concepts can they bootstrap to new
f . R unseen concepts in-context?

S0 MY » 150
P . . ®
od® - 130 R 2 200 £ 200
w2 »

Example colour sub-spaces for yellow, blue and red



Zero shot generalisation

M Random Rotation
I Averaged Rotations

63% I True World

0.8

In new unseen worlds,

Top-3 Accurac
P Y models have to ground
17%
what unseen colours

Accuracy on Unseen Samples

when they have been

(— II 'I III taught only 70 colours
o .!I 355 JI 1558 TNLG

(zero-shot).

1

0.8

RGB: (@, 65, 106)
B 41% /\x Answer: dark imperial blue
10% iglz (}11, 0, 255)_ _
0s [- Top-1 Accuracy wer: electric indigo
II RGB: (239, 222, 205)
0.2 Answer:

L 124 355 774 1558 TNLG




Analysing model predictions

True G | Predicted G & Distance

Model Prediction True Grounding
dark red wine (76.5), light crimson (208.1)
dark red wine dark slate gray (144.7)
. . . light green | beige (126.6), light sea green (129.7)

?uer‘:']'t“gr‘aan";”ec"t Zf::; cerulean (185.7), violet (262.6)

reen forest green
g ErrErTE e regen Table 2. Example predictions from GPT-3 with
dgrk rose deeg carmine Euclidean distances from the ground-truth.

d(cy, ¢3) = { v/t —0ag)? F (Ciy— Cog)2+ (GLe— 6252())(2) fgi 2 ; g y > ,:*’ o

Eq 1. Euclidean distance between two points in space



Analysing model predictions

True G | Predicted G & Distance
dark red wine (76.5), light crimson (208.1)

124M 355M 774M 1.5B 175B

C 3283 309.5 209.6 190.7 [ 96.3
RIV 3349 3349 3349 3349 |3349| Garkslate; gray (4.1)
RID 1749 1749 1749 1749 |174.9 light green | beige (126.6), light sea green (129.7)
) ) ) . . cerulean (185.7), violet (262.6)
Table:' 1..Average Euclidean distance between Table 2. Example predictions from GPT-3 with
predictions and ground-truth answers. Euclidean distances from the ground-truth.
d(c, ) = { Viers =ea)? F ey —ea) + (o1 = 6252())(2) ?g; 2 geé g i .:" -

) %.;?\'g'-t e,
!

Eq 1. Euclidean distance between two points in space



Other concepts and counterfactuals

Arithmetic Code Exec. Code Gen. Basic Syntax Logic
random & H H H H
GPT-4 — —— — H— ——
Performance E | E ] E | HEN ]
0 100
sorted(
“ab®, “ba"], Sort list by the Find the main IfXareY,YareZ.
2162 | besetimds & o011, second element subjectand verb Arexz?
in base-10 il the i “They think LMs. X= i CSERPLLh -
Default inbase ikt ::Z:’('"" Pthedanlas el True Continent
1 bj-verb-obj order Z = animals N
= Lo o ) o B North America [
@_‘) 8 [“ba”, “ab”] St (they, think) Yes . Africa N&
" WM Europe
Counterfactual in base-9 w]/ 1-based indexing ::/r :;;md indexing 'thin‘l;:e lt'l:e best 5::::]: . B Asia ' :
list verb-obj-subj order Z = plants BN Oceania -
«:® ot x: 2021, R
. _D 100 [“ab”, “ba”] > (they, think) Yes s South America @ 5
Spatial Drawing Chord Fingering Note in Melody Chess SET Game N R— T e,
] E ] a HER | HEEN
The 4th of
Coordinates of Draw a bubble tea Play C major triad Nlnk?e .:'\:It:” e Is the move legal? E
N on a guitar in C major % Rule: Either identi-

ABABAAAR cal orall different in
w- SHE 2 HoEwEapin color, number,
shape, & shading
s 5 522==1
------ Yes Yes

N rotated 180° with A string tuned in A® major " Rule (additional): . @
toaCandDtoanF A E\f:;?!.hfblz‘:l::ml .

5% + - Bl asleniobi + True State (color)
S @ @ Predicted Medoid

(((((( No No

Evaluating adaptability of LLM reasoning capabilities to new domains Eyalu.atlng linear representations of concepts (space, time) and if
(with counterfactual controls) circuits/neurons responsible for concepts can be uncovered

[Wu et al., 2024] [Gurnee and Tegmark., 2023]



Mapping representations between models




Conceptual spaces of different pre-trained models

The models we studied before were text-only language models.

Hypothesis: once the inputs are encoded and transformed into “meaning

representations”, if the conceptual spaces of models are similar, we should be
able to map between them.



Conceptual spaces of different pre-trained models

Model A and B might be trained
on different datasets,
modalities, have different
architectures and input and

2 5y output spaces.
F > .
Model can take in images and text Model can take in text and
and produce some output class produce some output text
Model A Model B

Vision-Text LLM (CLIP) Textual LLM (GPT)



Conceptual spaces of different pre-trained models

Model A

Vision-Text LLM (CLIP)

\/

“a mountain
and lake”

Model B

Textual LLM (GPT)

Model A and B might be trained
on different datasets,
modalities, have different
architectures and input and
output spaces.

However, can we map
representations from one model
to another and evaluate if
outputs (and therefore
conceptual spaces being
learned) are consistent?



Can we use this to map between model representations?

Model A

Vision-Text LLM (CLIP)

v
“a mountain

and lake”

Model B

Textual LLM (GPT)

Learn a linear projection from Model A
representation -> Model B input (e.g.,
image captioning)

Since a linear projection is
distance-preserving, if the conceptual
spaces of the two models are
structured similarly, at test-time, the
LLM should be able to take in any
image representation and predict a
caption that is correct

Evaluate image-projected-LLM
outputs for concepts.

[Merullo et. al., 2022]



Soft prompting to elicit in-context learned information

et i e i . Back
:‘ Prompt Generator ‘;< Distielo sewens e e e : Propagation
R 77777 I R '
The capital of Britain is [MASK] i [MASK]
iput embeding e(The) e(capital) e(of) o(Britain) efs) o((MASK) ’ ipuemeading B -y e(capital) e(Brtain) (MASK)
ut em e e 1 2(Britain) e(is e ut em ; e(capr e(britamn) i e
’ ¢ el eyl ol NS < : ’ * ey r
Pre-trained Language Model Pre-trained Language Model
(GPT, BERT, ...) (GPT, BERT, ...
I e

(a) Discrete Prompt Search (b) P-tuning

“Soft prompts” or prefixes can be learned through a linear projection into the embedding space of a
model for a specific task. This learned projection can then improve performance on that task!

[Lester 2021, Li and Liang 2021]



Evaluating differently trained image encoders

Model A

Vision-Text LLM (CLIP)

\/

“a mountain
and lake”

Model B

Textual LLM (GPT)

Three different image encoders that
received different amounts of linguistic
supervision during training

NFRNS5O: pre-trained on image
classification categories

BEIT: no exposure to language/classes

CLIP: pre-trained to align images with
full natural language captions

Control: randomly initialised NFRN50
that was not pretrained

Text decoder: GPT-J (6B parameters)



Evaluating differently trained image encoders

Image Captioning NoCaps - CIDEr-D NoCaps (All) CoCo CoCo
In Out Near All | CLIP-S Ref-S | CIDEr-D | CLIP-S Ref-S
ANFRNS50 Tuned 209 308 253 273 | 665 2.5 353 69.7 74.8
SMAGMA (released) | 18.0 127 184 169 | 63.2 68.8 52.1 76.7 79.4
AMAGMA (ours) 304 434 36.7 387 | 743 78.7 47.5 753 79.6

~NFRN50 Random | 54 40 49 5.0 47.5 55.7 4.8 49.5 57.1
-BEIT 203 163 189 189 | 620 69.1 22.3 63.6 70.0
~NFRN50 213 312 269 285 | 656 71.8 36.2 68.9 74.1

»CLIP 343 484 416 439 | 747 79.4 54.9 76.2 80.4




Evaluating differently trained image encoders

Model A

Vision-Text LLM (CLIP)

v
“a mountain

and lake”

Model B

Textual LLM (GPT)

Finding #1

Linguistic supervision during
pre-training plays a key role in
concept formation

CLIP and NFRN50 outperform BEIT in
terms of transferring image properties
to language

BEIT only transfers coarse-grained
visual properties (scene/background)

CLIP can reproduce concepts in the
image to a greater accuracy



Evaluating differently trained image encoders

Model A

Vision-Text LLM (CLIP)

v
“a mountain

and lake”

Model B

Textual LLM (GPT)

Finding #2

For some models, projecting
between representations has
comparable accuracy to a trained
model.

A separately trained image model
projected onto a text model can
produce conceptually correct captions
from the text-only model similar to
what a trained vision-text model
would!



Image Captioning

a giraffe in the lobby
of the building

the giraffe in the zoo.

a peacock in the garden

aman and a woman in a
field of flowers

He is surfing a wave.

He is surfing the waves.

He is jumping into the
water.

. __Random

Q: What is the person doing?

A: surfing

He is swimming in the

pool.

A: tennis racket

tennis player in action

tennis player at the tennis
tournament.

tennis player during a
tennis match.

the new logo for the team

A tennis racket

A tennis racket

A baseball bat.

A tree

Q: What is the person holding?



Mapping model spaces to each other

g 1 |8
"\

What is this bird? & I 'ﬁ‘ ‘

Tasks: make a bridge, make
an axe, collect gold..

This is a male song sparrow (Passer domesticus)
é in a feeder. The bird is eating seeds.

What other birds can this feeder attract? &

This feeder can attract many types of birds. The
birds that can eat the seeds include the song
sparrow, the bluebird, the titmouse, the

@  black-headed hummingbird and the goldfinch.

Show me pictures of some of these birds.

Here are pictures of some of the birds that
can eat the seeds that this feeder attracts.

Cross-modality interactions by fine-tuning
input and output layers across models

Map between representations of
reinforcement learning agents and LLMs.

[Koh et. al., 2023] [Patel et. al., 2024]

horses
racing
ponies
ridden

Find neurons or circuits in the model that are
responsible for decoding concepts when
injected into models

[Schettmann et. al., 2023]



What we've learned about representations learned by models

O1 Models that have trained on text-only data learn a conceptual space that
allows them to ground concepts in textual worlds

02 Models that have trained on text-only data can be mapped to models that
train on image data to transfer conceptual information from one to another



03 Concept leakage and failures in mapping concepts in LLMs




How do word roles map to concepts for VLMs?

Human processing of language typically applies a single
role to a word in context in one semantic interpretation of

a sentence.

Finding: models often do not have the same distinction
between sense and reference. For the same concept
there can be semantic leakage across different senses of
the noun for the same reference.

[Rassin et. al., 2022]



How do word roles map to concepts for VLMs?

1. Aword or phrase is interpreted as two distinct
(concurrently-incompatible entities)
a. “abatis flying over a stadium”

Figure 1: The word bat is realized as two entities given
the prompt a bat is flying over a baseball stadium.

80.3% over 216 images (17 stimuli) [Rassin et. al., 2022]



How do word roles map to concepts for VLMs?

1. Aword or phrase is interpreted as two distinct
(concurrently-incompatible entities)
a. “abatis flying over a stadium”

2. A wordisinterpreted as a modifier of two
different entities
a. “afishand a goldingot”

Main (left): a fish and a gold ingot.
Control (right): a fish and an ingot.

97.2% over 6 stimuli-control pairs



How do word roles map to concepts for VLMs?

1. Aword or phrase is interpreted as two distinct
(concurrently-incompatible entities)
a. “abatis flying over a stadium”

2. A wordisinterpreted as a modifier of two

different entities
a. “afishand a goldingot”

3. A wordis interpreted simultaneously as an
s entity and as a modifier of a different entity

Figure 2: The word seal is realized both as an ob- a. “asealis opening a letter”

ject and as a modifier of another word (letter) in the

prompt a seal is opening a letter, resulting in concept

leakage. The prompt tends to generate sealed letters,

while minimally-different prompts that do not contain 92.5% over 10 stimuli-control pairs

the noun seal do not.



How do word roles map to concepts for VLMs?

e Caveats: small-scale experiments, need a more comprehensive evaluation
e VLMs don't follow the basic principles of symbol-to-entity mapping

e Asingle referent in a sentence is not mapped to one grounding in the world but
concept leakage occurs

e Leakage reflects some differences in the conceptual spaces that the models form
vs. what humans form



What we've learned about representations learned by models

O1 Models that have trained on text-only data learn a conceptual space that
allows them to ground concepts in textual worlds

02 Models that have trained on text-only data can be mapped to models that
train on image data to transfer conceptual information from one to another

O3 Models seem to have concept leakage and incorrect symbol-entity mapping.
The conceptual space learned seems different from humans and true grounding



04 The way forward




04 The way forward

O1 Linguistic and cognitive behavioural tests can help uncover similarities and
differences in concepts learned by models and humans

02 Representational tests on a single model can allow us to uncover the
conceptual spaces being formed during training

O3 Projecting representations between multiple different models can allow us to
discern whether models are forming similar conceptual spaces

04 Tools from mechanistic interpretability in combination with the above can
allow us to uncover what parts of the model are responsible for concept usage



Thank you

Questions?

Google DeepMind



Google DeepMind

Extra slides



Towards understanding what concepts LLMs have learnt




Few shot generalisation
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Evaluating language generations

100 Recall and Wu-Palmer Similarity for each Model by Noun Category 100 Recall and Wu-Palmer Similarity for each Vehicles
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Figure 3: On average, recall of nouns in generated captions follows the standard pattern
(CLIP;NFRN50;BEIT). However, judging by Wu-Palmer similarity, BEIT performs nearly the
same or better than NFRNS50 and CLIP on 4/5 of the noun categories. This indicates that although
BEIT struggles to transfer the exact correct concept, it is transferring a related one based on visual
similarity. On the right we show this effect for individual vehicle words. BEIT may have never
learned to distinguish the ‘bus’ concept, but the LM still understands to generate a highly related
concept, i.e., another vehicle. Average random Wu-Palmer similarity is around .4 consistently.



CLIP

1. Contrastive pre-training 2. Create dataset classifier from label text
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CLIP pre-trains an image encoder and a text encoder to predict which images were
paired with which texts in our dataset. We then use this behavior to turn CLIP into a
zero-shot classifier. We convert all of a dataset’s classes into captions such as “a
photo of a dog” and predict the class of the caption CLIP estimates best pairs with a
given image.



Evaluating language generations

5 Average Wu-Palmer Similarity over Wrong Predictions Overlap of Mistaken Animal Properties w/ Ground Truth
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(a) Left: Wu-Palmer Similarity for captions in which the models made mistakes show that BEIT, NFRNS50,
and CLIP all similarly far off from the correct animal, meaning that even if they predict the wrong animal, it is
on average very taxonomically similar. Right: When the model mistakes one animal for another in the dataset,
how similar are the AWA properties for the true animal and the one it mistakes it most for? The average number
of overlapping properties show that animals predicted from BEIT are at least as similar to the real animal as
NFRNS50 and CLIP. Median is shown as the solid orange line while the dashed green line shows the mean.

% of Shared Properties with GT Animal




Evaluating language generations
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(b) UMAP projections of AWA images:While NFRN50 and CLIP cluster tightly along lexical categories
(color coded by animal), BEIT clusters the most distinctly along animals that live in water/the ocean; the
randomly initialized NFRN50 mostly randomly overlap in one cluster.



Conceptual spaces of different pre-trained models

3 Text Decoder 3K B % Image Encoder 2K

Representations learned Representations learned by
by alarge LLM e.g., alarge VLM/VM e.g.,
GPT-3 Flamingo

Can we map language model spaces to visual groundings?



Conceptual spaces of different pre-trained models

A frozen image encoder A linear projection is tuned The image projections are
encodes an image as a to project from image fed as soft prompts into a
feature map space to text space generative LM

“A picture of
% Image Encoder ’.L‘Pf 4 Linear Proj. 4 ¥ Text Decoder 3K adogona

skateboard”

r

Figure 1: We train linear projections from image representations into the input space of a language
model to produce captions describing images. We find that LMs can describe the contents of most
image representations, but performance varies based on the type of image encoder used.



Human-like performance on benchmark language tasks

Can reconstruct WordNet structure
and learn all word relations!

antenna

ﬁrectmctionﬂ
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ears

Figure 1: An example subtree from the WORDNET hi-
erarchy.

Constructing Taxonomies from Pretrained
Language Models. Chen, Lin and Klein.
NAACL 2021.

Can solve most classical NLP
tasks!

F1 Scores Expected layer & center-of-gravity
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BERT Rediscovers the Classical NLP
Pipeline. Tenney, Das and Pavlick. ACL 2019.




Quinian bootstrapping & learning with placeholder symbols

(from Carey’s “The Origin of Concepts”)

o Relations among some symbols are learned directly, in terms of each other (“proton”,
“mole”)

o Symbols are initially at most only partly interpreted in terms of antecedently available concepts
o Symbols serve as placeholders

o Modeling processes—analogy, inductive inference, thought experiment, limiting case
analyses—are used to provide conceptual underpinnings for the placeholders

o These modeling processes combine and integrate separate representations from distinct
domain-specific conceptual systems

o These processes create explicit representations of knowledge previously embodied in
constraints on the computations



Four column numbered points

01

Molestie litora condimentum
accumsan placerat fermentum
adipiscing parturient ipsum
condimentum neque urna
aptent ornare erat felis
vestibulum pharetra vestibulum
non blandit aenean justo
faucibus viverra.

02

Vestibulum a a dui mi amet a
consectetur nascetur
consectetur scelerisque nibh
eleifend mi pharetra. Vel
ullamcorper mus condimentum
tristique consectetur tempus
elementum ullamcorper a eget
ad sit hendrerit ullamcorper
per convallis vestibulum.

03

Tempor at tristique neque
malesuada tempus adipiscing
quam et mus odio facilisi
blandit magnis penatibus ac
litora vel curae rutrum donec
non fusce est a vestibulum.

Confidential - Google DeepMind

04

Gravida etiam aliquet volutpat
fusce parturient nostra dictum
elementum a suspendisse
venenatis odio a condimentum
adipiscing parturient
condimentum rhoncus nam
sem a congue.



Four column text

Subheading

Molestie litora condimentum
accumsan placerat fermentum
adipiscing parturient ipsum
condimentum neque urna
aptent ornare erat felis
vestibulum pharetra vestibulum
non blandit aenean justo
faucibus viverra.

Subheading

Molestie litora condimentum
accumsan placerat fermentum
adipiscing parturient ipsum
condimentum neque urna
aptent ornare erat felis
vestibulum pharetra vestibulum
non blandit aenean justo
faucibus viverra.

Subheading

Molestie litora condimentum
accumsan placerat fermentum
adipiscing parturient ipsum
condimentum neque urna
aptent ornare erat felis
vestibulum pharetra vestibulum
non blandit aenean justo
faucibus viverra.
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Subheading

Molestie litora condimentum
accumsan placerat fermentum
adipiscing parturient ipsum
condimentum neque urna
aptent ornare erat felis
vestibulum pharetra vestibulum
non blandit aenean justo
faucibus viverra.



Statement accumsan diam eros et eu
lectus a fames parturient ultrices
platea.



Conceptual spaces of different pre-trained models

Model A Model B Model C

Can we map language model spaces to visual groundings?
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