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~ How to understand which
Inputs a Transformer treats as
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& Existing methods rely on ad-hoc perturbations (heuristics, gradients) - 2. 3. 4]

The Limitations of Deep Learning
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& Existing methods rely on ad-hoc perturbations (heuristics, gradients) [1- 2. 3, 4]

! Issue: the real geometric structure of Transformer representations is ignored

Exploring new points regardless of the geometry | Exploring new points considering the geometry
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& Existing methods rely on ad-hoc perturbations (heuristics, gradients) [1. 2. 3, 4]

! Issue: the real geometric structure of Transformer representations is ignored
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Preliminaries

Neural networks as sequences of smooth geometric maps between manifolds.

Al A2 An
MO —)Ml —> "'Mn_l —)Mn

Embedding space First hidden Last hidden Output space

manifold manifold
NN

map maps
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Preliminaries

Neural networks as sequences of smooth geometric maps between manifolds.

Modelling distances with Riemannian geometry



Preliminaries

Neural networks as sequences of smooth geometric maps between manifolds.

Modelling distances with Riemannian geometry
e Singular Riemannian metric

g . M — Bil(R" X R"), gp:IR”XIR”elR



Preliminaries

Neural networks as sequences of smooth geometric maps between manifolds.

Modelling distances with Riemannian geometry
e Singular Riemannian metric
e Pseudodistance: infimum of Pseudolength

b b
y:la,b] - R, s €]0,1] Pl(y) = J [7()], 5 ds = J \/g},(s)(}'/(s),}'/(s))ds

» Zero Pd points in the same equivalence class M,/ ~. .



Preliminaries

Neural networks as sequences of smooth geometric maps between manifolds.

Modelling distances with Riemannian geometry
e Singular Riemannian metric
e Pseudodistance

» Zero Pd points in the same equivalence class M,/ ~ .

) = N (Y Y
(f 8)U- — ;231 (dxi)ghk<axj)

Wetake f= A, oA, _;eo...oA;and M, = RF, M, = R?to get the pullback for
an neural network.

e Pullback function




General Results

Proposition. Distances measured by singular metrics g; are preserved all the

way to M, : this is because we have constructed (f*g) to naturally allow this.
4

! 0 0
Pl(y) = Plj(Vj) (f*é’),-j — Z (7{?) Enk (i) J=NyeNy_jo. o\

Ply(y) = Pl(y;) = PL(y,)
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General Results

Proposition. Two points have zero pseudodistance <= any point in the path
connecting them is mapped into the same output.

X~y & X~y y Niy=N,o.c.0o N2 M > M,

e,

X and y are mapped to
the same output

Ply) = Pliy) =0
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General Results

Proposition. Each equivalence class is a smooth manifold. The directions
tangent to these manifolds are precisely the directions of “zero change”.

Movement along tangent directions is ignhored by the network




Methodology

Exploring an equivalence class: SIMEC

B
-
Map p to its output in M

o
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Methodology

Exploring an equivalence class: SIMEC

M

n

-

Compute the pullback to
get the metric for p € M,

& gphg
O

: (f*g),
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Methodology

Exploring an equivalence class: SIMEC

Find eigenvectors
correspondingto A = 0
—directions of zero Pd
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Methodology

Exploring an equivalence class: SIMEC

p

o

Select one, move and find
another point g (p ~¢ q)




Methodology

Exploring an equivalence class: SIMEC

M

n

v
= R

g maps to the same pointas p in M,
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Methodology

Exploring toward a different equivalence class: SIMExp

| $ Map p to its output in M,
(P
o i
GFind eigenvectors |~
corresponding to

A > O—directions
of non-zero Pd p/

‘Select one, move /‘ o /
and find another | @ g maps to a different
. q
point g (p ~¢ g) \ point wrt p




EXperiments

SIMEC and SIMExp on different models and data modalities:

* ViT on CIFAR and MNIST image classification

 BERT on Measuring Hate Speech (classification) and WinoBias (masked
prediction)
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EXperiments

Empirical validation for SIMEC and SIMEXxp

Original and top classes’ probabillities from embeddings, across datasets

. CIFAR10 . MNIST MHS . WinoBias
. — simec — simexp
0.9 0.9
0.8 0.8
0.7 0.7
0.6 0.6
0.5 0.5
0.4 0.4 0. 0.4
0 500 1000 0 500 1000 0 500 1000 0 500 1000



Conclusions

* |Introduced a Riemannian geometry-based framework for exploring
Transformer input spaces

 Developed SIMEC and SiIMExp for the exploration of equivalence classes

 Validated on different models and data modalities

Thank you for listening!



