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 High-dimensional data. Embeddings form curved, twisted hy- o o o
persurfaces with loops, pockets and bottlenecks. [

* Narrow-Cone Hypothesis (Ethayarajh, 2019). Embeddings oc-
cupy a tight cone—nhighly anisotropic, not uniformly spread.

* Manifold Hypothesis (Clayton, 2015). Although embedded in
high D, data lie on a much lower-dimensional manifold.

(i) Linear-ID (99%): LinearlDy g — min { DY EPIEN 0099} Eigenvallues A1 >...> Ap are taken from the covariance of centred
embeddings.

VD A — 1],

[soScore = 1

[IA]l J2(D—/D)

(i) IsoScore: \; = )\

Curriculum learning Eye-tracking Part-of-speech
Over checkpoints English |

POS tag
IsoS —
IsoScore over Checkpoints (Layer 8) o1 314 —_— \ S : 0.175 2EJP E:CTN
rand_inverted 91 £ —
D g 3155 : : : ADV PROPN

gulpease_inverted 8 23 0 150 AUX = PUNCT
o1z =Z SN Z@ ST ==as= . | — CcoN)  —— SCON
—@- sentence_length /Y S S~ & d 28 _
. ;Z:;i::_lnverted e P - 0.125
0.10 randl_inverted /-<'7V “
-@- randl ;
rand2_inverted / ‘ a E
—@- rand2 7 32 © 0.100
0.08 /: 33 LE
74 - %)
, g 0.075
B 0.06 3 BASE
.  { coLA 0.050
| comp .
0.04 ) MNLI
) MRPC 0.025
;7 QNLI
0.02 ! ' Qap
) \ RTE 0.000
s5T2 0 2 4 6 8 10 12
0.00 sTs8 Layer
WNLI
0 20000 40000 60000 80000 100000 . , ,
Checkpoint Layer 1 Layer 2 Layer 3 Layer 4 Layer 5 Layer 6 Layer 7 Layer 8 Layer 9 Layer 10 Layer 11 Layer 12 Avg . .
. _ Layer LinearID e« pretrained only
200 Linear ID over Checkpoints (Layer 8) Linear ID 700
rand_inverted 21 e amg e e o
—@- rand __~A——_
gulpease_inverted 22
- E:Lzz:z:_length_inverted 23 600
—@- sentence_length /./ 26
readit_inverted
30 @ readi:_ " A 2
randl_inverted
- randl_ i z: 500
rand2_inverted
E‘ -@- rand2 31
g 300 g . A 400
9 ; 33 -
: : :
: 2
£ 1 : » = 300
s S BASE
_% 250 COLA
comp 200
MNLI
MRPC
200 ot 100
QQP
RTE
S5T2
STSB 0
0 20000 40000 60000 80000 100000 0 2 4 6 8 10 12
Checkpoint WNLI
Layer 1 Layer 2 Layer 3 Layer 4 Layer 5 Layer 6 Layer 7 Layer 8 Layer 9 Layer 10 Layér 11 Layér 12 Avg Layer
Layer
Figure 3: IsoScore and Linear-ID across layers on diverse fine-tuning tasks.
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Figure 2: IsoScore and Linear-ID across checkpoint (top) and at the final Figure 4: IsoScore and Linear-ID across layers for baseline XLM-RoBERTa Figure 5: IsoScore and Linear-ID across layers for POS and
checkpoint (bottom) for BERT-medium. and eye-tracking-fine-tuned model. head—dependent distance subspaces.
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