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1. Fine-tuning introduces a divergence between training and test sets,
which is not severe enough to hurt generalization in most cases

2. Fine-tuning adjusts a representation by grouping points with the same label
into a small number of clusters (ideally one)

3. Fine-tuning pushes the clusters of points representing different labels away
from each other, thus introducing large separating regions between labels

4. Fine-tuning for related tasks can also provide useful signal for the target task
by altering the distances between clusters representing different labels

5. Fine-tuning does not change the higher layers arbitrarily
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Probing Methods

e Classifiers as Probes
« HigUlzembeddingsZFIFH U nD3E2Z iR T S & T,
BRI DEHZE ED L S0 encode U TLYDHMEEIE

o D¥EZR(IFine-tuning & (FIIZ (TR, BENEY 1 X(&
{32, 64, 128,256}X{32, 64, 128, ZSG}QZE%GFM Search

* DIRECTPROBE: Probing the Geometric Structure
« [3] L“/%%@flﬁfﬁ'ﬁﬂjd%[zmu&snkuman NAACL'21]
e Labeling task &representationhN 5 X 5NIEHE
(CUAF=mic g IS RAItY MEA
« BISAAFIECTRILDRIZITTEREIND

o BIQB7= XA Dconvex hull(ae2) Dl overlap LR
(M BASNIEEESZSOE/I\DIMES)

Figure 2: Using the piecewise linear functions to mimic
decision boundaries on two different cases. The solid
lines on the left are the real decision boundaries for a
binary classification problem. The dashed lines in the
middle are the piecewise linear functions used to mimic
these decision boundaries. The gray area is the region
that a separator must cross. The connected points in

the right represent the convex regions that the piecewise
linear separators lead to.
[Zhou&Srikumar’21]
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1. Number of Clusters (75 X5 DEZR)

o BRI BrepresentationDlinearity’Z < 9

OS2 ESNILOTEES N —I T BB A (35S G 4HE TS AR
(linearly separables ENUSDIZE (FIFRAZ DB N E)

2. Dlstinces between Cluste“rs ) Representation X SAULATE
» DS AIWDI—TV Y Nibt F—gtry MYl &
* max-margin separator (= linear svM) C 21 =11/ §Z;)71\’2;?;ggé§;%§ﬁ5

margindD2{&M\ 0 = X S fEEEEE (< convex hull)

3. Spatial Similarity (FR#HXTHEZITEA <O D (< OVDTEESS)
e linearly separable’(&524% =5~JL#) representationfll] CE TR 11D ZEEIREE{E

* representation” & (V5 X IRBIDIEREZFIEE LTZND B U(jv = 2 Z/ER U,
ENBDOETY > OHEBMREICKDER
o [Bl—®representation(CX T RERDIIN)GET—F v MU TEHEHT]




Spatial SimilaritydD-1 X —=>

Spatial Similarity: X Spatial Similarity: /J\
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EER CH U\ Brepresentations

o LAV —2. R FZTZAIZBERT 5 &
» ERANDEIE (FBERTbase
* BERTiargelEfine-tuningf& MIARRE N unstablelZ D 7D TE6H T

Layers #heads Dim  #Param

BERTiiny 2 2 128  44M
BERT ini 4 4 256 11.3M
BERTsmall 4 8 5 12 29 IM
BERT edium 8 8 512 41.TM

BERThase 12 12 768 110.1M




EER(CHU\BTasks 5 D

0

1. Part-of-speech tagging (POS): UD* CERE =11z 17/ D msEF 1l

2. Dependency relation (DEP): UD* CIEHE SN /z46128DIKTF AR (CHD B
2 b—20 > R DBREMRODIEIE T

* UD: universal dependencies treebank,

comprising approx. 2,100 sentences per language
(cf. https://universaldependencies.org/treebanks/en_partut/index.html)

* Preposition supersense disambiguation
3. Preposition’s semantic function (PS-fxn, 40
4. Preposition’s semantic role (PS-role, 46%&)

5. Text classification
« X[ 5EE=NEs0iEDRKRSN) L Z FAE|
(TREC-50)

7

(1) I was booked for/DURATION 2 nights at/[LOCUS this
hotel in/TIME Oct 2007 .

(2) Iwentto/GOAL ohm after/EXPLANATION~»TIME
reading some of/QUANTITY~>WHOLE the reviews .

(3) It was very upsetting to see this kind of/SPECIES
behavior especially in_front_of/LOCUS
my/SOCIALREL~GESTALT four year_old .

Figure 2: Annotated sentences from the STREUSLE
4.0 corpus, used in the preposition supersense disam-
biguation task. Prepositions are marked by boldface,
immediately followed by their labeled function. If ap-
plicable, ~ precedes the preposition’s labeled role.
Figure reproduced from Schneider et al. (2018).

[Liu et al./21]
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Fine-tuningC K DREZRILEIlFET Y b
ET X Mzw bdDSpatial SimilarityDZAL

* Fine-tuning®f&R. Y hEF A MY B

(DSpatial Similarity(XFE (CIKTF (Z1R 1) Task AccSim
« Spatial Similarity/’5TE BIEE = linearly separable POS original | 3422 0%

» [@ UrepresentationZ L), FlIf&/7-X MMy KT original 9293 0.93
TNENRT NLZERR L. SBUEZEH DEP ned 9448 078

original 86.26 0.82
tuned 85.08 0.44

* 5tasks X 5 models CHE—. PS-fxn X BERTsmanDd+ —
fine-tuning(C K DIBENMET PS-role i 7457 054
i/ X bW MREDSpatial SimilarityHV K& (TR T TREC-50  Oneimal 8L

« ZNLHDERTETIIWVI NEBREE(EME L

* <“We conjecture that controlling the divergence between the
training and test sets can help ensure that finetuning helps”

CENTHINIEL Y NMEFTEET DR Z S similarity between the training and test set. |

PS-fxn

Table 2: Fine-tuned performances of BERTy,,; based
on the last layers. The last column shows the spatial
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Linearity of Representations

* Fine-tuning®i&ER. 5 XL

¢ A—SANLOEETEBRFDERDIS
2HCIIN—E>D (R 2)

* linearly separable CH B EIS(EHL)
e BERTminlA_EDTESF)L T fine-tuningfZ (&
TREC-500 9} Jlinearly separable

 BERTsmatlA_LEDEF )L T (I fine-tuningBIdD
BF . CTREC-50LA9 M &linearly separable

o <HRDICKDEENKREZED>

Task #clusters s linear Acc
pos ol 3036 NS0
DEP original N Y 8904
I
- S )
TREC-50 f&lﬁlal 32? ﬁ gi:éi

Table 3: The linearity of the last layer of BERT};,, for
each task.



Spatial Structure of Labels

* BERTbase (=|inear)7a_:5(‘]L§Q(Zfine—tuning':

A EDFEIEEEZ SR = fine-tuninghMED & s FE R EE (FIE N
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ZRI VS AY BN
clTD HR3)

A (FEREDZ(b=E L 3 SNIL
&ML 3 INILDOHZER

J2IZ LB R (B ERAE NN T (E7R 0N

= BRENGAZEEZ R~E

14
12
10

Supersense-Role

Speci
T et
—&— Stuff 00 &
<4 Co-Agent ‘!_"‘
—»— PartPortion
—=— SocialRel
o®
Pt }‘
-um-':':_,,,,,g.,am.ﬁv enacapiill
0 25 50 75 100 125 150 175
POS Tagging
® CCON| o o o°
SYM [
A~ PUNCT /_./'
/ e
R RS & ey
— AD p =
o A—xK
/‘/
.);"A
e RaEa
0 10 20 30 40 50 60 7O

16
14
12
10

OoON PO ®

Supersense-Function

ADIT S AL EDBDIS R

@ Stuff
Agent v
—&— Cost
< Characteristic | A
—»— Means
—— Gestalt
. ”
b- L
Fob Lapb gi ;-»“’ M::"’
444“““ - . —
0 25 50 75 100 125 150 175
Dependency
@ aux:pass .__._.--0"‘
cc e a
&— det ;o &
—— nmod;npmod Y, ‘._.f
—»— cc:precon] A Sy .-’\i'
+— obl:tmod ‘ f-’
™ / >
‘ P T .
\*f _‘*!-‘“’_—414—1-‘_‘—4
2“‘( re > ’/

0 10 20 30 40 50 60

70

Figure 6: The dynamics of the minimum distance of the three labels where the distance increases the most, and
three labels where is increases the least. The horizontal axis is the number of fine-tuning updates; the vertical axis is
chosen label’s minimum distance to other labels. These results come from the last layer of BERT .
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Figure 3: The PCA projection of three closest labels in
POS tagging task based on the first (left) and last (right)
layer of BERTy,. These lines show the paths of the
centroids of each label cluster during the fine-tuning.
The markers indicate the starting points. This figure is
best seen in color.



Cross-task Fine-tuning

F13B 5 XM TDfine-tuning XN R Z A&REIE

* Fine-tuning’@PS-fxn, PS-role, POSC

% ;h, % ﬂ% ﬁ/ﬂi L/PS-an_Cj__ =2 |\ fine—tuning irso—lz:lg #inci #def average inci 8 ;A;:;
e PS-role(dPS-fxn(IFE{AS XD PS-fxn PS-fxn 40 0 529 8958
POSPSRIDSISIRICTAT RO R R 5 s

B—d=ZR)L (ADP) Z{d59 3B

ﬁ&i‘j H"] &‘}J%D\%/ =N SDSFAZT  Table 5: Classification performances for PS-fxn task

using the last layer of BERTp,se when fine-tuning on

EM’S’ZO 0)15')_ D 37.. S I—'D—J + differgnt tasks. First row igdigates the untuned version.

The third and forth column indicate the number of labels

° 0 77\/9 FEﬁ@E!_ 'fEEFtE ﬁﬁ :E);E\'ﬂy{g A whose minimum distance is increased or decreased after
DT DiZE(SIEIN T DM R 4) fine-tuning. The second last column (average inc) shows

the average change of the minimum distance over all the
labels. The last column indicates the probing accuracy.
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Figure 5: The PCA projection of the difference vector
between the centroids of labels before and after fine-
tuning based on POS tagging task and BERTyse. 15
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1. Fine-tuning introduces a divergence between training and test sets, which is not severe enough
to hurt generalization in most cases

2. Fine-tuning adjusts a representation by grouping points with the same label into a small
number of clusters (ideally one)

3. Fine-tuning pushes the clusters of points representing different labels away from each other,
thus introducing large separating regions between labels

4. Fine-tuning for related tasks can also provide useful signal for the target task by altering the
distances between clusters representing different labels

5. Fine-tuning does not change the higher layers arbitrarily <tot°F&78Y ? >
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{JE%: Table 7: A complete table of the probing
results of five representations on five tasks

Representations  Task Acc Std  Best Layer Size  #Cluster  is Linear ~ Similarity
POS original 90.76  0.24 (256, 64) 3936 N -

fine-tuned 91.67 0.29 (64, 64) 20) N -

DEP original 86.74 0.22 (256, 256) 653 N -

BERT iy fine-tuned 89.04 0.20 (256, 256) 46 Y 0.88
PS_fxn original 74.14 142 (256, 256) 402 N -

fine-tuned 74.40 0.68 (256, 128) 40 Y 0.72

PS-role original 58.38 0.78 (256, 64) 46 Y 0.76

fine-tuned  60.31 0.29 (64, 64) 46 Y 0.70

i original 68.12 0.82 (256, 256) 399 N -

TREC-50 6 Cuned  84.04 0,93 (256, 256) 51 N i

POS original 93.81 0.10 (256, 32) 2429 N -

fine-tuned 94.91 0.03 (256, 32) 17 Y 0.70

DEP original 91.82 0.09 (256, 128) 46 Y 0.93

BERT yini fine-tuned 93.55 0.07 (256, 128) 46 Y 0.86
PS-fxn original 8245 1.07 (256, 256) 40 Y 0.77

fine-tuned 84.25 0.39 (256, 128) 40 Y 0.53

PS-role original 68.05 1.08 (256, 256) 46 Y 0.81

fine-tuned 71.90 1.06 (256, 64) 46 Y 0.59

original 74.12  1.25 (256, 256) 127 N -

TREC-50 4 tuned 8836 0.50 (64, 32) 52 N i



POS original 9426  0.13 (256. 32) 17 Y 0.96
finetuned 9543 0.06 (128. 64) 17 Y 0.72

SEp original 9293 0.14 (256. 64) 46 Y 0.93

BERT finetuned 94.48  0.14 (256. 64) 46 Y 0.78
b | onginal 8626 0.54 (256. 256) 40 Y 0.82

finetuned  85.08  0.35 (256. 256) 40 Y 0.44

PS-rol original 7422  1.03 (256, 256) 46 Y 0.84

O " fine-tuned 7457 0.6l (128, 128) 46 Y 0.54

original 81.32 0.61 (256, 128) 113 N -

TREC-S0 e uned  89.60  0.22 (256, 64) 51 N i

POS original 9440 008 (256. 128) 17 Y 0.97

finetuned  95.56  0.05 (64. 32) 17 Y 0.67

SEp original 9254 0.14 (256. 256) 46 Y 0.94

BERT edium fine-tuned 9476 0.20 (128, 128) 46 Y 0.79
pof  orginal  86.56 041 (256. 128) 40 Y 0.80

finetuned  88.45  0.45 (128. 256) 40 Y 0.59

pSro) original 7628  1.00 (256.32) 46 Y 0.83

-role fine-tuned 78.86  0.58 (128, 128) 46 Y 0.58

original  80.68 1.16 (256, 64) 110 N ]

TREC-S0 e wuned  89.80 0.3 (32. 64) 52 N -

pOS original 9339 031 (256. 128) 17 Y 0.97

finetuned  95.68  0.02 (128, 64) 17 Y 0.70

SEp original 8939  0.08 (256. 128) 46 Y 0.92

BERT e finetuned 9476 0.05 (64. 256) 46 Y 0.76
b Oniginal 8775 04l (256. 128) 40 Y 0.84

finetuned  89.58  0.67 (32.256) 40 Y 0.57

oo | Original 7449 084 (256. 128) 46 Y 0.82

finetuned 81.14  0.26 (256, 128) 46 Y 0.52

original 85.24 0.85 (256, 128) 162 N -

TRECS0 e tuned  90.36 032 (64, 32) 51 N :
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