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“Blue sofa In a white
room with a cactus to
Its right and a coffee
table in front”
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0.07, -1.00, 0.56 .

abalone -0.25 0.66.0.35 ..

. Relationships within the same list:
words that are more likely to
appear in similar contexts will be
zucchini 0.07, -1.00, 0.56 ... more similar

Zugzwang | o098, 071,
-009, 0.44, -073 ..

-0.17, 0.43, 003 .

‘ 3OIJ‘P‘$V\ |

S oo oar e e ar ar e GED G GED G GED GE TG T .




Text
e_mbe,o(ohng

ehoto of 3old‘PisIn"

“A
045| |0.25| [0.35
0.25| |0.7¢ #o.?sn
0.4¢| [0.05| [0.04
0.52| [0.6a| [0.0%
0.01| [0.32a] [0.25
0.05| [0.7¢ “0.74 v

OS‘('

|O°l?
'035,
'Oa'r'l
0131
,014'
.

'— — —

|

| A 4 .
v s ) ) & e
'.._:.,*(.3‘.". i P ';':,:. :
- o o A, s I ‘ :
..-2.0-_ ST, . l > ,", A e -
- > s X ! LS
LA |‘P’Pu$|on Mode g
. > "y Ve ‘..
4 ': <% 3 ...- ‘.0 odad .
- o o ¥ I~ - y ” 2

Textual Inversion

b B —
— —
——
Sy
—
—_—
S—
——
——

Ospplt/ NOISE * N

\. apply noiSe (n-‘l)

‘trammg sample

Qompo\(‘e




a  |-032,064,-049..
0.62, -0.65, -0.47 ..

0.07, 100, 056 ..

abalone -0.25, 0.66, 0.35 ...
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. words that are more likely to
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Federated textual inversion: aggregate
pseudo-word embedding vector
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However, there is a privacy leakage problem.
An attacker can directly generate similar
Images to this client based on its pseudo-word
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The averaged pseudo-word embedding
may lose learned features
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K.Zhou,J.Yang,C.C.Loy,andZ.Liu,“Conditional Prompt Learningfor Vision-Language Models,” in Proc. IEEE/CVF Conference on
Computer Vision and Pattern Recognition (CVPR), 2022, pp. 16 816-16 825.



Improving performance further — prototype
alighment
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Aggregat ed encodi ng prototypes
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Thank you ()



