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1: Summary 3: doc2vec embeddings (PVDM) 5: Proof ideas

This work = robustness of text vectorization w.r.t. word » Key idea: use document vector g € RY combined with local information to > K_e¥ |.dea.: chanillng the document (x to X) changes the
minimization problem

replacements | predict missing word in context A
Motivation: adversarial examples, certifiability;, ... » Context: for a given window sizev > we go from minimizing F to G, where
Previous work: does not take into account the text-to-vector | 1
step (vectorization) vt elll c(t) = (Xemvy o X1 Xep1, - Xeg) (9} TtZ 8lyex

» Local information: average or concatenate one-hot vectors 1 C anal (s =
Main result: classical vectorizers are robust to small pertur- vt e [T o 1 i e RD and L anaiogous Tor o
bations of input document te L], =5y xs © - » we interpolate be’Fween F and G, minimizing

wvo Vhe [0,1], W"(, q) = nG(g) + (1—wF(q).

A » Parameters: P € R?*P, R € RP*P
: Leftinitions > Prediction: o(y;), with » fictitious embedding g() -z
. _ D . . ~
» Tokens: (sub-)words, characters... Belong to dictionary vt e [T], yt = R(Ph: + q) = m: + Rq € R”. > dynamics of trajectory
identified with [D]. » Training: on a corpus with documents governed by an ODE z: —
» Document: x = ordered sequence of tokens > preC|.se contrc?.l of this ODE, ol
(x1,...,x7), T = length of the document, x; € [D] Vi |\/||Pn|QmA!ze Z Z log o'(y MOp proving a GVO"WE‘"_— e 0 2q
» Vectorizer: mapping ¢ transforming document x into - 'tex Bellman— Bahouri result R S
vector @(x) € IRY » Inference: freeze P and R

» Robust: Holder for Hamming distance on documents
and Euclidean distance on embeddings:

|o(x) —@(y)|| < Ldu(x, y)".

» several classical choices for Q:
» TF-IDF: term-frequency inverse document frequency, historical R c RDX

approach; .
> concatenation: associate each token to a vector u. (word (O o O] ‘] (average/concatenation)
P
1

OO
vector), add / concatenate positional embedding: P c RIXD D P
ulxe, t) = [uelx); up(t)]. 1€ R
Then concatenate all word vectors together; . .
> _ . .
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6: Experiments
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4: Theoretical results P
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Theorem: concatenation, (TF-IDF,) and doc2vec embeddings are robust: 915 06
x 2 g0,
tOken H(p(x)_(p(y) | < LdH(XJ/) %10- %0-4
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positional (
. up(x1) Up(x2) Uy (XT) __ -
embeddings P P P > L =0 | max;kes ||te(j) — el k)| » [ =0 (1/T) Ref
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