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EmbedDistill: A Geometric Knowledge Distillation
for Information Retrieval (Supplementary)

Correction of Table 3 in the main body

We found that the Table 3 in our manuscript contains a couple of typos (mixing MRR with NDCG)
and have corrected with the below (updated entry is in red color). We will update the table in the final
version of the paper.

Table 3: Performance of various DE models on MSMARCO dev set for both re-ranking and retrieval tasks (full
corpus). The teacher model (110.1M parameter BERT-base models as both encoders) for re-ranking achieves
MRR @10 of 36.8 and that for retrieval get MRR@ 10 of 37.2. The table shows performance (in MRR@10) of
the symmetric DE student model (67.5M or 11.3M transformer as both encoders), and asymmetric DE student
model (67.5M or 11.3M transformer as query encoder and document embeddings inherited from the teacher).

Method Re-ranking Retrieval
67.5M 11.3M 67.5M 11.3M
Train student directly 27.0 25.0 22.6 18.6
+ Distill from teacher 34.6 30.4 35.0 28.6
+ Inherit doc embeddings 352 32.1 35.7 30.3
+ Query embedding matching ~ 36.2 35.1 37.1 354
+ Query generation 36.2 34.4 37.2 34.8
Train student using only
embedding matching and
inherit doc embeddings 36.5 335 36.6 31.4
+ Query generation 36.5 34.1 36.7 32.8
A Loss functions
L_LSeedlea CIL_JCieytantians (71 Special tokens ][Il Query & doc tokens
P sﬁf".e‘[bf-’”d — Soore. Score ——— Score-based distillation —— score
W- istillation ‘/ \\\- //// \\\\\\ ///// \\\\\\
Poo\in; PoolmgT T T
Pooling Pooling Pooling Pooling
Teacher Student Query Student Doc Teacher Query Teacher Doc Student Query Student Doc
Cross Encoder ‘ Encoder ‘ ‘ Encoder Encoder Encoder Encoder Encoder
i ‘ t 1
00 O . == O - - T T - e H—.. -
Query tokens Doc tokens Query tokens Doc tokens ory akens o0 tokens uery tokens 0 tokens

(a) Score-based CE to DE disillation (b) Score-based DE to DE distillation
Figure 2: Illustration of score-based distillation for IR (cf. Section 2.2). Fig. 2a describes distillation from a
teacher [CLS]-pooled CE model to a student DE model. Fig. 2b depicts distillation from a teacher DE model
to a student DE model. Here, both distillation setups employ symmetric DE configurations where query and
document encoders of the student model are of the same size.

Here, we state various (per-example) loss functions that most commonly define training objectives
for IR models. Typically, one hot training with original label is performed using softmax-based
cross-entropy loss functions:

A - exp(s(g;, di,;))
Hsaanys) = Z Y log< > GXP(S(Qiydij'))). ©)
Jelr] sel) ’

Alternatively, it is also common to employ a one-vs-all loss function based on binary cross-entropy
loss as follows:

1
U(sq,a,,¥i) = — Z <yi7j~log(1 + eXp(—S(Qiadi,j))) "

JE(L]

(1 = i) - log (1 + exp(ls(qz‘, dm‘)))) o
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Note that d; = {d; ; } je[z) can be expanded to include various forms of negatives such as in-batch
negatives [21] and sampled negatives [3].

As for distillation (cf. Figure 2), one can define a distillation objective based on the softmax-based
cross-entropy loss as:®

exp(s ;)

exp(s; ;)
La(sS 4,88 4)=— ( -log A >, (11)
( q,d; q,dl) Z] Zj’e[L] eXp(Sg"j/) (Zj/e[L] exp(saj/))

Jje(L

where s{ ; := 5%(qi, d; ;) and s} ; := 5%(gi, d; j) denote the teacher and student scores, respectively.
On the other hand, the distillation objective with the binary cross-entropy takes the form:

1 1
Ed(SZde:}di) = - Z ( t IOg s +
s 1 + exp(—s;;) (1 + exp(—sm))
1 1
S N N  E
1+ exp(s;?’j) 8 \1 + exp(s§7j) > (12)

Finally, distillation based on the meas square error (MSE) loss (aka. logit matching) employs the
following loss function:

la (StSLdi’ S:;Ldi) = Z (st(qi7 diJ) - ss(qia di,j)>2' (13)

JE[L]

B Dual pooling details

In this work, we focus on two kinds of dual pooling strategies:

* Special tokens-based dual pooling. Let poolcy,g and poolgyp denote the pooling operations
that return the embeddings of the [CLS] and [SEP] tokens, respectively. We define

embfﬂ_(q’d) = poolg s (Enc'()),
embly, (, ) = PoOlggp (Enc'(5)), (14)
where o denotes the input token sequence to the Transformers-based encoder, which consists of {

query, document, special } tokens.

* Segment-based weighted-mean dual pooling. Let Enc'(6)|o and Enc’(5)|p denote the final
query token embeddings and document token embeddings produced by the encoder, respectively.
We define the proxy query and document embeddings

t

q<(g,d)

embfi<_(q7d) = meany (Enc'(5)|p), (15)

emb = meany (Enc'(9)|q),

where meany(-) denotes the weighted mean operation. We employ the specific weighting scheme
where each token receives a weight equal to the inverse of the square root of the token-sequence
length.

C Deferred details and proofs from Section 3

In this section we present more precise statements and proofs of Theorem 3.1 and Proposition 3.2
(stated informally in Section 3 of the main text) along with the necessary background. First, for the
ease of exposition, we define new notation which will facilitate theoretical analysis in this section.

Notation. Denote the query and document encoders as f: Q — R and g: D — RF for the student,
and F': Q — RF G: D — R for the teacher (in the dual-encoder setting). With ¢ denoting a query
and d denoting a document, f(q) and g(d) then denote query and document embeddings, respectively,
generated by the student. We define F'(q) and G(d) similarly for embeddings by the teacher.’

%It is common to employ temperature scaling with softmax operation. We do not explicitly show the
temperature parameter for ease of exposition.

"Note that, as per the notations in the main text, we have (f,g) = (Enc},Ench) and (F,G) =
(Encg, Enc)). Similarly, we have (emb}, emb}) = (f(q), g(d)) and (embf;, emby) = (F(q), G(d)).
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714 Theorem C.1 (Formal statement of Theorem 3.1). Let F and G denote the function classes for
715 the query and document encoders for the student model, respectively. Given n examples &, =
716 {(qirdivyi) Yiegn) € Q x D x {0,1}, let s°(q,d) = s79(q;,d;) = f(q:)Tg(d;) be the scores
717 assigned to the (q;, d;) pair by a dual-encoder model with f € F and g € G as query and document
718 encoders, respectively. Let ¢ and {4 be the binary cross-entropy loss (cf. Eq. 10 with L = 1) and the
719 distillation-specific loss based on it (cf. Eq. 12 with L = 1), respectively. In particular,

0(s"% (i, di), yi) == —yilogo (F(g:) " G(dy)) — (1 —yi)log [1 — o (F(g:) " G(dy))]
Ca(sh9(qi, di), s (qi, i) := —0 (Fg:) " G(d;)) -logo (f(g:) "g(dy)) —
[1—0 (F(a) G(d))]-log [1 — o (f(a) " g(d))],

720 where o is the sigmoid function and s* := s™C denotes the teacher dual-encoder model with F and
721 Q as its query and document encoders, respectively. Assume that

722 1. All encoders f, g, F, and G have the same output dimension.
723 223 K € (0,00) such that sup,comax{|[f(q)ll2; |[F(¢)llz} < K and
724 supgep max {||g(d)|2, |G(d)[|2} < K.

725  Then, we have

E[s79(q,d)] — E[s"%(q,d)] < sup |R(s"9,5798,) —E [ta(s/9(q,d),s"(q,d))]|

(f,9)€F %G
:=R(s5)=R(sf9) :=R(s*)=R(sFG)
=&, (F,9)
o (L 3 o) - Gl + LS I1@) - Fla)le) +REs7:5,) - RS
7‘6[ ] =A(s%8,)
‘=Rpmb,D (t,58n) :=REmb,q (t,5:8n)
+ K2 (E[|o(F(9)TG(@) - o] + Z o (F(a5) T G(di) = ] ) (16)

726 Proof. Note that
R(s"9) — R(s"%) = R(s"9) — R(s79,s"%) + R(s/9, s°C) — R(s")

< KR [Jo(F(@)TG(d) - y]] + R(s"9, s%) — R(s")
= K’E [|o(F(q)TG(d)) - yH + R(sh9, 1) — R(s79,s5°C,8,) +
R(sf’g, sF’G; Sn) — R(sF’G)

< KE [|o(P(q) G(d) — o] + £a(5,9) + R(s"9, 5798, - R(:"C)

= K°E [|o(F(q)"G(d)) — y|] + €n(F,G) + R(s/9, 59 8,,) — R(s7;8,) +
R(s"%;8,) — R(s")

(g K?E [|o(F(q)"G(d)) — y|] + €n(F.9) + R(s"%;8,) — R(s"F) +

=A(s%8,)
2K
Z l9(d, (di)ll2 + =~ > I (a) = Flaillz +
i€[n] i€[n]
— > |0 (Fla) ' G(d) — il (17)
i€[n]

727 where (a) follows from Lemma C.3, (b) follows from the definition of &, (F,G), and (c) follows
728 from Proposition C.2. O
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C.1 Bounding the difference between student’s empirical distillation risk and teacher’s
empirical risk

Lemma C.2. Given n examples 8, = {(qi,di, yi)}icn) C Q x D x {0,1}, let s/9(q;,d;) =

f(q:)* g(d;) be the scores assigned to the (q;,d;) pair by a dual-encoder model with f and g as
query and document encoders, respectively. Let { and £q be the binary cross-entropy loss (cf. Eq. 10
with L = 1) and the distillation-specific loss based on it (cf. Eq. 12 with L = 1), respectively. In
particular,

K( (ql, d;),yi) := —y;logo (F(qi)TG(di)) —(1—y;)log [1 -0 (F(qi)TG(di))]
Ca(s79(qid;), s (i, di)) = —0 (Fq:) T G(dy)) -log o (f(qi) " g(ds)) —
[1—0 (F(g:) " G(dy))] - log [1— o (f(a:)Tg(dy))],

where o is the sigmoid function and s™'C denotes the teacher dual-encoder model with F and Q as
its query and document encoders, respectively. Assume that

1. All encoders f, g, F, and G have the same output dimension k > 1.

223 K € (0,00) such that sup,comax{|[f(q)ll2; |F(¢)llz} < K and
supgep max {[|lg(d) |2, |G(d)]2} < K.

Then, we have

72&1 q“l’ q“i _7Z£ Fqua z)_

i€[n]
Z lg(d; d)lls + = Z £ (@) — F(ai)ll2 +
i€[n]
K2
— 3" o (Fla:)"G(dy)) — wil - (18)

Proof. We first note that the distillation loss can be rewritten as

la(s79(q,d),s"%(q,d)) = (1 - o(F(a) " G(d)) f(a) " g(d) + (= f(a) "9(d)),

where y(v) := log[1 + €] is the softplus function. Similarly, the one-hot (label-dependent) loss can
be rewritten as

(s (q.d),y) = (1 = y)F ()" G(d) +7(~F(q) ' G(d)).

Recall from our notation in Section 2 that

1
R(sf,g,sF,G;Sn) = n Z gd(sf’g((hadi)vSRG(q“di))’ (1
i€[n]
1
R(s™%:80) o= 2 ) €(s" (i i) i) e
i€([n]

as the empirical risk based on the distillation loss, and the empirical risk based on the label-dependent
loss, respectively. With this notation, the quantity to upper bound can be rewritten as

R(s"9,57%:8,) — R(s"C:8,) = R(s79, 5% 8,) — R(sC, 57 8,,) +
2:D1
R(s7,s7C:8,) — R(s™%, 579 8,) + R(s", s 8,) — R(s™;8,) . (21)

=0, =03

We start by bounding [J; as

1
C=— Z (ed(sf’g(%',di),SF’G<(]i7di)) —{q (Sf’G(qi,di),SF’G((]iadi)))

i€[n]
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(1= o(F(a)TG(d:) () g(d:) +(Fla:) T g(dh))

S|

i

m

[n

-(1- a(F(q»TG(di))) fa) T G(d) = 2(=F(a)TG(d))
2 (a0 (o(0) = Gla) (1 ~o(Fla)TG(4)

3\)—‘

+ (= F(a) T9(di) = A(~f(a:) T G(dy)))
LS (7)ot — G) (1~ 0 (@) G) + |a) gtd) — Fla) G )

i€[n]

© ; > (llf(qz llg(ds) — G(da)ll (1 — o (F(a:) " G(di)) + I (ai)lllg(d:) _G(di)H)
i€ln]

< % 3" llg(ds) — Gdi)l2 (2 — o(F(a:) TG(d)) )
i€[n]

<2 Z lo(ds) = G(d)|2, -

749 where at (a) we use the fact that 7 is a Lipschitz continuous function with Lipschitz constant 1, and
750 at (b) we use Cauchy-Schwarz inequality.

751 Similarly for U, we proceed as

_! Z <€d(8f’G(Qi7di Yqidi)) — La(s™ (Qi,dz‘),SF’G(Qi,di)D

ze [n]

= =5 (1= o(F(a) T 6(d) Fla)TGlde) +(~Far) T G(d:))

ze[n]
- (- a(F(anG(di))) Fla) T G(di) = v(~F(a:)TG(d))

=3 (6 ~ Fla)) (1 - o(Fla)TG(d)
ze[n]
+9(=Fla) G(dh)) = 7(~Fla:)TG(d)))
< = 57 (161 (@) — Fla)l| + [ £a) Gl — Fla) TG (dy)])

i€[n]

<25 5 @) - Fla @3

i€[n]
752 [z can be bounded as

O3 = R(s™¢, 579 8,) — R(s™:8,,)
1
=— Z (ed(sF%i,di>,sF’G(qi,di>) — (" (g, i), yz))
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<2 S () TG . 24)

1€[n]
Combining Eq. 21, 22, 23, and 24 establishes the bound in Eq. 18. O
Lemma C.3. Given an example (q,d,y) € Q x D x {0,1}, let s/9(q,d) = f(q)"g(d) be the
scores assigned to the (q,d) pair by a dual-encoder model with f and g as query and document

encoders, respectively. Let { and {4 be the binary cross-entropy loss (cf. Eq. 10 with L = 1) and the
distillation-specific loss based on it (cf. Eq. 12 with L = 1), respectively. In particular,

U(s"9(q,d),y) = —ylogo (f(q) "g(d)) — (1 —y)log [1 — o (f(q) "g(d))]
ta(s"9(q,d),s"%(q,d)) == —o (F(q) " G(d)) -log o (f(q) " g(d)) —
[1—0(F(q)"G(d))]log [1— o (f(q) g(d))],

where o is the sigmoid function and s™C denotes the teacher dual-encoder model with F and Q as
its query and document encoders, respectively. Assume that

1. All encoders f, g, F, and G have the same output dimension k > 1.

23 K € (0,00) such that sup,comax{|[f(q)ll2; |[F(¢)llz} < K and
supgep max {[|lg(d)|2, |G(d)]2} < K.

Then, we have

E[¢(s"9(q,d),y)] —E [ta(s"9(q,d),s"(q,d))] < KqKpE[|o(F(q)"G(d)) —y|] (25)

;:R(sfyy) ;:R(sf,g75F,G)

where expectation are defined by a joint distribution P(q,d,y) over Q x D x {0,1}

Proof. Similar to the proof of Proposition C.2, we utilize the fact that

(s (q.d),y) = (1 = y)F(a) " G(d) +7(~F(a) " G(d)),
la(s79(q.d), 5™ (¢.d)) = (1= o(F() G(d)) f(@) g(d) + (= (@) g(d)),

where y(v) := log[1 4 €] is the softplus function. Now,

E [((s9(q, d),y) — La(s9(q.d), 5" (q,d))] (26)
=E[(1- y)f(q)Tg( ) ( f(@)"g(d))
—E[(1-0(F(q)"G(d))) f(g) "g(d) +v(—F(g) " 9(d))]
~E[(1-y-( —a( (a) G(d)) ) Fla)TG(d)]
< K’E [|o(F(q)"G(d)) - 9] , 27)
which completes the proof. O

C.2 Uniform deviation bound

Let F denote the class of functions that map queries in Q to their embeddings in R* via the query
encoder. Define G analogously for the doc encoder, which consists of functions that map documents in
D to their embeddings in R*. To simplify exposition, we assume that each training example consists
of a single relevant or irrelevant document for each query, i.e., L = 1 in Section 2. Let

FG={(q,d) — f(q)"g(d) | f€F,geg}

Given 8,, = {(¢;,d;, yi) : i € [n]}, let N (e, H) denote the e- covermg number of a function class H
with respect to Lo (IP,,) norm, where ||hHL2(]P,n) [R)2 = 25" |h(qi, ds)||3. Depending on the

context, the functions in H{ may map to R or R%.
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Proposition C.4. Let s* be scorer of a teacher model and {4 be a distillation loss function which is
Ly, -Lipschitz in its first argument. Let the embedding functions in I and G output vectors with {5
norms at most K. Define the uniform deviation

1
En(gjv 9) = fe?geg ﬁ Zze[n] éd (f(Qi)Tg(di)v sf},;,dl) - ]Eq,dgd (f(q)Tg(d), S;,d) .

For any g* € G, we have

48K L
Es. €n(F,S) < Eg, 28 Lt

/00 V1og N(u,F) +log N(u, ) du
0

Egnen(a{g*})gEsﬂ/%fjﬁLfd/ Viog N(u, F) du.
0

Proof of Proposition C.4. We first symmetrize excess risk to get Rademacher complexity, then bound
the Rademacher complexity with Dudley’s entropy integral.

For a training set §,,, the empirical Rademacher complexity of a class of functions J{ that maps
Q x D to R is defined by

Rad, () = E, :g}}){nzsz i, di),

where {¢;} denote i.i.d. Rademacher random variables taking the value in {+1, —1} with equal
probability. By symmetrization [4] and the fact that ¢4 is L, -Lipschitz in its first argument, we get

Es, £,(F,9) < 2Ly, Es, Rad, (F9).
Then, Dudley’s entropy integral [see, e.g., 25] gives

Rad,,(F9) < %/ V1og N(u,F9) du.
0

From Lemma C.5 with Ko = Kp = K, forany u > 0,

U U
< — — .
N(w,59) < N (52,5 N (5:=,9)
Putting these together,

24L,,
NG

Following the same steps with G replaced by {g*}, we get

en(F.{g"}) < 24%/ Viog N(u/2K,F) du (29)

By changing variable in Eq. 28 and Eq. 29, we get the stated bounds. O

Es, £.(F,9) < Viog N(u/2K,F) + log N (u/2K, G) du. (28)
0

For f: Q — RF g: D — RF, define fg: Q x D — Rby fg(q,d) = f(q) " g(d).
Lemma C.5. Let f1,..., fn be an e-cover of F and g1, . .., gy be an e-cover of G in Lo(P,,) norm.
Let supcgsup,eq || f(q)ll2 < Kq and sup g sup eqp [|9(d)||2 < Kp. Then,

{figj | i €[Nl j € [M]}
isa (Kg + Kp)e-cover of FG.

Proof of Lemma C.5. For arbitrary f € F,g € G, there exist f € {f1,.. fnbged{ggm}
such that || f — f||n < ¢,]lg = §lln < €. Ttis sufficient to show that || fg — f§ll, < (Kq + Kp)e.

Decomposing using trlangle inequality,
1fg = Falln = Ilfg = £+ f3— Filln
<IIfg—=falln+ 1175 = f3lln- (30)
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To bound the first term, using Cauchy-Schwartz inequality, we can write

fz< f() (l)) <supr )3 - ZHQ 9)(d)]I3

Therefore
”fg - fg”n < KQ”Q - §7||n < KQE.
Similarly

1/ = Falln < Kpllf = flln < Kpe
Plugging these in Eq. 30, we get

I1fg — filln < (Kq + Kp)e.
This completes the proof. 0

D Evaluation metric details

For NQ, we evaluate models with full strict recall metric, meaning that the model is required to find a
golden passage from the whole set of candidates (21M). Specifically, for £ > 1, recall@k or R@k
denotes the percentage of questions for which the associated golden passage is among the k passages
that receive the highest relevance scores by the model. In addition, we also present results for relaxed
recall metric considered by Karpukhin et al. [20], where R@Fk denotes the percentage of questions
where the corresponding answer string is present in at least one of the & passages with the highest
model (relevance) scores.

For both MSMARCO retrieval and re-ranking tasks, we follow the standard evaluation metrics Mean
Reciprocal Rank(MRR)@ 10 and normalized Discounted Cumulative Gain (nDCG)@10. For retrieval
tasks, these metrics are computed with respect to the whole set of candidates passages (8.8M). On
the other hand, for re-ranking task, the metrics are computed with respect to BM25 generated 1000
candidate passages —the originally provided— for each query. Please note that some papers use more
powerful models (e.g., DE models) to generate the top 1000 candidate passages, which is not a
standard re-ranking evaluation and should not be compared directly. We report 100 x MRR@10 and
100 x nDCG@10, as per the convention followed in the prior works.

E Query generation details

We introduced query generation to encourage geometric matching in local regions, which can aid
in transferring more knowledge in confusing neighborhoods. As expected, this further improves the
distillation effectiveness on top of the embedding matching in most cases. To focus on the local
regions, we generate queries from the observed examples by adding local perturbation in the data
manifold (embedding space). Specifically, we employ an off-the-shelf encoder-decoder model —
BART-base [27]. First, we embed an observed query in the corresponding dataset. Second, we add a
small perturbation to the query embedding. Finally, we decode the perturbed embedding to generate
a new query in the input space. Formally, the generated query z’ given an original query x takes the
form 2’ = Dec(Enc(z) + €), where Enc() and Dec() correspond to the encoder and the decoder
from the off-the-shelf model, respectively, and ¢ is an isotropic Gaussian noise. Furthermore, we also
randomly mask the original query tokens with a small probability. We generate two new queries from
an observed query and use them as additional data points during our distillation procedure.

As a comparison, we tried adding the same size of random sampled queries instead of the ones
generated via the method described above. That did not show any benefit, which justifies the use of
our query/question generation method.

F Experimental details and additional results

F.1 Additional training details
Optimization. For all of our experiments, we use ADAM weight decay optimizer with a short warm

up period and a linear decay schedule. We use the initial learning rate of 10~° and 2.8 x 10~° for
experiments on NQ and MSMARCO, respectively. We chose batch sizes to be 128.
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F.2 Additional results on NQ

See Table 6 for the performance of various DE models on NQ, as measured by the relaxed recall
metric.

Table 6: Relaxed recall performance of various student DE models on NQ dev set, including symmetric DE
student model (67.5M or 11.3M transformer for both encoders), and asymmetric DE student model (67.5M or
11.3M transformer as query encoder and document embeddings inherited from the teacher). All distilled students
used the same teacher (110M parameter BERT-base models as both encoders), with the performance (in terms
of relaxed recall) of Recall@5 = 87.2, Recall@20 = 94.7, Recall@100 = 98.1. Note: the proposed method can
achieve 100% of teacher’s performance even with 2/3"% size of the query encoder, and 92-97% with even 1/10t"
size.

Recall@5 Recall@20 Recall@100
Method
67.5M 11.3M 67.5M 11.3M 67.5M 11.3M
Train student directly 62.5 49.7 82.5 73.0 93.7 88.2
+ Distill from teacher 82.7 66.1 92.9 84.0 97.3 93.1
+ Inherit document embeddings 84.7 73.0 93.7 85.4 97.6 933
+ Query embedding matching 87.2 77.6 95.0 88.0 97.9 94.3
+ Query generation 87.8 80.3 94.8 89.9 98.0 95.6
Train student only using embedding
matching and inherit doc embeddings ~ 86.4 69.1 94.2 81.6 97.7 89.9
+ Query generation 86.7 72.9 94.4 84.9 97.8 92.2

F.3 Additional results on MSMARCO
F.3.1 DE to DE distillation

See Table 7 for DE to DE distillation results on MSMARCO retrieval and re-ranking task, as measured
by the nDCG@ 10 metric (see Section 5.2 for the results on MRR @ 10 metric).

Table 7: Performance of various DE models on MSMARCO dev set for both re-ranking (original top1000) and
retrieval tasks (full corpus). The teacher model (110.1M parameter BERT-base models as both encoders) for
reranking achieves nDCG@10 of 42.7 and that for retrieval get nDCG@10 44.2. The table shows performance
(in nDCG@10) of the symmetric DE student model (67.5M or 11.3M transformer as both encoders), and
asymmetric DE student model (67.5M or 11.3M transformer as query encoder and document embeddings
inherited from the teacher).

Method Re-ranking Retrieval
67.5M 11.3M 67.5M 11.3M

Train student directly 322 29.7 27.2 22.5
+ Distill from teacher 40.2 35.8 413 34.1
+ Inherit doc embeddings 41.0 37.7 422 36.2
+ Query embedding matching ~ 42.0 40.8 43.8 419
+ Query generation 42.0 40.1 43.8 41.2

Train student using only

embedding matching and

inherit doc embeddings 4.3 39.3 433 37.6
+ Query generation 42.3 39.9 434 39.2

F.3.2 CE to DE distillation

See Table 8 for CE to DE distillation results on MSMARCO re-ranking task, as measured by the
nDCG@ 10 metric (see Section 5.3 for the results on MRR @ 10 metric).

CE to DE distillation with stronger teacher model. Recall that the CE to DE distillation exploration
in Section 5.3 employs a dual-pooled RoBERTa-base model as the teacher. We now utilize a much
stronger CE teacher model to further showcase the effectiveness of EmbedDistill for CE to DE
distillation on MSMARCO re-ranking task. In particular, we convert SimLM [CLS ]-pooled CE model®
to a dual-pooled CE model via standard score-based distillation (cf. Section 2.2). We subsequently
utilize the resulting dual-pooled version of the SimLLM CE model as a teacher to perform CE to DE

8https://github.com/microsoft/unilm/tree/master/simlm
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Table 8: Performance of CE to DE distillation on MSMARCO re-ranking task, as measured by the nDCG@ 10
metric. As for the teacher CE models, we consider two kinds of CE models based on two different pooling
mechanism.

Method nDCG@10
[cLS]-pooled teacher 43.0
Dual-pooled teacher 42.8
Standard distillation from [CLS]-teacher 38.8
+Joint matching 38.0
Standard distillation from Dual-pooling teacher 39.2
+Query matching 394

distillation via embedding alignment. Similar to DE to DE distillation (cf. Section 5.2), we aim to
identify the utility of various components of EmbedDistill in our exploration. See Table 9 for the
results.

Interestingly, we also explore distilling dual-pooled CE model to an asymmetric DE model. In
this setting, DE model simply inherits the document embeddings from the CE model. Crucially,
the inheritance of the document embedding from the dual-pooled CE model can be done offline
as we feed an empty query along with the document (separated by the [SEP] token) to obtain the
document embedding from the dual-pooled CE model. Thus, the excellent performance of distillation
to an asymmetric DE model (which inherits document embeddings from the dual-pooled CE model)
not only showcases the power of embedding alignment via EmbedDistill but it also highlights the
effectiveness of dual-pooling method employed at the teacher.

Table 9: Performance of various DE models obtained via CE to DE distillation on MSMARCO dev set for
re-ranking (original top1000). The teacher model is a dual-pooled version of the SimLLM model which achieves
MRR @10 of 40.0 nDCG@10 of 45.8. The table shows performance of the symmetric DE student model (67.5M
as both encoders), and asymmetric DE student model (67.5M transformer as query encoder and document
embeddings inherited from the dual-pooled teacher). Note that the document embeddings used during inheritance
are generated in a query-independent manner from the CE teacher model (with an empty query).

Method MRR@10 nDCG @10
Train student directly 27.0 322

+ Distill from teacher 33.2 38.7

+ Inherit doc embeddings 354 41.0

+ Query embedding matching 36.1 41.7

+ Query generation 36.3 42.0

Train student using only

embedding matching and

inherit doc embeddings 36.9 42.6
+ Query generation 36.8 42.5

Standard distillation
from [CLS]-teacher 32.8 38.4

F.4 Additional results on BEIR benchmark

See Table 10 (NDCG@10) and Table 11 (Recall@ 100) for BEIR benchmark results. All numbers
are from BEIR benchmark paper [57]. As common practice, non-public benchmark sets’, {BioASQ,
Signal-1M(RT), TREC-NEWS, Robust04}, are removed from the table. Following the original BEIR
paper [57] (Table 9 and Appendix G from the original paper), we utilized Capped Recall@ 100 for
TREC-COVID dataset.

*https://github.com/beir-cellar/beir
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Table 10: In-domain and zero-shot retrieval performance on BEIR benchmark [57], as measured by nDCG @10.
All the baseline number in the table are taken from [57]. We exclude (in-domain) MSMARCO from average
computation as common practice.

Model (—) Lexical Sparse Dense
Dataset (1) BM25 DeepCT SPARTA docTSquery DPR ANCE TAS-B GenQ SentenceBERT —EmbedDistil
(our teacher) (ours)
MS MARCO 228 29.6% 35.1% 33.8¢ 177 38.8F  40.8% 408! 47.1% 46.6*
TREC-COVID 65.6 40.6 53.8 713 332 654 48.1 61.9 75.4 723
NFCorpus 325 28.3 30.1 32.8 189 237 31.9 31.9 31.0 30.7
NQ 329 18.8 39.8 39.9 4744 446 463 35.8 51.5 50.8
HotpotQA 60.3 50.3 492 58.0 39.1 456 58.4 53.4 58.0 56.0
FiQA-2018 23.6 19.1 19.8 29.1 112 295 30.0 30.8 31.8 29.5
ArguAna 31.5 30.9 27.9 34.9 175 415 29 493 38.5 349
Touché-2020 36.7 15.6 17.5 34.7 131 240 162 182 229 24.7
CQADupStack 29.9 26.8 25.7 325 153 296 31.4 34.7 335 30.6
Quora 78.9 69.1 63.0 80.2 248 852 83.5 83.0 84.2 81.4
DBPedia 31.3 17.7 31.4 33.1 263 28.1 38.4 32.8 377 359
SCIDOCS 15.8 12.4 12,6 16.2 077 122 14.9 143 14.8 14.4
FEVER 75.3 35.3 59.6 71.4 562  66.9 70.0 66.9 76.7 76.9
Climate-FEVER 21.3 06.6 08.2 20.1 148  19.8 22.8 17.5 23.5 225
SciFact 66.5 63.0 582 67.5 31.8 507 64.3 64.4 59.8 55.5
AVG (w/o MSMARCO) ~ 43.0 31.0 35.5 44.4 255 405 428 425 45.7 44.0

Table 11: In-domain and zero-shot retrieval performance on BEIR benchmark [57], as measured by Recall@100.
All the baseline number in the table are taken from [57]. { indicates in-domain retrieval performance. *
indicates capped recall following original benchmark setup. We exclude (in-domain) MSMARCO from average
computation as common practice.

Model (—) Lexical Sparse Dense

Dataset (1) BM25 DeepCT SPARTA docT5query DPR ANCE TAS-B  GenQ Sf;‘;f‘t‘:;gng E’“‘(’:’ffs’)'s“"
MS MARCO 65.8 75.2% 79.3 81.9* 552 852F 884+ 884t 91.7% 90.6%
TREC-COVID 49.8* 34.7% 40.9* 54.1* 212% 457  387F 456" 54.1% 48.8*
NFCorpus 25.0 235 243 253 208 232 280 280 27.7 26.7
NQ 76.0 63.6 78.7 83.2 88.0f  83.6 90.3 86.2 91.1 89.9
HotpotQA 74.0 73.1 65.1 70.9 591 578 728 673 69.7 68.3
FiQA-2018 53.9 48.9 44.6 59.8 342 581 59.3 61.8 62.0 60.1
ArguAna 94.2 93.2 89.3 97.2 751 937 942 978 89.2 87.8
Touché-2020 53.8 40.6 38.1 55.7 301 458 43.1 45.1 453 455
CQADupStack 60.6 54.5 52.1 63.8 403 579 622 654 63.9 61.3
Quora 97.3 95.4 89.6 98.2 470 987 986 988 98.5 98.1
DBPedia 39.8 372 41.1 36.5 349 319 499 431 46.0 42.6
SCIDOCS 35.6 314 29.7 36.0 219 269 335 332 325 31.5
FEVER 93.1 73.5 84.3 91.6 840  90.0 937 928 93.9 93.8
Climate-FEVER 43.6 232 227 427 390 445 534 450 493 47.6
SciFact 90.8 89.3 86.3 91.4 727 816 89.1 89.3 88.9 87.2
AVG (w/o MSMARCO)  63.4 55.9 56.2 64.7 477 60.0 64.8 642 65.1 63.5
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F.5 Additional results with single-stage trained teachers

Hereby we evaluate EmbedDistill with a simple single-stage trained teachers instead of teachers
trained in complex multi-stage frameworks, in order to test the generalizability of the method.

Similar to Table 1, we conducted an experiment on top of single-stage trained teacher based on
RoBERTa-base instead of AR2 [63] in the main text. We also changed the student to be based on
DistilRoBERTa or RoBERTa-mini accordingly for simplicity to use same tokenizer.

Table 12 demonstrates that EmbedDistill provides a significant boost of the performance on top of
standard distillation techniques similar to what we observed in Table 1.

Table 12: Full recall performance of various student DE models on NQ dev set, including symmetric DE student
model, and asymmetric DE student models. All students used the same in-house teacher (124M parameter
RoBERTa-base models as both encoders), with the full Recall@5 = 64.6, Recall@20 = 81.7, and Recall@100 =
91.5.

Method 6-Layer (82M) 4-Layer (16M)
R@5 R@20R@100 R@5 R@20 R@100

Train student directly 419 645 820 395 599 763
+ Distill from teacher 483 672 809 449 61.1 748
+ Inherit doc embeddings 569 743 854 472 640 770
+ Query embedding matching  61.8 78.7  89.0 56.7 74.6 859
+ Query generation 61.7 794 89.6 57.1 752  86.7

Train student using only

embedding matching and

inherit doc embeddings 63.7 803 90.3 579 746 857
+ Query generation 64.1 805 904 589 76.0 86.6

Furthermore, we also consider a in-house trained teacher (RoBERTa-base) for MSMARCO re-ranking
task. Table 13 demonstrates a similar pattern to Table 3, providing evidence of generalizability of
EmbedDistill.

Table 13: Reranking performance of various DE models on MSMARCO dev set. We utilize a RoOBERTa-base in-
house trained teacher achieving MRR@10 of 33.1 and nDCG@10 of 38.8 is used. The table shows performance
of the symmetric DE student model and asymmetric DE student models.

Method MRR@10 nDCG@10
82M 16M 82M 16M
Train student directly 29.7 263 352 314
+ Distill from teacher 316 284 372 335
+ Inherit doc embeddings 324 302 38.0 358
+ Query embedding matching 32.8 319 38.6 37.6
+ Query generation 33.0 320 38.8 377

Train student only using embedding
matching and inherit doc embeddings  32.7 31.8 385 375
+ Query generation 33.0 31.8 389 375

These result showcase that our method brings performance boost orthogonal to how teacher was
trained, whether single-staged or multi-staged.
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G Embedding analysis

G.1 DE to DE distillation

Traditional score matching-based distillation might not result in transfer of relative geometry from
teacher to student. To assess this, we look at the discrepancy between the teacher and student query
embeddings for all g, ¢’ pairs: ||emb} — emby,|| — ||emb} — emb,||. Note that the analysis is based
on NQ, and we focus on the teacher and stu((ient DE models based on BERT-base and DistilBERT,
respectively. As evident from Fig. 3, embedding matching loss significantly reduces this discrepancy.

G.2 CE to DE distillation

We qualitatively look at embeddings from CE model in Fig. 4. The embedding embf]’ 4 from [CLS]-
pooled CE model does not capture semantic similarity between query and document as it is solely
trained to classify whether the query-document pair is relevant or not. In contrast, the (proxy) query
embeddings embg “(q.d) from our Dual-pooled CE model with reconstruction loss do not degenerate
and its embeddings groups same query whether conditioned on positive or negative document together.
Furthermore, other related queries are closer than unrelated queries. Such informative embedding

space would aid distillation to a DE model via embedding matching.

4 Standard
15 distillation
Embedding
matching
2104
wn
c
7]
[a]
5 4

0 4

-1.0 -05 0.0 0.5 1.0
. . Discrepancy in distance from teacher 3 .
Figure 3: Histogram of teacher-student distance discrepancy in queries.
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Figure 4: Illustration of geometry expressed by [CLS]-pooled CE and our Dual-pooled CE model on 6 queries
from MSMARCO and 12 passages based on pairwise distance matrix across these 72 pairs. [CLS]-pooled CE
embeddings degenerates as all positive and negative query-document pairs almost collapse to two points and fail
to capture semantic information. In contrast, our Dual-pooled CE model leads to much richer representation that
can express semantic information.
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