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Background: Traditional Vector-Bag Retrieval The Retrieval Pipeline

“Sruthilayalu is a 1987 Telugu ( : : : \
/Consider bag-of-words scoring (MaxSim) popularized by N | «vmahadevan (14 march | . i-qfim.. Each greedy step is replaced by an approximate nearest neighbour search
A . 1918 — 21 June 2001) is a... .
ColBERT [Khattab et al.. 2020] — given a query and corpus as : ) . Gor—>  ANNSL > S, = 50U fer} ANNSk=kth round approximate
sets of token embeddings ! , A v nearest neighbor search
Q:{ql,...,qM} X—{Xl,...,XL} Q. » gg, —>» ANNS2 »Szfslu{cz}
F(X. q) = max q’x ds, > ANNS3 - — — — — — — »Sx = Sx_1 U {ci}
X &
Traditional retrieval is competitive: documents are scored 'In my opinion, Sruthilayalu is a breakout film by K Viswanath...” Elndexj A
against each other to rank higher. TOp-K “Sruthilayalu is a 1987 Telugu film...soundtrack composed by K V Mahadevan...”
S o tonk F(X.0) Scored Independently [Stuthilayalu s unable fo bring out the emofion in the audience.... Each replica index has a token-level IVF, with each token stored as a
\ P XeC ’ J T Te oS8 7-Mietay e A eetert by Mot oo o T centroid and quantized residual.
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Collaborate, not compete e e [P | T Gops e e 101
. : : : : : . . . _Index1 ¢ Ee = Py (£e)y -+ -y Pup(®e
KCollectlve scoring is a natural extension to MaxSim. Scoring a ) Makmg the Marglnal Gain Index-able — e o o
set of documents S = {Xl, XQ, “ e Xk} against the gquery. ( R \ _ Indexr | cluster({®, (&) : ¢ € [C]}; B) —
1. Difference to dot product: separating state dependence — — Centroids Otr, . -« Oty - - -, 0By
= - A~ - X
F(S,Q) . Xe{fli‘?X ZI?&XL%%(XQ X el a 1T state dependence _Index K
o F(c|S,Q)= Z[F(Xcv q) — F(S.a)lt = 2K || F(s,q)| |-1 absorbed by the Retrieval consists of a token level lookup followed by progressive levels
Coverage Objective: A€Q W~ - query \of candidate pruning )
max F'(5,Q) s.t. |S| < K —ids :
SCC 2. Dealing with the hinge score with sign-hashing w ~ N(0,Iz51) Experiments
This ob.jectlye IS §ub modular.ln S, h.ence adm|ts a (1—1/e) greedy v ~ w, Randomised o) 1 . fwe compare our method (DISCo) against variants of greedy sub modula?
approximation with the marginal gain function F(c| 5, Q) N Feature Ma WA T /o |sign(w T x)x solvers, and traditional multi-vector retrieval engines.
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I: Initialize So ¢ 0 The greedy solution requires Pr (¢u(2) T dw(y) = [z y]4) > = T Dnvtorthareny Groody — MvERA o wane T A
£ RS L e CUC exhaustive scoring, which ‘ +8 2 —
B (e, o 6| S/l grows linearly in complexity Sog W 25 R
4: Sk < Sp—1U{ck) - At : - 11d -<0| | %
5. retarn S with the size of corpus. We can improve our approximation by drawing multiple hyperplanes{wi,w2,...,wr} N(Oaldl—H) Mean g \ K \\
° ° ° ° T e fayl 1 \
| This yields a new scoring function G1.r Pr (mﬁsg] bu, (7)) u, (y) = |z y]+) 1-orm Coverage k26 o0l Y}
We can instead formulate this as a first stage retrieval problem! I - Score 60 \
. . o G1:r(c|S, Q) = Z max | max gy, (4s) " du, (%) 24 l . y
Adaptive Probing : updated marginal gain at each step ¢ |T€[R] | 10° 104 104 10° 104 104
probe with probe with Replacing the marginal with G1.x glves us a (1-1/e — 5)-approximation where § < |Q|/2% Efficiency — Efficiency —
So =0 > S >S9 > ... —=> 8
0 — F(e50.0) 1 F(e|51.0) 2 J K Dataset | DISCo | Exact Lazy PLAID WARP
07 b However, indexing this now requires R Replica indexes: with each replica storing the MAP on Method — (Ours) | Greedy | Greedy
Challenge: adapt and/or approximate score for retrieval corresponding feature-mapped document tokens {¢,, (X)|x € X'} Multi-Hop 2WikiMultiHopQA | 0.90 |  0.91 0.91 0.89 0.82
(1) Separate into corpus-dependent term for indexing \ J QA HotpotQA 084 | 083 0.83 081 077
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