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1. Matryoshka Representation Learning (NeurlPS 2022)
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2. Contextual Document Embeddings (ICLR 2025 8/6/6) * Query
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Abstract
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Overview

Matryoshka?
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Figure 1: & Matryoshka Representation Learning is

adaptable to any representation learning setup and begets
a Matryoshka Representation z by optimizing the orig-
inal loss L(.) at O(log(d)) chosen representation sizes.
Matryoshka Representation can be utilized effectively for adap-
tive deployment across environments and downstream tasks.
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Matryoshka Representation Learning

1 Inference > c R?  Training
min N Z Z Cm - L (W(m) B (2305 )1:m 5 yi) ([:_ _ 1) L(z14/18) —
{W(m) }HLEM, i ‘EE[N] meM Shortiising L(z1:a78)
L(z1.a/4)
For d € N, consider a set M c [d] of representation sizes. \_ Adaptive Retrieval ) e
For a datapoint x in the input document X, the goal of MRL EB—-E(Z)
is to learn a d-dimensional representation vector z € R<. ~ =
For every m € M, MRL enables each of first m dimensions of ——
the embedding vectors, z,.,, € R™ to be independently \_Adaptive Classification ) @
. L(z1.4) —
capable of being a transferable and general-purpose
representation of the datapoint x. Figure 1: & Matryoshka Representation Learning is
adaptable to any representation learning setup and begets
cm=1forallmeM a Matryoshka Representation z by optimizing the orig-
F(-0z): X > R4 inal loss L(.) at O(log(d)) chosen representation sizes.
' or Matryoshka Representation can be utilized effectively for adap-
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LR x[L] > RB/;S:’EQZ’E?!?[.I’ i|(;:125 Z’;C())Z[g’\?(}cross entropy loss tive deployment across environments and downstream tasks.
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Experimental Setting

(@) Supervised learning for vision: (c) Masked language modeling:

- ResNet50 on ImageNet-1K - BERT on English Wikipedia and BooksCorpus

- ViT-B/16 on JFT-300M

(b) Contrastive Learning for vision + language: Matryoshka dimensions

- ALIGN model with ViT-B/16 vision encoder and BERT - ResNet50 (d = 2048):

language encoder on ALIGN data M = {8,16,32,64,128,256,512,1024,204 8}

- ViT-B/16 and BERT (d = 768):
M = {12,24,48,96,192,384,768}
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Adaptive Classification (AC)

(a) Policy
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(b) Adaptive Classification on MRL ResNet50 (Figure 6) Figure 6: Adaptive classification on MRL

= o3} o ok ResNet50 using cascades results in 14 x smaller
- MRC-AC= 512d-FFE L} S50t accuracy (76.3)= FA[SHH *1 representation size for the same level of accuracy
37XRIC| EHTE AFE 5 14H A2 HIEH TS AFESHA] |AFSH on ImageNet-1K (~ 37 vs 512 dims for 76.3%).
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o o
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Image Retrieval

- Query2} same class®! images& retrievalSt= task 65
(@) mAP@10 for Image Retrieval (Figure 7) gﬁﬂ
- MXF(d < 256)01 A SVD A Slim. Net& §50| 2A HOZ|Lt, S g6
MRLZ YA =2 44 d52 £ ®

< 50

e 45 + Slim. Net

Rand. FS
40

@ o b o H W&
L A LGN &
Representation Size

Figure 7 mAP@10 for Image Retrieval on
ImageNet-1K with ResNet50. MRL consistently
produces better retrieval performance over the
baselines across all the representation sizes.

11
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Adaptive Retrieval (AR)

- Given query image0|| CHsH XXt Edi(e.g, d = 16)2 Y Funnel
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Figure 8: The trade-off between mAP@10 vs MFLOPs/Query for Adaptive Retrieval (AR) on
b |m ageNet-4K (Fiqure 8 ox ImageNet-1K (left) and ImageNet-4K (right). Every combination of D, & D, falls above the Pareto
( ) 9 7 (9 g Je |_|_ C;r _I7) =15 e line (orange dots) of single-shot retrieval with a fixed representation size while having configurations
- _'_'l'l' class I- :| :I -I IE I- I- 0” I- |- Ds = that are as accurate while being up to 14 x faster in real-world deployment. Funnel retrieval is almost

647 EQ o|-L|-, OII | O|2ROZ of 32 HH, AKX 2 2F 6HY as accurate as the baseline while alleviating some of the parameter choices of Adaptive Retrieval.
BSH0l ATE BHE

(c) ImageNet-4K (Figure 8 Funnel)
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Disagreement across Dimensions
(a) Plastic Bag
- 8RO ARR o= O = E[Lf, RAHAO| S7HSHH

o =gt
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(b) Rock Python
- 8XHRIOM 22 A9 222 Q! Boa Constrictor2 HE
O FZ|ASLt, DXL & o =gt

(c) Sweatshirt
- 8, 16X A 1ol =M
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GT: Plastic Bag

¥ &7

+——————— Plastc Bag ——mm—————>

Shower Cap

(@)

Rock Python

(b)

(©)

Figure 9: Grad-CAM [80] progression of predictions in MRL model across 8,16, 32 and 2048
dimensions. (a) 8-dimensional representation confuses due to presence of other relevant objects (with
a larger field of view) in the scene and predicts “shower cap” ; (b) 8-dim model confuses within
the same super-class of “boa” ; (c) 8 and 16-dim models incorrectly focus on the eyes of the doll
("sunglasses") and not the "sweatshirt" which is correctly in focus at higher dimensions; MRL fails
gracefully in these scenarios and shows potential use cases of disagreement across dimensions.
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Abstract
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“The National Football League Draft is an annual event in which the National Football League (NFL)teams select eligible
college football players..."
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Proposal Overview

O O OO0 0O (Gather comext) (Embed n context)
O 0 0 =
OpHB0 g oo ED
00 poop S =
o- 80 9 oo =
O0g =
Contextual batching partitions a dataset of documents Contextual embedding produces an embedding for text that

and queries into batches that share similar context. incorporates corpus-level information.
MO| 7HE & Contrastive Learning & 1HY0| S&lote= 4
=

= =
L O —
iXI0f CHSH 2Lt O{2{2 0|2 & (In-batch negatives)2 MEZY

Mo

« Contextual Training: A1 LHE A 2IH

—
- Tol-2N 2AHYS B8IHY 2 S

C

+ Contextual Embedding Architecture: 7| & QH|T OI7|EHIH 0| 2AQ Mt MEHE FIst= HE=E
Two-stage Encoding® SI8 & 40| SRHel olACIS 8, X SR O e HEE oAU 5, 5wy

QIO Hoo| ZEZER EE
- F7F HE S2UO|LE A T2 M AS| HH Ql0| 7|EQ| bi-encoder X0 &8 Yts 16
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Contextual Training with Adversarial Contrastive Learning
+ Contextual Training2| ER24: ‘NFL'O|2t= THO7F EtE 9l 23 G|O[H Al Do =
7

= LIEtLH, HIAE A|IFOM
(o]

D7k AEZ J|A2 1A HOIEMOB, NFL'S BIAE N0 AE 0P 37 SHE A2l > BI7L BAXCZ 1,0
7(-||:HI-|
- —
- 0|5 o Z25t7| 2lof HEl-2M Y2 SHAH= MEYot= i, HA =HQsS HEFS = 0N E ¥ETst=
YEE SOl =Y Y0l YSEAS

- General Text Embeddings (GTE)" 0| M= AHO{/=0 @l subsets@ 25 E multinomial distribution 7|8t2| HE Y2
K83t O|z{st A0 |§ ZE0|7| gt A =& 2F H /UZ

- BGE-M32, NV-Embed3, SFR-Embeddings*2 in-batch negativesE =& I, different tasks/granularities 7t
same batchOl| A4 Z2E|= S BX[3}0] homogeneous batching2 E&3%t1, 0|2 &3l 224/21td 2
QI-EOFAAD

1., Z, Zhang, X, Zhang, Y, Long, D, Xie, P, & Zhang, M. (2023). Towards general text embeddings with multi-stage contrastive learing. arXiv preprint arXiv.2308.03281. 1 7
2. Chen J, Xiao, S, Zhang, P, Luo, K, Lian, D, & Liu, Z (2024). Bge m3-embedding: Multi-lingual, multi-functionality, multi-granularity text embeddings through self-knowledge distillation. arXiv preprint arXiv:2402.03216.

3. Lee, C, Roy, R, Xu M., Raiman, J., Shoeybi, M., Catanzaro, B., & Ping, W. (2024). NV-Embed: Inproved Techniques for Training LLMs as Generalist Embedding Models. arXiv preprint arXiv.2405.17428.

4 Ru Mena Yeliu Shafia Ravhan lotv Caimina Xiona Yimabo Zhou and Semih Yaviiz Sfrembeddina-misral erhance text retrieval with trander learnina Salesforce Al Research Bloa 3 2024b
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Contextual Training with Adversarial Contrastive Learning

+ Training data D;E a self-similar pseudo-domain groups (B, ...,BE)E &<

Z Z logp(d | q) ma.xZ Z exp f(d, q)

!
b (d,q)eB? o b (d,q)eBb Z(d’,o)GBb exp f(d ] Q)
« Groups?t 753t challengingdt=2 74438}17| Q8 Ceat Z2 71E o2 T2 &= X X3t 22 formalize:

RIS ST ST BT S Y

¢)+¢(d)-¥(q) 2

b (dq)eB® b (d,q)eB®
(¢'.q")EB” (d',q")eB®
o HIRHAHQI AL ZARSE| @/t CHE S Aok
- 7|6}§.”£19§ Dot product@} L2 norm normalized spaceOi|A] BtH|z| A 0|22
- A (22 ZChstshE A Al L2 distanceS X|A3}5HE BAO 2 X X3}
-m((d, @), (@, q)) = llp(@) — (@)l + llp(d) — d()ll, m(a,b)= L2 distanceE &-E30] a2t bALO|Of FALE 7}
=2 MEZ BO[LY X &
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Contextual Training with Adversarial Contrastive Learning

« Triangle inequality®ll 2}, m((d, q),m) + m(m,(d’,q")) = m((d,q),(d’,q")) 7t SESIEZ, =41 (2)9] X|C{s} 2HE
Ct2at 22 X 4% 2H2 7tassty Folg &= A

P, D D, ml(da).m’) 3)

1....,‘?'1‘13) b (dq E.Bb

(m

b domain (clusten)Ofl CH3t centroid
R E MO HEIE AT AHASEK] 21 centroid2t] 2| AATIS 2 AL

N

- 7|& ol ZEOI GTRS &840 Cluster Embeddings (B?)E Al Atet
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Filtering False Negatives

* GIST2t FAISHA|, Teacher modelS AFESH0 MEZH wALEE 0|2 ALhotal O] F

in-batch negativesA| 1124t

exp f(d, q)
ogp(d | 9) = exp f(d,q) + 3y ¢5(q.0) €XP f(d', q) @

* S(q,d) ={d' € DIf(q,d") = f(q,d)},f to be a simple pre-trained teacher embedding model

« O] Y2 True negativesOl CHPH Over-pruning= Z=2ig = UK, Z& 450 23 A4S oCtn &
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Packing
« O|2fgt BfHo 2 M=l CIusters°| 37|17t L7HSHA| A0 CHZo| EXM7F e = AUS
- 2 E3AHE batch sizeS X118 4= 912
- 22 3P| AE £ batch sizeE CH &0 f 1_’.‘:'.‘% T 25 = A
> Y8+ F7/9/ batchE packingd}= 8'& E

rlu
rulu
u

5
m
10

N

87 HESHA LteALE HES| dES 2oty o8 &2 HiX|=z 74

. O3 O|ZIE ST I 2AH TAS IjH DRI 2 XS0 CFEA H AL
=
=

A H Z80|& Greedy method (Greedy Cluster-Level Traveling Salesman)'S M-8

21

1 ShiW MnS lomeli M Zhou C Ili M Szilvasy G & lewic M (2023) In-context pretrainina: | anauaae modelina bevond document boundaries arXiv nreprint arXiv2310 10638
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Contextual Document Embedding (CDE)
+ Two-stage processg &9l contextualized embeddings Al 4t

- Gather and embed context (first stage):

context &A1 d1,...,d’ € DO|| CHSIY] firsts stage encoder M; 2 28310 M,(dY), ..., M;(d’)) A|EAZE QY
- Embed document with additional context tokens (second stage):

M, second-stage encoder, E= token embedding matrix of M,

. Ho| Yg:

- Aol AHIE A A2 BAM AW Y F QALK DE test timeO| M= ZO| 2 HEE AL2E 4~ Qo0 Z 22X
I=Ya[lfa[H=1% X ~]
= T1-_=2 =2 O
¢(q;D) =

My (M, (dY), ..., M;(d”), E(qy), ..., E(qr))

22
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Contextual Document Embedding (CDE) &7t H&

« Q1) 22{H context document dl, ..., d/= O{H E2AZ HO|E| =71
- YEXH o= oIgE/0/ QIR 2Lf Contextual Training with Adversarial Contrastive Learning EFAOfA] ZF&F
ZHEI8 0] £ ZAIE 0/ context documentZ AFEE 2 ZCH= F20] 7158

+ Q2) context document= = A{0FCH/E 2{AEOICH CHE7F?
- Q1 EtHo M2 XZo) mpEH 29 SAE SAOICF OFE 22
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Contextual Document Embedding (CDE) &t
- 28 x[H3)

- HiX| LHOAM 2 EME SR510] BE MEOiC 7fEH o2 2 HEE A LMSHK| gt 2

- Context embedding M,(dy), ..., M;(d))€ ot H ALME = W 2= MM THALE B

[

o>
gl
u
T

+ Embedding without context:
- B0 HETF QAL AFR E7Hs 3 AR9| generalizability 7HA1S Q8h FEF

- Sequence dropout: randomly replace context embeddings M;(d*) with some null token vy according to some
a uniform probability p.

» Position-agnostic embedding:
- Context document= A7} gleB = 2|X| JEE XA
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Experimental Setup

+ Small setting:
- 6-layer transformers with maximum sequence length of 64 + 64(context tokens)
- Evaluated on a truncated version of the BEIR benchmark
- A variety of batch sizes in {256,512,1024,2048,4096} and
cluster sizes {64,256,1024,4096, ...,2097152,4194304}
- Typical embedding models®| &t& A|Lt2| 20| 2}, two phases®| ot& X8
1) a large weakly-supervised pre-training phase and 2) a short-supervised phase

+ Large setting:
- BERT-based model (NomicBERT) on sequences of length 512 + 512 (contextual tokens)
- Evaluated on the full MTEB benchmark

+ Partitioning dataset:

- OIO|H M & batchZ L= I GTR ZES AL8SHY QALY SI, FAISSE 2830 S2AHAS XU
- EHQI'E 2 100steps clusterings =, & 3812 A= & Z| 2| clustering= 41EH
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Experimental Setup

* Training:
- M; and M, & 25 NomicBERTEZ ZX7[2}5l st&
- M, 2| B 512 lengthZ 8t&, M= M;2| 51270 embeddingsE promptE AHE3IEE, 1024 length2 &t&
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Experimental Result

3. loss7t 5 T8 O &2 45 &5 (HEEA0)

Batch size: 256 Batch size: 512

Clssfctn Cluster PairCls Rerank Retrvl STS Summ. Mean o = = ~
nomic-embed-v1 741 439 852 557 528 821 301 6239 JEE . ‘ 455 ‘
stella-base-en-v2 75.3 44.9 86.5 58.8 50.1 83.0 325 62.61 : ” o 8 3 . »
bge-base-en-v1.5 755 458 866 589 533 824 311 6356 50 . e o
GIST-Embedding-v0 760 462 863 594 523 835 309 6371 e o 45.0 wor
gte-base-en-v1.5 77.2 46.8 85.3 57.7 54.1 82.0 31.2 64.11 4% P

= L]
anon-model-vl 1. [Random] CHH[ [Contextual] O] 2 S #S o0 “us| e
[Random] 81.3 46.6 84.1 553 51.1 81.4 31.6 63.81 440 | % Corr: 0.78 o Corr: 0.82 ° Corr: 0.89
[Contextual] 81.7 483 84.7 56.7 53.3 81.6 31.2 65.00 01 02 0.5 0.1 0.2 0.5 02 05 1.0
Table 2: Performance of models with 250M or fewer parameters on the MTEB benchmark for e U -
text embedding models. “Random” indicates the performance of our model with random training . 45.00
documents included instead of per-domain contextual documents. o 0 . 44.75
® ¢ ® | 4450 ’
- o L]
2. Batching T 2f/Architecture 50| & 45 Bz} §44_5 i . ‘
44.25 N
Contextual z . 5 5 .
Batch  Arch | Batch Size  Cluster Size | Trainloss Train acc. | NDCG@10 a6 | 44.00 | o
16384 ; 0.39 903 59.9 s om T e
4 512 512 0.81 7.7 6.7 | ” Difficulty :
v 16384 - 0.57 S0,/ 0.2.4
| v v 512 512 0.68 A

Table 1: Performance of our small models with and without the two improvements proposed in this
paper, measured on a shortened version of the BEIR benchmark. Numbers are NDCG@ 10.

Figure 2: Performance vs. average batch difficulty (as measured by loss at the end of pre-training and
supervised training) across batch sizes, after supervised contrastive training. Within a given batch
size, we observe a clear increase in performance by making individual batches harder. Correlations
are Pearson.
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How Hard are the clusters? Which contextual documents help?
058 Android
£ oss X-axis: test domain English
o . . .
2 054 | Y-axis: input domain Gamg'iz
g
D052 | 7 " Mathematica .
€ & Zb =0 Q10f| TS contextual Physics
3050 a document% %‘%’(‘5}-% Z‘JOl Programmers . -
fou| /) N\ Y Eg
Tex
048 ol . = Unix I
10° 10° 10* 10° 10° AL domain O|M = cross- webmasters [l
Train cluster size over interactions 2% & Wordpress
. . . . T DU mouw oo oX o x ooy
Figure 6: Average difficulty of in-batch negatives 23 E o % s EgEr 52¢
as measured by a surrogate model as cluster size 58 E&E EE
and batch size change. £ = g =
= o

- Larger batch sizes Figure 7: Impact of context by testing our

= bring easier non-negative examples model with different Stackexchange forum
input types. Y-axis indicates the input do-
- Decreasing cluster size main, X-axis indicates the test domain. Dark

- increases the average hardness of negative squares come within one point NDCG@10.

examples in a given cluster.
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= Embedding training paradigms Off 4% ¢l A& Z1} (batch_size=512)

* In-batch negatives Ll E& &|= examples?} 02 S22} 2f S MO 21 =M FE? of 22 RIME HEE
Z|Chet 2850 0|9 EES 7fMst= 0| the3d| hard negatives?| =& S2|11 batch sizeE 7|21 ot=
AALECH S == JUCtE d240| F
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