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ThiS IS me

Long ago: PhD in CS, quant trading, credit scoring
Search & personalization for ~7 years

Metarank maintainer

DeliveryHero: search & relevance



Atynical "hybrid search™ taik:
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« % Yeah, well you know‘Lr £

that’s just Iike your opinion, man.
T P,

* Als [maybe] better than B
» Large C is [a bit] smarter than small D
* You [probably] need E



* Reproducability: proprietary tools and data
* Legal: insider information




Many companies, same nrohlems

(2 ) foodpanda

Mew Address 16 Katmandu Rd Singapore 368289 -~

Showing results for: chicken breast

$$3.35
Add any 2 for 15% off

* Relevance: making visitor happier
 CTR/Conversion: making company happier
Query understanding: language, intent, semantics



Open data + open tools

One step closer to reproducability”?

- TREC=
 There are were no e-commerce datasets!



amazon
1

INTRODUCTION PROGRAM  SUBMISSION GUIDELINES DATES  ACCEPTED PAPERS ORGANIZERS  DATA

Sl RN ' TR A R '1:{'

p 2022 Workshop: --ﬂ“?i
ESCI Challenge for Improving Product Search '
KDD'22 Aug 17th, 2022 = Washington D.C,, USA

ool i
IL AL L it Al ] | . |

H

INTRODUCTION

The objective of this works! discuss the winning submissions of the KDDCup 2022 Challenge on
improving product search. In th allenge, we introduce the “Shopping Queries Data Set”, a large dataset
of difficult search queries, published with the aim of fostering research in the area of semantic matching of
queries and products. For each query, the dataset provides a list of up to 40 potentially relevant results,
together with ESCI relevance judgements (Exact, Substitute, Complement, Irrelevant) indicating the
relevance of the product to the query. Each by additional information.
The d 0 i d Sp of this

challeng ; i e oV oduct-

se 1.

when searching for products. The three different ta
Queries Dataset are:
1. Query-Product Ranking: Given a user specified query and a list of matched products, the goal of this
task is to rank the prod so that the relevant products are ranked above the non-relevant ones.

130k "hard queries” in EN/ES/JP
* 1.7M products
2.60M explicit relevance labels



gestuz mujer

prefilled spice rack

the period repair manual
kitchenaid blender glass replacement
pink microfiber towel hair
HE EFR

the psychopa

bunny backpack
metropcs phones

boy baby shower decor
frontal bob wig

breville hand mixer

mini candy canes

knit button up shirts for women
sleep sack with swaddle
nintendo switch controller
halloween shirts for women
caftans for women plus size
easycap

¥box 360 Kids games

travel luggage

black crown

AO0LIE

beach posters

130Kk hard queries

my dog makes me happy car magneis
platinum drywall tools nail spoftier
flash glasses

00 watt ion bluetooth speaker
crayola markers 10 ct

1N

dyno glow grill parts

fire

fun socks

malla termica nina negro
weather guard tool box pars
la time for dying dvd




2.6M explicit ESCI Iahels

B Exact Substitute @ Complementary B Irrelevant

- * E: exact match
* S: substitute
» C: complementary
I * |:irrelevant
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1./M real products

"product_1d": "BO7PT4BXWK",
"product _title": "Country Carrot, Artificial Vegetable Fake Food,
Bag of 12, 2 Sizes",

"product_description": "12 pcs vegetables atractive Artificial product.

Orange color with green stem, great for decorating.
Large size, approximately 6-inches (without stem).",

"product bullet point": "",
"product _brand": "Mezly",
"product _color": "Orange",
"product locale": "us"

» Text focused: no categories, metadata, reviews
» product id = ASIN
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Home

Best Sellers Today's Deals

Kitchen & Dining Small Kitchen Appliances

Home * Home Décor

Deliver to
@ United States

» Artificial Flora

Prime -

Customer Service Books Electronics

Home Décor Storage & Organisation

Roll over image to zoom in

Toys & Games

Bedding & Linen

Home

Furmiture

l—EN.

Vouchers Mew Releases Computers Gift Cards Beauty & personal care Heal

Vacuum & Cleaning Heating and Cooling Appliances Lawn & Garden Party Supplies

Zonon Easter Carrots Mini Plastic Artificial
Carrot Ornaments for DIY Crafts Home Kitchen
Party Decorations (150 Packs)

Secure Returns Policy

transaction

Currently unavailable.
We don't know when or if this item will be back in stock.

Brand Zonon
Material Plastic

Item package 150
quantity

About this item

s Lifelike design: this Easter plastic carrot is realistic and vivid designed, the
mini size is compliance with the real carrot, and add some green leaves on the
top, cute and unique, suitable for home party decors, especially great for
decorating Easter egg baskets
Material: the fake carrot Is made of plastic, durable and last long time, vibrant
color and won't drop off easily, good quality and will not spoil due to weather
changes, easy to fix and remove
Dimension: each artificial carrot is 6 cm/ 2.4 inch, the leaf is 1.4 inches, the
carrot body is 1 inches, shiny and vibrant decorations will add more Easter
and spring atmosphere in your home, large quantity will meet your need
Nice party supplies: these mini carrots are great for Easter decorations,

adorable appearance will be welcomed by everyone especially for kids, or you
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B shuttie / esci-s ' Public 42 Pin ® Unwatch 3 ~ % Y7 Star 10

ssues 11 Pullrequests (O Actions [ Projects [0 wiki @ Security |~ Insights Settings

¥ master - F 1branch G0 Go to file Add file = About

Extra product metadata for the
) shuttie add license badge f onjan11 Y93 commits Amazon ESCI dataset

gitattributes 3 Mo 0 E merce dat. nce dataset
ranking

.gitignore

LICENSE

README.md

sample.json.gz

README.md

ESCI-S: extended metadata for Amazon ESCI dataset

This is a complimentary dataset of product metadata for the original Amazon ESCI dataset.

earch in the
of up to

Scraped metadata for 92% of ESCI ASINs
https://github.com/shuttie/esci-s
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https://github.com/shuttie/esci-s

Take the ESCI and do the "hybrid search”

 Baseline: BM25

« LambdaMART: BM25 and metadata
 Bi-encoders: the notorious all-MiniLM-L6-v2
* Fine-tuning bi-encoders
 Cross-encoders: off-the-shelf and fine-tuned

Minimal amount of ad-hoc Python code: Metarank!
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Hybrid search = a glorified Ensebmle Learning

» Take N weak predictors
» Combine into an ensemble model
* "number of stars" = weak predictor



Linear hybrid search

query-title score distribution on ESCI:

BM25 score distribution Cosine distance distribution
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score = w4 * norm(bmz25) + wo * norm(cos)



Linear hybrid search

Typical problems of

score = w1 * norm(bm25) + w2 * norm(cos)

 Normalization: ad-hoc based on distribution
» Correlations: weights for 7-30-90 days CTR
* Linear: misses non-linear dependencies



Why Metarank?

search

LambdaMART: NDCG, non-linear, correlations
An open-source secondary reranker

Search: focus on recall and speed

Metarank: focus on top-N precision



» Standalone Mode: no state, just files
* Import existing dataset, build ranking features
* Get NDCG over test set



Why do we need it?

» High rate of relevant products = high NDCG
 NDCG lower bound

features:
- type: random
name: random

1

2

3

A

5 models:

6 haystack-demo:
7 type: lambdamart
8 backend:

9 type: xgboost
0 features:

1

1
1 - random






NDCG@5 NDCG@10 NDCG@20

Random 0.6588 0.7220 0.8234



Baseline: BM23

* Multiple fields in ES: optimal boosts?
 ES-LTR: hard to setup

» Compute BM25 without Lucene/ES? &



Down the BM23 hole

Given a query (), containing keywords qq, .. ., g,, the BM25 score of a document D is:

flgi, D) & (k1 +1)
ﬂﬁgn+ky(1—b+b-m“)

avedl

Constants..

core(D, @) = 3 IDF(g)
=1

N #n(g;) 410.5 :)
——F— +1
n(q;) #0.5

Number-ofrdoes-containing term

» Only term frequencies are needed
» k4=1.2, b=0.75 as in Lucene/ES
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BM29 without Lucene

- type: field _match

name: query _desc _bm25
1temField: 1tem.title
rankingField: ranking.query
method:

type: bm25

language: english

termFreq: termfreq.json

NDCG@5 NDCG@10 NDCG@20

Random 0.6588 0.7220 0.8234

BM25(title) 0.7555  0.7966 0.8711



BM23 over multiple fields

per-field score = weak predictor

1 features:

2 - query_title_bm25

3 - query_desc_bm25

4 - query _bullets bm25

NDCG@5 NDCG@10 NDCG@20

Random 0.6588 0.7220 0.8234
BM25(title) 0.7555 0.7966 0.8711
BM25(title, desc, 0.7620 0.8023 0.8740

bullets)
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lawnmower tires without rims

Dr.Roc Tire Spoon Lever Dirt Bike Lawn Mower Motorcycle
Tire Changing Tools with Durable Bag 3 Tire Irons 2

Rim Protectors 1 Valve Stems Set TR412 TR413

MaxAuto 13x5.00-6 Lawn Mower Tires with Rim 13x5.00-6
Tire and Wheel 13x5-6 NHS Tire 13x5x6 Pneumatic Tire

Years of Amazon-specific SEO optimization

26
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LIR: categorical features

type: string

name: material

field: item.material // color, category([1,2,3]

scope: 1tem

encode: index // Supports XGBoost 1.7+/LightGBM 3+/Catboost
// native categorical features

values:

- fabric

- glass

- leather



~ W N

- type:
name:
field

scope

LIR: numeric features

number
stars

item.stars

1tem

# stars, # ratings, price, weight

28



LTR: 2017 edition

1 features: [query * bm25, categorys,
2 color, material,
3 price, ratings,

4 stars, template,
5 weight]

NDCG@5 NDCG@10 NDCG@20

Random 0.6588 0.7220 0.8234
BM25(title) 0.7555 0.7966 0.8711
BM25(title, desc, bullets) 0.7620 0.8023 0.8740

LMart(bm25, meta) 0.7675 0.8075 0.8769



Hybrid Search
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Traditional hybrid search

JOCS 'Pf‘ow\

term search

Crafting embeddings:

 Commercial providers: Cohere, OpenAl
* Pre-trained: sentence-transformers
* DIY: fine-tuning



slamese BERT networks

-1...1

Figure 2: SBERT architecture at inference, for exam-
ple, to compute similarity scores. This architecture is
also used with the regression objective function.

* Document indexing can happen offline!
* Only need to embed query during search
« HNSW for Approximate k-NN



Model Overview

The following table provides an overview of
Embeddings) and to embedded search que

cted) models. The

s & paragraphs (Performar

e Semantic Search).

Pre-trained all-MiniLM-16-v2

have been extensively evaluated for their quality to embedded sentences (Performance Sentence

The all-* models where trained on all available training data (more than 1 billion training pairs) and are designed as general purpose models. The all-mpnet-base-v2

odel provides the best quality, while all-MiniLM-L&-v2 is 5 times faster and still offers good quality. Toggle All models to see all evaluated models or visit Hu

el Hub to view all existing sentence-transformers models.

Model Name

all-mpnet-base-v2
multi-ga-mpnet-base-dot-v1
all-distilroberta-v1

all-MiniLM-L12-v2
multi-ga-distilbert-cos-v1
all-MiniLM-L6-v2
multi-ga-MiniLM-L6-cos-v1
paraphrase-multilingual-mpnet-base-v2
paraphrase-albert-small-v2
paraphrase-multilingual-MiniLM-L12-v2
paraphrase-MiniLM-L3-v2
distiluse-base-multilingual-cased-v1

distiluse-base-multilingual-cased-v2

« Small and fast for CPU inference

Performance Sentence Embeddings (14
Datasets)

69.57

76

erformance Semantic Search (6
Datasets)

57.

57.

0

= Avg. Performance

63.30
62.18
59.84
59.76
59.41
58.80

8.08

All models @

Speed Model Size

2800
2800
4000
7500
4000
14200
14200
2500
5000
7500
19000
4000
4000

» Still precise on semantic search

33
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all-MiniLM-1L6-v2 in Python

from sentence_transformers import SentenceTransformer, util
model = SentenceTransformer('all-MiniLM-L6-v2"')

#tSentences are encoded by calling model.encode( )
embl = model.encode("This is a red cat with a hat.")
emb2 = model.encode("Have you seen my red cat?")

cos_sim = util.cos _sim(embl, emb2)
print("Cosine-Similarity:", cos_sim)

Fine, but our search stack is in Java!

34



all-MiniLM-L6-v2 In Java/ONNK

How to draw an owl

8

1. Draw some circles 2. Draw the rest of the owl

text = "This 1s a red cat with a hat"

vocab = DefaultVocabulary.builder().addFromTextFile( ... ).build()
bert = BertFullTokenizer(vocab, )

tokensStrings = "[CLS]" :: bert.tokenize(text) :: "[SEP]"

tokens = tokensStrings.map(t = vocab.getIndex(t)).toArray

attmask = Array.fill(tokens.length)(1L)
tokenTypes = Array.fill(tokens.length)(OL)

35



all-MiniLM-L6-v2 In Java/ONNK

1 env = OrtEnvironment.getEnvironment()

2 session = env.createSession("minilm-v2.onnx", SessionOptions())

3 size = Array(1, tokens.length)

4

5 tensorl = OnnxTensor.createTensor(env, LongBuffer.wrap(tokens), size)
6 tensor2 = OnnxTensor.createTensor(env, LongBuffer.wrap(attmask), size)
7 tensor3 = OnnxTensor.createTensor(env, LongBuffer.wrap(tokenTypes), size)
8 out = session.run(Map(

9 "lnput_1ds" — tensorl,

10 "token_type_1ds" — tensors3,

11 "attention mask" — tensor2).asJava)

12

13 preds = out.get(0).getValue.asInstanceOf[Array[Array[Array[Float]]]

As seen in: Vespa, OpenSearch Model Serving, Metarank
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1 - type: field match

2 name: query_title minilmé6

3 1temField: 1tem.title

A rankingField: ranking.query

5 method:

6 type: bi-encoder

7 model: metarank/all-MinilLM-L6-v2

8 dim: 384

NDCG@5 NDCG@10 NDCG@20

Random 0.6588 0.7220 0.8234
BM25(title, desc, bullets) 0.7620 0.8023 0.8740
| Mart(bm25, meta) 0.7675 0.8075 0.8769
all-MiniLM-L6-v2 0.7670 0.8069 0.8775



 metarank/all-MiniLM-L6-v2: 10M, 386 dims
» metarank/all-MiniLM-L12-v2: 15M, more layers
* metarank/all-mpnet-base-v2: 100M, 768 dims

NDCG@5 NDCG@10 NDCG@20

all-MiniLM-L6-v2 0.7670 0.8069 0.8775

all-MiniLM-L12-v2  0.7685 0.8077 0.8786

all-mpnet-base-v2 0.7694 0.8089 0.8794



Bring-your-own-model with ONNKX

ONNX: Vespa, OpenSearch Model Serving, Metarank

$ pip install transformers[onnx] sentence-transformers

$ python -m transformers.onnx \
--model=sentence-transformers/all-MiniLM-L6-v2 \
export dir



LIR with bi-encoders

Cosine similarity = yet another ranking feature

NDCG@5 NDCG@10 NDCG@20

BM25(title, desc, bullets) 0.7620 0.8023 0.8740
LM(bm25, meta) 0.7675 0.8075 0.8769
all-MiniLM-L6-v2 0.7670 0.8069 0.8775
LM(bm25, minilm) 0.7816 0.8168 0.8840
LM(bm25, minilm, 0.7825 0.8186 0.8846

meta)
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EXCLUSE ME, COULD YOU TELL ME |

how hard is LLM
. fine-tuning?

CUDA
I 1
f Transformers

|l
Overfitting
| |
Gradient descent
I ]
y ©  Embeddings

[

Distillation

Algebra

ML fundamentals

[ ¥

Regularization
I [

Cross-attention

42



* Existing LLM as a source
* Custom loss: minimize cosine distance
» Slightly update weights on a new dataset

43



Which LLM to pick?

« MS MiniLM, TS5, GPT-J:
« pro: any model from HuggingFace
=« con: no clue about sentence similarity
@« CcoNn: needs a large dataset, slow
 sentence-transformers:
« pro: 1K queries is a good start
« con: no recent models



Gosinesimilarityloss

Minimizes the distance within each sample
Needs triplets of query-document-score:

* Linear mapping: E-S-C-I to [1.0, 0.66, 0.33, 0.0]
« Exponential mapping: E-S-C-| to [1.0, 0.1, 0.001, 0.0]

From docs: no need for hard negatives, slow to converge



MultipieNegativeSRankKingLosS

Needs triplets of query-positive-negative:

» E/I: Exact = positive, Irrelevant = negative
« E/SCI. Exact = posmve other = negative

tudy of RocketQA on M3

Figure 4: The tI of the number of randon

pai _1t a que MﬁM\R ﬂd Th od.
els h h:l es are trained w h:h. teps.

Jh wndels hh :l 'es are trained with 5K
sleps.

From docs: hard negatives needed, fast to converge



Quality of negatives

» Easy: distinguish dogs from trains
» Hard: distinguish breeds of dogs




o5 fggdpanda - New Address 5 Kallang Way 2A Sing...

ing for a cu-&? Get ff teatime favourites with min.

DISCOUNT 15%

Faats ¥ |

King-Kebabs North ... 2.9/5(35
$53

556

Long John Silver'... ¥ 44/5(3000) £} Subway (Bend... ¥ 4.4/5(1000+)
£$%, Sandy $$%. Sandw

Welcome gift: free delivery Welcome gift: free delivery

Order now

g

Stuff'd (Paya Leb... 4.5/5(3000+ Curry and Tandoor...
$33% 333

Welcome gift: free delivery

[ DISCOUNT 20% 977" RESTAURANT DELIVERY
- = O Foa g b Y

RESTAURANT DELIVERY

e U 3

.'kt-.- !

/ ‘{.W
(M 4l

_‘:_

Khan's Kebab & G... 00+ R
555 %5

oyal Biryani - Rest...

o LOGIM
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Order now >

234 Restaurants found

FEATURED ; d B 30% OFF MIN $30

RESTAURANT DELIVERY

<

s
Curry Cafe And Keb... SR Stuff'd (Paya Leb...
$$$ $$%

ome gift: free delivery

RESTAURANT DELIVERY

Long John Silver'... ¥ 44/5(2 £ Subway (Bend... 0
$3$. Sar $$$. Sar 555

Welcome gift: free delivery Welcome gift: free delivery

* Green: high per-query CTR, high confidence
* Yellow: low confidence
* Red: low per-query CTR, high confidence
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Fine-tuning Is easy

(when you have a GPU)

model = SentenceTransformer('sentence-transformers/all-MinilLM-L6-v2")

train_dataset = ESCIDataset(input='train-small.json.gz"')
eval _dataset = ESCIDataset(input='test-small.json.gz')
train_dataloader = DatalLoader(train dataset, shuffle= )
train_loss = losses.CosineSimilarityLoss(model=model)

model.fit(train_objectives=[(train_dataloader, train_loss)],
epochs=1,
optimizer params = {'lr': 1le-5},
output_path=model_save path)

model.save(model _save_path)

50



Things to watch for

» Batch size: the largest value your GPU can fit
» Epochs: 1-2, quick over-fitting
 Cheap GPUs: Google Colab, Kaggle, vast.ai



all-MiniLM-L6-v2 over ESCI dataset:

« RTX 3060: 6 minutes
* Ryzen 7 2600: 240 minutes



NDCG@5 NDCG@10 NDCG@20

BM25(title, desc, bullets) 0.7620 0.8023 0.8740
all-MiniLM-L6 0.7670 0.8069 0.8775
esci-MiniLM-L6, MN e/i 0.7783 0.8161 0.8834
esci-MiniLM-L6, MN e/sci 0.7838 0.8212 0.8864
esci-MiniLM-L6, cos+lin 0.7800 0.8184 0.8845
esci-MiniLM-L6, 0.7881 0.8240 0.8874

cos+exp



112 and MPNET fine-tuning

THAT'S NOT ENOUGH
WE HAVE TO GO DEEPER
NDCG@5 NDCG@10 NDCG@20
BM25(title, desc, bullets) 0.7620 0.8023 0.8740
esci-MiniLM-L6, 0.7881 0.8240 0.8874
cos+exp
esci-MiniLM-L12, MN 0.7818  0.8199 0.8858

e/scCl




LR and fine-tuned bi-encodaers

LTR never makes things worse

NDCG@5 NDCG@10 NDCG@20

BM25(title, desc, bullets) 0.7620 0.8023 0.8740
LM(bm25, minilm, meta) 0.7825 0.8186 0.8846
LM(bm25, mpn-ft, meta) 0.8053 0.8390 0.8959



Benchmark (batch) (model) Mode Cnt Score Error Units
encode 1 all-MinilLM-L6-v2 avgt 30 13.350 * 1.813 ms/op
encode 1 all-MiniLM-L12-v2 avgt 30 25.954 % 2.210 ms/op
encode 1 all-mpnet-base-v2 avgt 30 64.208 + 2.932 ms/op




Larger the LLM - smaller the training set

Fine-tuning: simple way for a HUGE relevance boost
ESCI I= e-commerce

Large LLMs are slow on CPU
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Bi-Encoder Cross-Encoder

Cosine-Similarity

Classifier

Sentence A Sentence B Sentence 4 Sentence B

» Classifier head on top of BERT
* No cosine similarity: let the LLM work



Model-Name NDCG@10 (TREC DL 19) MRR@10 (MS Marco Dev) Docs / Sec

Version 2 models
cross-encoder/ms-marco-TinyBERT-L-2-v2
cross-encoder/ms-marco-MiniLM-L-2-v2
cross-encoder/ms-marco-MiniLM-L-4-v2
cross-encoder/ms-marco-MiniLM-L-6-v2

cross-encoder/ms-marco-MiniLM-L-12-v2

sentence_transformers CrossEncoder

model
scores

CrossEncoder( 'model _name', max_length=512)
= model.predict([('How many people live in Berlin?',
'Berlin had a population of 3,520,031 people.'),
('"How many people live in Berlin?',
'Berlin is well known for its museums.')])
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GE: pros & cons

« ChatGPT: "how relevant is text A for query B"
* No Approximate k-NN search, only top-N



Generic SBERT
- type: field _match
name: query _title ce
1temField: 1tem.title
rankingField: ranking.query
method:
type: cross-encoder
model: metarank/ce-all-MinilLM-L6-v2

dim: 384
NDCG@5 NDCG@10 NDCG@20
BM25(title, desc, bullets) 0.7620 0.8023 0.8740
all-MiniLM-L6 0.7670 0.8069 0.8775
esci-mpnet 0.7990 0.8329 0.8926

ce-msmarco-MiniLM-L6 0.7767 0.8120 0.8815



model = CrossEncoder('cross-encoder/ms-marco-MinilLM-L-6-v2', num_labels=1)

train_dataset = ESCIDataset(input='train-small.json.gz"')
train dataloader = DatalLoader(train dataset, shuffle=True)

model.fit(train dataloader=train _dataloader,
epochs=num_epochs,
warmup_steps=warmup_steps,
optimizer _params = {'lr': 1r},
output_path=model_save path)

model.save(model _save_path)
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NDCG@5 NDCG@10 NDCG@20

BM25(title, desc, bullets) 0.7620 0.8023 0.8740
all-MiniLM-L6 0.7670 0.8069 0.8775
escl-mpnet 0.7990 0.8329 0.8926
ce-msmarco-MiniLM-L6  0.7767 0.8120 0.8815
ce-esci-MiniLM-L6 0.8062 0.8364 0.8963
ce-esci-MiniLM-L12 0.8134 0.8426 0.9001



models:
default:
type: lambdamart
backend:
type: xgboost
features:
- query_title_mpnet
- query_title_ce
- query_title_bm25
- query_desc_bm25
- query _bullets _bm25
- category0®
- categoryl
- category?2
- color

- — . -2 _ 7
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LIR In the mix

NDCG@5 NDCG@10 NDCG@20

BM25(title, desc, bullets) 0.7620 0.8023 0.8740
LM(bm25, minilm, meta) 0.7825 0.8186 0.8846
LM(bm25, mpn-ft, meta) 0.8053 0.8390 0.8959
LM(OH, GOD, NO) 0.8228 0.8508 0.9041



Benchmark (batch)

encode 1
encode 10
encode 100

DBPedia [21] (1 Million)

Rank
(1)
(2)
(3)
(4)
(5)
(6)
(7
(8)
(9)

(10)

Model | Dim. | GPU

BM25+CE ~ | 450ms
ColBERT 128 | 350ms
docT5query - -
BM25 - -
TAS-B 768 14ms
Gen() 768 14ms
ANCE 7168 20ms
SPARTA 2000 -
DeepCT - -
DPR 168 ‘ 19ms

| Retrieval Latency

CPU

6100ms
30ms
20ms
125ms
125ms
275ms
20ms
25ms
230ms

Index
Size

0.4GB
20GB
0.4GB
0.4GB
3GB
3GB
3GB
12GB
0.4GB
3GB

Table 3: Estimated average retrieval latency and
index sizes for a single query in DBPedia [21].
Ranked from best to worst on zero-shot BEIR.
Lower the latency or memory is desired.

(model)

ce-msmarco-MiniLM-L6-v2
ce-msmarco-MiniLM-L6-v2
ce-msmarco-MiniLM-L6-v2

Mode
avgt
avgt
avgt

Cnt
30
30
30

Score
12.298
58.664

740,422

I+

I+ I+

Error
0.581
2.0064
13.369

Units
ms/op
ms/op
ms/op
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BE & GE pre-caching

- type: field _match

name: query title ce

ltemField: 1tem.title

rankingField: ranking.query

method:
type: cross-encoder
model: metarank/ce-esci-MinilLM-L6-v2
cache: precomputed-cache.csv

* BE: pre-compute query embeddings for top-100Kk
» CE: pre-compute scores for top-10k queries x top-100 results



_' T_op-10 re,t;omking

" SBERT et

Retrieval; BM25 / Bi-Encoders

ms elasticsearch  @drant

<Y OpenSearch & Pinecone @ weeviste

» Either top-10, or GPU inference
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Instance GPU On-demand
AWS g4dn.xlarge T4 378%/month
AWS P3.2xlarge V100 2203%/month




TREG'23 E-Commerse Search

g

| WANT TO PLAY A GAME

* EZ2E retrieval: search over complete ESCI
* Ranking: re-rank top-100 matching docs
* Multi-modal: with clicks and images

Dataset release: May 1, submissions till Aug 9

https://trec-product-search.github.io


https://trec-product-search.github.io/index.html

LINKS

github.com/metarank/esci-playground

H metarank/ esci_playground Public <z Edit Pins ~ & Unwatch 2 ~ % For

ssues 17 Pullrequests () Actions [ Projects @ security |~ Insights 8 Seftings

P master ~ 1 5o Go to file Add file ~ About

A TREC23 playground repo
f.& shuttie extra tutorial on ESCI experiments 0 3 commits

LICENSE
README.md "a tutorial on riments T minut

config.yml initial commit 4 hours :

README.md

Metarank ESCI playground

This repo is a complementary set of configs and links for the Haystack US alk on Hybrid Search

Datasets

We use a combination of original Amazon ESCI and community ESCI-S datasets.

The ESCI+ESCI-S small dataset in the Metarank format can be downloaded here: s3://esci-s/metarank-esci-
small

Models

See huggingface.co/metarank repo with all models used in the final configuration:

= metarank/all-MiniLM-L
« metarank/all-mpnet-ba

« metarank/esci-Mini



https://github.com/metarank/esci-playground

* Fine-tuning is worth it: cheap, easy, fast
« Balance between hardware costs and ranking quality
 BE/CE/LM are not perfect: ensemble learning FTW
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