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NLP is revolutionizing Information Retrieval (IR)
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IR is revolutionizing NLP

Standard QA

Title: Bert

Context: Bert is a
Muppet who lives with
Ernie.

Q: Who is Bert?

A: Bert is a Muppet

Title, Context, Question, and
Answer given at train time.
Title, Context, Question given
a test time.

OpenQA

Title: Sesame Street

Context: Bert and
Ernie are Muppets who
live together.

Q: Who is Bert?

A: Bert is a Muppet

Only Question and Answer
given at train time. Only
Question given at test time.
Title/Context retrieved.
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Knowledge-intensive tasks

1. Question answering

2. Claim verification

3. Commonsense reasoning

4. Long-form reading comprehension

5. Information-seeking dialogue

6. Summarization

7. Natural language inference

6 /62



Guiding ideas Classical IR IR metrics Neural IR Datasets Conclusion

Classical IR

founded

fountain
...

Stamford

Stanford
...

University

doc47, doc39, doc41, . . .

doc21, doc64, doc16, . . .

doc21, doc11, doc17, . . .

doc47, doc39, doc68, . . .

doc21, doc39, doc68, . . .

When was Stanford University founded?

Term look-up

Document scoring

doc39 A History of Stanford University
doc47 Stanford University Wikipedia
doc64 Stanford University About Page
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“LLMs for everything”

When was Stanford University founded?

Stanford University was founded in 1891.
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Neural IR
When was Stanford University founded?

• • • • •• • • • • • • • • • • • • • •• • • • •

Scoring and extraction

“Stanford University was founded in 1885 by California
senator Leland Stanford and his wife, Jane”
A History of Stanford University

“Stanford was founded in 1885 by Leland and Jane Stan-
ford in memory of their only child, Leland Stanford Jr.”
Stanford University Wikipedia

“Opened in 1891”
Stanford University About Page
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Retrieval-augmented in-context learning

Context: Kermit is one of the
stars of Sesame Street.

Train or Retrieved

Q: Who is Kermit? Train

A: Kermit is the one of the
stars of Sesame Street.

Train or Retrieved

Context: Bert is a Muppet who
lives with Ernie.

Retrieved

Q: Who is Bert? Given

A: Bert is a Muppet. Predicted
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IR is more important than ever!

Fabricated!

Our paper!
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IR is more important than ever!

Fabricated!

Our paper!

Happy to call this all true

All of this, and everything 
generated after it, is false.
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Blog posts

[link]

[link]
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Classical IR
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The term–document matrix

d1 d2 d3 d4 d5 d6 d7 d8 d9 d10 · · ·

against 0 0 0 1 0 0 3 2 3 0
age 0 0 0 1 0 3 1 0 4 0

agent 0 0 0 0 0 0 0 0 0 0
ages 0 0 0 0 0 2 0 0 0 0
ago 0 0 0 2 0 0 0 0 3 0

agree 0 1 0 0 0 0 0 0 0 0
ahead 0 0 0 1 0 0 0 0 0 0
ain’t 0 0 0 0 0 0 0 0 0 0
air 0 0 0 0 0 0 0 0 0 0
aka 0 0 0 1 0 0 0 0 0 0

...
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TF-IDF
For a corpus of documents D:

• Term frequency: TF(w,doc) = count(w,doc)
|doc|

• Document frequency: df(w,D) =
�

�{doc ∈ D :w ∈ doc}
�

�

• Inverse document frequency: IDF(w,D) = loge

� |D|
df(w,D)

�

• TF-IDF(w,doc,D) = TF(w,doc) · IDF(w,D)

doc1 doc2 doc3 doc4

A 10 10 10 10
B 10 10 10 0
C 10 10 0 0
D 0 0 0 1

⇒
IDF

A 0.00
B 0.29
C 0.69
D 1.39

⇓
TF

doc1 doc2 doc3 doc4

A 0.33 0.33 0.50 0.91
B 0.33 0.33 0.50 0.00
C 0.33 0.33 0.00 0.00
D 0.00 0.00 0.00 0.09

TF-IDF
doc1 doc2 doc3 doc4

A 0.00 0.00 0.00 0.00
B 0.10 0.10 0.14 0.00
C 0.23 0.23 0.00 0.00
D 0.00 0.00 0.00 0.13
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IDF values

0 1 2 3 4 5 6 7 8 9 10
df(w, D)
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w,
 D

)

|D| = 10

16 /62



Guiding ideas Classical IR IR metrics Neural IR Datasets Conclusion

Selected TF-IDF values
Selected TF-IDF values

TF
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Relevance scores

RelevanceScore(q,doc,D) =
∑

w∈q
Weight(w,doc,D)

where Weight is often TF-IDF.
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BM25

Smoothed IDF
IDFBM25(w,D) = loge

�

1+
|D| − df(w,D) + 0.5

df(w,D) + 0.5

�

Scoring
With k = 1.2 and b = 0.75 (or thereabouts):

ScoreBM25(w,doc) =
TF(w,doc) · (k+ 1)

TF(w,doc) + k ·
�

1− b+ b · |doc|
avgdoclen

�

BM25 Weight
BM25(w,doc,D) = ScoreBM25(w,doc) · IDFBM25(w,D)
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BM25 IDF values
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IDF
IDF-BM25, s=0.01
IDF-BM25, s=0.5
IDF-BM25, s=2

IDFBM25(w,D) = loge

�

1+
|D| − df(w,D) + s

df(w,D) + s

�
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BM25 Scores: avgdoclen

0.0 0.1 0.2 0.3 0.4 0.5 0.6 0.7 0.8 0.9 1.0
TF(w, D)

0.0

0.5

1.0

1.5

2.0

2.5

BM
25

 S
co

re
s

Doc length: 10
k=1.20, b=0.75, avgdoclen=3
k=1.20, b=0.75, avgdoclen=5
k=1.20, b=0.75, avgdoclen=10

ScoreBM25(w,doc) =
TF(w,doc) · (k+ 1)

TF(w,doc) + k ·
�

1− b+ b · |doc|
avgdoclen

�

Penalizes long documents
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BM25 Scores: b
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Doc length: 10
k=1.20, b=0.10, avgdoclen=5
k=1.20, b=0.50, avgdoclen=5
k=1.20, b=0.75, avgdoclen=5
k=1.20, b=1.00, avgdoclen=5
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TF(w, D)
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Doc length: 10
k=1.20, b=0.10, avgdoclen=10
k=1.20, b=0.50, avgdoclen=10
k=1.20, b=0.75, avgdoclen=10
k=1.20, b=1.00, avgdoclen=10

ScoreBM25(w,doc) =
TF(w,doc) · (k+ 1)

TF(w,doc) + k ·
�

1− b+ b · |doc|
avgdoclen

�

b controls the doc length penalty
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BM25 Scores: k
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k=2.00, b=0.75, avgdoclen=10

ScoreBM25(w,doc) =
TF(w,doc) · (k+ 1)

TF(w,doc) + k·
�

1− b+ b · |doc|
avgdoclen

�

Flattens out higher frequencies
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Inverted indices

founded

fountain
...

Stamford

Stanford
...

University

doc47, doc39, doc41, . . .

doc21, doc64, doc16, . . .

doc21, doc11, doc17, . . .

doc47, doc39, doc68, . . .

doc21, doc39, doc68, . . .

When was Stanford University founded?

Term look-up

Document scoring

doc39 A History of Stanford University
doc47 Stanford University Wikipedia
doc64 Stanford University About Page
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Inverted indices

founded

fountain
...

Stamford

Stanford
...

University

(doc47, 0.90), (doc39, 0.76), (doc41, 0.76), . . .

(doc21, 0.65), (doc64, 0.60), (doc16, 0.10), . . .

(doc21, 0.91), (doc11, 0.89), (doc17, 0.50), . . .

(doc47, 0.29), (doc39, 0.01), (doc68, 0.10), . . .

(doc21, 0.91), (doc39, 0.90), (doc68, 0.76), . . .

0.12

0.88

0.01

0.56

0.01

When was Stanford University founded?

Term look-up

Document scoring

doc39 A History of Stanford University
doc47 Stanford University Wikipedia
doc64 Stanford University About Page
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Beyond term matching

1. Query and document expansion

2. Phrase search

3. Term dependence

4. Different document fields (e.g., title, body)

5. Link analysis (e.g., PageRank)

6. Learning to rank
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Tools for classical IR

1. Elasticsearch
https://www.elastic.co

2. Pyserini:
https://github.com/castorini/pyserini

3. PrimeQA
https://github.com/primeqa/primeqa
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IR metrics
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Many dimensions

1. Accuracy-style metrics: These will be our focus.

2. Latency: Time to execute a single query.

3. Throughput: Total queries served in a fixed time,
perhaps via batch processing.

4. FLOPs: Hardware agnostic measure of compute
resources.

5. Disk usage: For the model, index, etc.

6. Memory usage: For the model, index, etc.

7. Cost: Total cost of deployment for a system.
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Relevance data types

Given a query q and a collection of N documents D:

1. A complete partial gold ranking D = [doc1, . . . ,docN]
of D with respect to q.
É Unlikely unless D was automatically generated.

2. An incomplete partial ranking of D with respect to q.

3. Labels for which passages in D are relevant to q.
É Could be based in a weak supervision heuristic

like whether each doci contains q as a
substring.

4. A tuple consisting of one positive document doc+

for q and one or more negatives doc− for q.
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Success and Reciprocal Rank

Rank
For a ranking D = [doc1, . . . ,docN], let

Rank(q,D) ∈ {1,2,3, . . .}

be the position of the first relevant document for q in D.

Success
Success@K(q,D) =

§

1 if Rank(q,D) ¶ K
0 otherwise

Reciprocal Rank

RR@K(q,D) =

� 1
Rank(q,D) if Rank(q,D) ¶ K

0 otherwise

MRR@K is the average of this over multiple queries.
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Success and Reciprocal Rank: A comparison

D1 for q

1 docC ?
2 docE ?
3 docD
4 docB
5 docA
6 docF ?

• Success@2(q,D1) = 1

• RR@2(q,D1) = 1/1

D2 for q

1 docA
2 docC ?
3 docG
4 docB
5 docE ?
6 docF ?

• Success@2(q,D2) = 1

• RR@2(q,D2) = 1/2

D3 for q

1 docD
2 docB
3 docE ?
4 docC ?
5 docF ?
6 docA

• Success@2(q,D3) = 0

• RR@2(q,D3) = 0
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Precision and Recall

Ret(D,K) is the set of documents at or above K in D.

Rel(D,q) is the set of all documents that are relevant q.

Precision

Prec@K(q,D) =
|Ret(D,K) ∩Rel(D,q)|

K

Recall

Rec@K(q,D) =
|Ret(D,K) ∩Rel(D,q)|

|Rel(D,q)|
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Precision and Recall examples

D1 for q

1 docC ?
2 docE ?
3 docD
4 docB
5 docA
6 docF ?

• Prec@2(q,D1) = 2/2

• Rec@2(q,D1) = 2/3

D2 for q

1 docA
2 docC ?
3 docG
4 docB
5 docE ?
6 docF ?

• Prec@2(q,D2) = 1/2

• Rec@2(q,D2) = 1/3

D3 for q

1 docD
2 docB
3 docE ?
4 docC ?
5 docF ?
6 docA

• Prec@2(q,D3) = 0/2

• Rec@2(q,D3) = 0/3
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Precision and Recall examples

D1 for q

1 docC ?
2 docE ?
3 docD
4 docB
5 docA
6 docF ?

• Prec@5(q,D1) = 2/5

• Rec@5(q,D1) = 2/3

D2 for q

1 docA
2 docC ?
3 docG
4 docB
5 docE ?
6 docF ?

• Prec@5(q,D2) = 2/5

• Rec@5(q,D2) = 2/3

D3 for q

1 docD
2 docB
3 docE ?
4 docC ?
5 docF ?
6 docA

• Prec@5(q,D3) = 3/5

• Rec@5(q,D3) = 3/3
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Average Precision

AvgPrec(q,D) =

∑|D|
i=1

�

Prec@i(q,D) if Rel(q,doci)
0 otherwise

|Rel(D,q)|

D1 for q

1 docC ?
2 docE ?
3 docD
4 docB
5 docA
6 docF ?

Prec@1(q,D) = 1/1 +
Prec@2(q,D) = 2/2 +
Prec@6(q,D) = 3/6 +

2.5/3

D2 for q

1 docA
2 docC ?
3 docG
4 docB
5 docE ?
6 docF ?

Prec@2(q,D) = 1/2 +
Prec@5(q,D) = 2/5 +
Prec@6(q,D) = 3/6 +

1.4/3

D3 for q

1 docD
2 docB
3 docE ?
4 docC ?
5 docF ?
6 docA

Prec@3(q,D) = 1/3 +
Prec@4(q,D) = 2/4 +
Prec@5(q,D) = 3/5 +

1.43/3
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Which metric? There is no single answer!
1. Is the cost of scrolling through K passages low? Then

perhaps Success@K is fine-grained enough.

2. Are there multiple relevant documents per query? If so,
Success@K and RR@K may be too coarse-grained.

3. Is it more important to find every relevant document? If
so, favor Recall.

4. Is it more important to review only relevant documents?
If so, favor Precision.

5. F1@K is the harmonic mean of Prec@K and Recall@K. It
can be used where there are multiple relevant
documents but their relative order above K doesn’t
matter that much.

6. AvgPrec will give the finest-grained distinctions of the
metrics discussed here: it is sensitive to rank, precision,
and recall.
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Beyond accuracy

Hardware Performance

GPU CPU
RAM
(GiB) MRR@10

Query
Latency (ms)

Index Size
(GiB)

BM25 (Mackenzie et al., 2021) 0 32 512 18.7 8 1
BM25 (Lassance and Clinchant, 2022) 0 64 - 19.7 4 1
SPLADEv2-distil (Mackenzie et al., 2021) 0 32 512 36.9 220 4
SPLADEv2-distil (Lassance and Clinchant, 2022) 0 64 - 36.8 691 4
BT-SPLADE-S (Lassance and Clinchant, 2022) 0 64 - 35.8 7 1
BT-SPLADE-M (Lassance and Clinchant, 2022) 0 64 - 37.6 13 2
BT-SPLADE-L (Lassance and Clinchant, 2022) 0 64 - 38.0 32 4
ANCE (Xiong et al., 2020) 1 48 650 33.0 12 -
RocketQAv2 (Ren et al., 2021) - - - 37.0 - -
coCondenser (Gao and Callan, 2021) - - - 38.2 - -
CoT-MAE (Wu et al., 2022) - - - 39.4 - -
ColBERTv1 (Khattab and Zaharia, 2020) 4 56 469 36.1 54 154
PLAID ColBERTv2 (Santhanam et al., 2022a) 4 56 503 39.4 32 22
PLAID ColBERTv2 (Santhanam et al., 2022a) 4 56 503 39.4 12 22
DESSERT (Engels et al., 2022) 0 24 235 37.2 16 -

Table 1: Post-hoc leaderboard of MS MARCO v1 dev performance using results reported in corresponding papers.
For hardware specifications, we show the precise resources given as the running environment in the paper, even
if not all resources were available to the model or the resources were over-provisioned for the particular task.
Table 2 provides our estimates of minimum hardware requirements for a subset of these systems. Note that the first
PLAID ColBERTv2 result listed was run on a server which includes 4 GPUs but no GPU was actually used for
measurement, thereby resulting in a larger latency than the second listed result which does measure GPU execution.

hind the other models in accuracy. For very similar
costs to BM25, one can use BT-SPLADE-S and
achieve much better performance. On the other
hand, the SPLADE-v2-distil model outperforms
BT-SPLADE-S by about 1 point, but at a sub-
stantially higher cost. Unfortunately, these trade-
offs would not be reflected on the MS MARCO
leaderboard. Similarly, the top two systems of the
XOR TyDi leaderboard as of October 2022 were
separated by only 0.1 points in Recall@5000 to-
kens, but the gap in resource efficiency between
these two approaches is entirely unclear.

In this work, we contribute to the growing litera-
ture advocating for multidimensional leaderboards
that can inform different values and goals (Cole-
man et al., 2017; Mattson et al., 2020a,b; Baidu Re-
search, 2016; Ma et al., 2021; Liu et al., 2021a;
Liang et al., 2022). Our proposal is that researchers
should report orthogonal dimensions of perfor-
mance such as query latency and overall cost, in
addition to accuracy-based metrics. Our argument
has two main parts.

In part 1 (§2), we create a post-hoc MS MARCO
leaderboard from published papers (Table 1). This
reveals that systems with similar accuracy often
differ substantially along other dimensions, and
also that techniques for improving latency and re-

ducing memory and hardware costs are currently
being explored only very sporadically. However, a
few of the contributions (Santhanam et al., 2022a;
Lassance and Clinchant, 2022; Engels et al., 2022;
Li et al., 2022) exemplify the kind of thorough
investigation of accuracy and efficiency that we
are advocating for, and we believe that improved
multidimensional leaderboards could spur further
innovation in these areas.

In part 2 (§3), we systematically explore
four prominent systems: BM25, Dense Pas-
sage Retriever (DPR; Karpukhin et al. 2020),
BT-SPLADE-L (Formal et al., 2021; Lassance and
Clinchant, 2022), and PLAID ColBERTv2 (Khat-
tab and Zaharia, 2020; Santhanam et al., 2022a,b).
These experiments begin to provide a fuller picture
of the overall performance of these systems.

We close by discussing practical considerations
relating to the multidimensional leaderboards that
the field requires. Here, we argue that the Dy-

nascore metric developed by Ma et al. (2021) is
a promising basis for leaderboards that aim to (1)
measure systems along multiple dimensions and
(2) provide a single full ranking of systems. Dy-
nascores allow the leaderboard creator to weight
different assessment dimensions (e.g., to make cost
more important than latency). These weightings

37 /62

Santhanam et al. 2022c



Guiding ideas Classical IR IR metrics Neural IR Datasets Conclusion

Beyond accuracy
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Neural IR
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Cross-encoders

Query Document

s 1. Examples: 〈qi,doc
+
i ,{doc

−
i,k}〉

2. For a BERT-style encoder with N layers:

Rep(q,doc) = Dense (Enc([q;doc]N,0))

3. Loss: negative log-likelihood of the
positive passage

− log
exp
�

Rep(qi,doc+i )
�

exp
�

Rep(qi,doc+i )
�

+
∑n

j=1 exp
�

Rep(qi,doc−i,j)
�

Incredibly rich, but won’t scale!
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DPR

Query Document

• 1. Examples: 〈qi,doc
+
i ,{doc

−
i,k}〉

2. For a BERT-style encoder with N layers:

Sim(q,doc) = EncQ(q)N,0>EncD(doc)N,0

3. Loss: negative log-likelihood of the
positive passage

− log
exp
�

Sim(qi,doc+i )
�

exp
�

Sim(qi,doc+i )
�

+
∑n

j=1 exp
�

Sim(qi,doc−i,j)
�

Highly scalable, but limited query/doc interactions!
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Shared loss function
The negative log-likelihood of the positive passage:

Cross encoders

− log
exp
�

Rep(qi,doc+i )
�

exp
�

Rep(qi,doc+i )
�

+
∑n

j=1 exp
�

Rep(qi,doc−i,j)
�

DPR

− log
exp
�

Sim(qi,doc+i )
�

exp
�

Sim(qi,doc+i )
�

+
∑n

j=1 exp
�

Sim(qi,doc−i,j)
�

General form

− log
exp
�

Cmp(qi,doc+i )
�

exp
�

Cmp(qi,doc+i )
�

+
∑n

j=1 exp
�

Cmp(qi,doc−i,j)
�
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ColBERT
Q
u
er
y

Document

.82 .97 .82 .72 .90

.64 .84 .71 .60 .80

.55 .61 .72 .76 .85

.97

.84

.85

MaxSim = .97+ .84+ .85

1. Examples:
〈qi,doc+i ,{doc

−
i,k}〉

2. Loss: negative
log-likelihood of the
positive passage, with
MaxSim as the basis.

Highly scalable with late,
contextual interactions!

For a BERT-style encoder with N layers:

MaxSim(q,doc) =
L
∑

i

M
max
j
Enc(q)N,i>Enc(doc)N,j

with L is the length of q, M the length of doc.
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Soft alignment with ColBERT

when did the Transformers cartoon series come out

The animated Transformers was released in August 1986
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ColBERT as a reranker
w1

1

w2
1

w3
1

...
w1

27

w2
27

w3
27

...
w1

1B

w2
1B

doc1

doc27

doc1B

Given query q = [w1, . . . ,wM]:
1. Get the top K documents for

q using a fast, term-based
model like BM25.

2. Score each of those top K
documents using ColBERT.
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Beyond reranking for ColBERT
w1

1

w2
1

w3
1

...
w1

27

w2
27

w3
27

...
w1

1B

w2
1B

doc1

doc27

doc1B

Given query q encoded as vec-
tors [w1, . . . ,wM], for each query
vector wi:
1. Retrieve the p most similar

token vectors wk
j to wi.

2. Score each docj using
ColBERT.
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Centroid-based ranking
w1

1

w2
1

w3
1

...
w1

27

w2
27

w3
27

...
w1

1B

w2
1B

doc1

doc27

doc1B

C2

C1

C3

Given q encoded as [w1, . . . ,wM],
for each vector wi:

1. Retrieve the p centroids
closest to wi.

2. Retrieve the t most similar
token vectors wk

j to any of
the centroids.

3. Score each docj using
ColBERT.

46 /62



Guiding ideas Classical IR IR metrics Neural IR Datasets Conclusion

ColBERT latency analysis

47 /62

Santhanam et al. 2022a



Guiding ideas Classical IR IR metrics Neural IR Datasets Conclusion

ColBERT latency analysis

47 /62

Santhanam et al. 2022a



Guiding ideas Classical IR IR metrics Neural IR Datasets Conclusion

ColBERT latency analysis

47 /62

Santhanam et al. 2022a



Guiding ideas Classical IR IR metrics Neural IR Datasets Conclusion

ColBERT latency analysis

47 /62

Santhanam et al. 2022a



Guiding ideas Classical IR IR metrics Neural IR Datasets Conclusion

Additional ColBERT optimizations
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SPLADE
w7

w6

w5

w4

w3

w2

w1

Vo
ca
b

t1 t2 t3

Sequence

s11 s12 s13

s21 s22 s23

s31 s32 s33

s41 s42 s43

s51 s52 s53

s61 s62 s63

s71 s72 s73

SPLADE(t,w1)

SPLADE(t,w2)

SPLADE(t,w3)

SPLADE(t,w4)

SPLADE(t,w5)

SPLADE(t,w6)

SPLADE(t,w7)

1. sij =

transform
�

Enc(t)N,i)>Emb(wj) + bj
�

where

transform(x) =

LayerNorm(GeLU(xW+ b))

and Emb(w) is the embedding for w.

2. SPLADE(t,wj) =

M
∑

i

log
�

1+ReLU(sij)
�

3. SimSPLADE(q,doc) =

SPLADE(q)>SPLADE(doc)

4. Loss: Usual negative log-likelihood
plus a regularization term that leads
to sparse, balanced scores.
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Additional recent developments

This is an incredibly fast-moving field, but here are some selected
developments that caught my attention. I confess that these are
heavily biased towards ColBERT:

1. CITADEL (Li et al. 2022) is a lightning fast ColBERT-style model.

2. Lassance and Clinchant (2022) developed lightning fast
SPLADE variants.

3. DESSERT (Engels et al. 2022) offer ultra-efficient approximate
embedding search.

4. Lin et al. (2020) distill ColBERT into a single-vector model akin
to DPR.

5. DR.DECR Li et al. (2021) distills multilingual ColBERT models.

6. Choi et al. (2021) distill cross-encoders into ColBERT models.

7. Lee et al. (2023) rework the standard ColBERT objective so that
important tokens are retrieved first for blazing fast retrieval.
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Multidimensional benchmarking

Hardware Performance

G
PU

CP
U

RA
M

In
st
an
ce

La
te
nc
y

Co
st

Su
cc
es
s@

10

BM25 0 1 4 m6gd.med 11 $0.14 38.6

BM25 0 1 32 x2gd.lrg 10 $0.48 38.6
DPR 146 $6.78 52.1
ColBERTv2-S 206 $9.58 68.8
ColBERTv2-M 321 $14.90 69.6
ColBERTv2-L 459 $21.30 69.7
BT-SPLADE-L 46 $2.15 66.3

BM25 1 16 32 p3.8xl 9 $29.94 38.6
DPR 18 $61.06 52.1
ColBERTv2-S 27 $90.41 68.8
ColBERTv2-M 36 $123.35 69.6
ColBERTv2-L 55 $187.24 69.7
BT-SPLADE-L 33 $112.87 66.3
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Datasets
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TREC

1. Text REtrieval Conference (TREC) has annual
competitions for comparing IR systems.

2. The 2023 iteration has a number of tracks:
https://trec.nist.gov/pubs/call2023.html

3. TREC tends to emphasize careful evaluation with a
very small set of queries (e.g., 50 queries, each
with >100 annotated documents).

4. Having few test queries does not imply few
documents!
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MS MARCO ranking tasks

1. MS MARCO Ranking is the largest public IR benchmark.
2. It is adapted from a Question Answering dataset
3. It consists of more than 500k Bing search queries
4. Sparse labels: approx. one relevance label per query!
5. Fantastic for training IR models!
6. Passage Ranking: 9M short passages; sparse labels
7. Document Ranking: 3M long documents; sparse labels
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BEIR: Benchmarking IR

For testing models in zero-shot scenarios:
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LoTTE: Long-Tail, Topic-stratified Evaluation
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XOR-TyDI

Information-seeking QA, OpenQA, and multilingual QA
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Other topics

1. There is a large literature on different techniques
for sampling negatives.

2. Weak supervision can often create effective
retrieval labels. For example, Khattab et al. (2021)
say a passage is relevant in a QA context if it
contains the answer as a substring anywhere in the
passage.

3. Santhanam et al. (2022c) use Dynascores (Ma et al.
2021) to create unified leaderboards measuring
diverse IR metrics, including cost, latency and
performance. We will discuss Dynascores in detail
later in the course.
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Conclusion
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NLU and IR are back together again, with
profound implications for research and

technology development!
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