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Parametric Knowledge
Encoded in model weights

+ Fast inference
+ No dependencies
- Static, expensive to update
- Hallucination-prone
- Unverifiable

Non-Parametric Knowledge
Retrieved from external corpus

+ Updatable, auditable
+ Citable, verifiable
+ Scales independently
- Retrieval latency
- Errors propagate

Two Ways to "Know" Something



given an information need and a corpus of candidate responses, return relevant answers.

Information retrieval
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Information retrieval

information need: explicit or implicit request for information
corpus: partial, exact, or overcomplete answers 



given an information need and a corpus of candidate responses, return relevant answers.

Information retrieval

information need: explicit or implicit request for information
corpus: partial, exact, or overcomplete answers 
relevance: satisfying the information need



given keywords and a web crawl, return relevant URLs.

Information retrieval
web search



given keywords and an image corpus, return relevant images.

Information retrieval
image search



given a user context and a catalog of music, return relevant tracks.

Information retrieval
music recommendation
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Bag of words: sparse lexical embeddings
Classic retrieval

• Corpus: set of text documents; can be passages or other text strings.
• Document representation: sum of one-hot vectors associated with terms in the document

• Query: text string 
• Query representation: sum of one-hot vectors associated with terms in the query

• Ranking function: inner product between query and document representations; sort by cosine 
similarity
• can use inverted indices and branch and bound techniques to do highly-efficient top-k ranking
• think about how quickly Google returns results for a corpus of billions of documents



BM25
Classic retrieval
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BM25
Classic retrieval

• Although older, still a highly competitive 
baseline, especially if you need a reliable 
technology.

• On relatively simple queries with complex 
combinations of relevant items, BM25 can have 
substantially higher effectiveness. 

• However, it can still underperform when 
semantic understanding is necessary.

• Can be interpreted as “missing terms in the query 
mean missing non-zeros in the query vector”

Orion Weller, Michael Boratko, Iftekhar Naim, and Jinhyuk Lee. On the theoretical limitations of embedding-based retrieval. ICLR, 2026.

On the Theoretical Limitations of Embedding-Based Retrieval

Figure 3 | Scores on the LIMIT task. Despite the simplicity of the task we see that SOTA models
struggle. We also see that the dimensionality of the model is a limiting factor and that as the
dimension increases, so does performance. Even multi-vector models struggle. Lexical models like
BM25 do very well due to their higher dimensionality. Stars indicate models trained with MRL.

Models We evaluate the state-of-the-art embedding models including GritLM [Muennigho! et al.,
2024], Qwen 3 Embeddings [Zhang et al., 2025], Promptriever [Weller et al., 2024b], Gemini
Embeddings [Lee et al., 2025], Snowflake’s Arctic Embed Large v2.0 [Yu et al., 2024], and E5-Mistral
Instruct [Wang et al., 2022, 2023]. These models range in embedding dimension (1024 to 4096)
as well as in training style (instruction-based, hard negative optimized, etc.). We also evaluate
three non-single vector models to show the distinction: BM25 [Robertson et al., 1995, Lù, 2024],
gte-ModernColBERT [Cha"n, 2025, Cha"n and Sourty, 2024], and a token-wise TF-IDF.9

We show results at the full embedding dimension and also with truncated embedding dimension
(typically used with matryoshka learning, aka MRL [Kusupati et al., 2022]). For models not trained
with MRL this will result in sub-par scores, thus, models trained with MRL are indicating with stars in
the plots. However, as there are no LLMs with an embedding dimension smaller than 384, we include
MRL for all models to small dimensions (32) to show the impact of embedding dimensionality.

Results Figure 3 shows the results on the full LIMIT while Figure 4 shows the results on the small
(46 document) version. The results are surprising - models severely struggle even though the task
is trivially simple. For example, in the full setting models struggle to reach even 20% recall@100
and in the 46 document version models cannot solve the task even with recall@20.

We see that model performance depends crucially on the embedding dimensionality (better
performance with bigger dimensions). Interestingly, models trained with more diverse instruction,
such as Promptriever, perform better, perhaps because their training allows them to use more of their
embedding dimensions (compared to models which are trained with MRL and on a smaller range of
tasks that can perhaps be consolidated into a smaller embedding manifold).

For alternative architectures, GTE-ModernColBERT does significantly better than single-vector

9This model turns each unique item into a token and then does TF-IDF. We build it to show that it gets 100% on all tasks
(as it reverse engineers our dataset construction) and thus we do not include it in future charts.

9



BM25
Classic retrieval
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if we can make this 
denser, then we can 
reuse existing logic



poll: how can we make the query 
vector denser? 



The Rocchio algorithm
Relevance feedback

• One way to do query expansion is to get a small set 
of relevant documents (few-shot examples). 

• The Rocchio algorithm interpolates the original 
query vector with a linear combination of the 
relevant document vectors.

• Improves query vector resolution because,
• documents are denser (reweight)
• documents have terms not in the query (expand)

• If you have relevant documents, this is a robust 
result for vector space model algorithms.

J. J. Rocchio. Relevance feedback in information retrieval, Scientific Report23. Number 9 in . The National Science Foundation, August 1965.
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poll: what is the problem with 
relevance feedback?



Relevance Models
Pseudo-Relevance feedback

• The biggest problem with Rocchio, in practice is 
finding example relevant documents
• Users do not want to provide with every query

• How can to obtain the relevant documents?

• We can use an existing retrieval system to guess the set!

• Pseudo-relevance feedback with Relevance Models,
1. score all documents using BM25 (or any ranker)
2. interpolate the query with a combination of the top k 

documents, weighted by score
3. score all documents using BM25 and the new query

Victor Lavrenko and W. Bruce Croft. Relevance based language models. In Proceedings of the 24th annual international acm sigir conference on research and development in information retrieval, 2001.
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Relevance Models
Pseudo-Relevance feedback

• The biggest problem with Rocchio, in practice is finding example 
relevant documents
• Users do not want to provide with every query

• How can to obtain the relevant documents?

• We can use an existing retrieval system to guess the set!

• Pseudo-relevance feedback with Relevance Models (RM3),
1. score all documents using BM25 (or any ranker)
2. interpolate the query with a combination of the top k documents, 

weighted by score
3. score all documents using BM25 and the new query

Victor Lavrenko and W. Bruce Croft. Relevance based language models. In Proceedings of the 24th annual international acm sigir conference on research and development in information retrieval, 2001.
Nasreen Abdul-Jaleel, James Allan, W. Bruce Croft, Fernando Diaz, Leah Larkey, Xiaoyan Li, Donald Metzler, Mark D. Smucker, Trevor Strohman, Howard Turtle, and Courtney Wade. Umass at trec 2004: 
novelty and hard. In Online proceedings of 2004 text retrieval conference, 2004.
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Figure 4: Retrieval performance of relevance models on the AP dataset with TREC title queries. Relevance model outperforms the
baseline language modeling approach (LM). On average, relevance model performs roughly as well as a language model augmented
with query expansion.

TREC queries 101-150 (title)
LM Rel.M %chg Wilc.

Rel 4805 4805
Rret 2981 3733 +25.23 0.0156*
0.00 0.6132 0.6161 +0.5 0.4524
0.10 0.4090 0.4686 +14.6 0.0651
0.20 0.3267 0.4066 +24.5 0.0042*
0.30 0.2815 0.3562 +26.6 0.0035*
0.40 0.2277 0.3171 +39.3 0.0001*
0.50 0.1922 0.2803 +45.8 0.0000*
0.60 0.1579 0.2393 +51.6 0.0001*
0.70 0.1094 0.1799 +64.5 0.0027*
0.80 0.0693 0.1205 +74.0 0.0411*
0.90 0.0441 0.0578 +30.8 0.3576
1.00 0.0267 0.0113 -57.7 0.0372*
Avg 0.2021 0.2617 +29.50 0.0017*
5 0.3840 0.4240 +10.4 0.1707
10 0.3760 0.3940 +4.8 0.3001
15 0.3480 0.3880 +11.5 0.1112
20 0.3260 0.3810 +16.9 0.0610
30 0.3007 0.3520 +17.1 0.0214*
100 0.2104 0.2652 +26.0 0.0013*
200 0.1527 0.1971 +29.1 0.0013*
500 0.0954 0.1171 +22.7 0.0217*
1000 0.0596 0.0747 +25.2 0.0156*
RPr 0.2546 0.2935 +15.27 0.0056*

TREC queries 151-200 (title)
LM Rel.M %chg Wilc.

Rel 4933 4933
Rret 3288 3222 -2.01 0.0367*
0.00 0.7699 0.7248 -5.9 0.1697
0.10 0.5669 0.5913 +4.3 0.1524
0.20 0.4494 0.5201 +15.7 0.0084*
0.30 0.3628 0.4797 +32.2 0.0005*
0.40 0.3239 0.4090 +26.3 0.0096*
0.50 0.2596 0.3258 +25.5 0.0256*
0.60 0.2187 0.2649 +21.1 0.0400*
0.70 0.1772 0.1852 +4.5 0.2976
0.80 0.1436 0.1134 -21.0 0.1327
0.90 0.1048 0.0561 -46.5 0.0172*
1.00 0.0319 0.0165 -48.2 0.0571
Avg 0.2878 0.3182 +10.55 0.0971
5 0.5400 0.5200 -3.7 0.2552
10 0.4880 0.4980 +2.0 0.3288
15 0.4640 0.4907 +5.7 0.1891
20 0.4430 0.4690 +5.9 0.0890
30 0.4000 0.4287 +7.2 0.0522
100 0.2532 0.2832 +11.8 0.1288
200 0.1835 0.1992 +8.6 0.3631
500 0.1086 0.1097 +1.1 0.7538
1000 0.0658 0.0644 -2.0 0.0367*
RPr 0.3212 0.3519 +9.56 0.0638

Table 2: Comparison of Relevance Model (Rel.M) to the Language Modeling (LM) on the AP subset of TREC. Stars indicate
statistically significant differences in performance with a 95% confidence according to the Wilcoxon test.



poll: what is the problem with 
pseudo-relevance feedback?



Condensed List Relevance Models
Pseudo-Relevance feedback

• The biggest drawback of RM3 is the penalty of doing 
two retrievals.

• For a large search engine with a lot of users, this is 2x 
the cost!

• However, if we look at the positions of the 
documents for the first and second retrievals, we find 
high overlap…

Fernando Diaz. Condensed list relevance models. In Proceedings of the 2015 international conference on the theory of information retrieval, ICTIR '15, 313--316, New York, NY, USA, May 2015. , ACM.

Figure 1: Correlation between RM3 and CLRM3 for metrics with di↵erent recall orientation on the web

dataset. Each point represents the performance of each algorithm for a unique query-parameter setting. We

have omitted points lying exactly on the diagonal (see Table 3). Horizontal banding reflects queries whose

performance can increase by retrieving new documents from a second retrieval.
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Figure 2: Distribution of latency (ms) incurred from relevance modeling as a function of relevance model

parameters. Note that while the vertical axes are comparable for a given algorithm, the axes for CLRM3 are

significantly di↵erent from those of RM3. Runtime is measured on the full set of parameters in the sweep

for all queries in web.

Condensed List Relevance Models

Fernando Diaz
Microsoft

fdiaz@microsoft.com

ABSTRACT
Pseudo-relevance feedback has traditionally been implemented
as an expensive re-retrieval of documents from the target
corpus. In this work, we demonstrate that, for high pre-
cision metrics, re-ranking the original feedback set provides
nearly identical performance to re-retrieval with significantly
lower latency.

1. INTRODUCTION
Pseudo-relevance feedback refers to the use of an initial

retrieval to find e↵ective query expansion terms or phrases
[1, 5]. The expanded query is often substantially longer than
the original query and, as a result, incurs higher latency due
to more postings lists being evaluated. This problem is ex-
acerbated by retrieval systems which have been aggressively
optimized (both in terms of e�ciency and e↵ectiveness) for
short, web-like queries. That said, pseudo-relevance feed-
back consistently improves retrieval e↵ectiveness in many
domains [7, 10, 2].

In this paper, we exploit the high overlap between the
first and second retrievals in pseudo-relevance feedback in
order significantly improve e�ciency. This overlap allows
fast score computation of those documents already fetched
as part of the first stage of the pseudo-relevance feedback
process. In order to demonstrate this phenomenon, we com-
puted the overlap between the top ten documents retrieved
after pseudo-relevance feedback and those retrieved in the
initial retrieval (Table 1). The results show that, with ex-
tremely high probability, the top ranked documents after
pseudo-relevance feedback have already been fetched. Al-
though this probability falls with the rank of the document
in the final retrieval, many retrieval metrics emphasize the
top of the ranked list.

We propose the following simple modification to pseudo-
relevance feedback: re-rank the initial retrieval instead of
re-retrieving. Our experiments test two hypotheses. First,
re-ranking the original retrieval set performs as well as re-
retrieving. Second, re-ranking the original retrieval is much

Permission to make digital or hard copies of all or part of this work for
personal or classroom use is granted without fee provided that copies are
not made or distributed for profit or commercial advantage and that copies
bear this notice and the full citation on the first page. To copy otherwise, to
republish, to post on servers or to redistribute to lists, requires prior specific
permission and/or a fee.
Copyright 20XX ACM X-XXXXX-XX-X/XX/XX ...$15.00.

Table 1: Top n locality of pseudo-relevance feed-

back. We computed the probability of the highest

ranked documents after pseudo-relevance feedback

occurring in the top 1000 documents of the initial

retrieval. Probabilities are computed from 1000 ran-

dom parameter settings for an RM3 model.

rank trec12 robust web
1 1 0.999 0.998
2 0.996 0.996 0.995
3 0.994 0.993 0.996
4 0.996 0.989 0.993
5 0.992 0.987 0.991
...

...
...

...
996 0.374 0.416 0.389
997 0.383 0.385 0.388
998 0.368 0.363 0.359
999 0.377 0.385 0.383
1000 0.395 0.387 0.402

more e�cient than re-retrieving. The evidence from our
experiments supports both of these hypotheses.

2. RELATED WORK
Although there has been a great deal of work on improving

the e↵ectiveness and robustness of pseudo-relevance feed-
back techniques, there has been very little work on improv-
ing the e�ciency of pseudo-relevance feedback.
Cartright et al. present several corpus pre-processing meth-

ods for improving the e�ciency of relevance model-based
feedback [4]. The techniques operate under the assumption
of massive query expansion where the size of the expanded
query is as large as the vocabulary. This allows systems to
construct an corpus-level inter-document similarity matrix a
priori and then exploit this data structure to quickly com-
pute relevance model scores. Although this work is tech-
nically exciting, the assumption of a fixed expansion size
is problematic. Wu and Fang present a method for incre-
mentally performing pseudo-relevance feedback [12]. This
method is similar to ours insofar as the authors reuse compu-
tation from the initial retrieval. However, our method seems
to be a missing baseline for their experiments.1 Further-
more, the experiments in Wu and Fang explore very small
1Our method is discussed and dismissed as probably leading
to poor performance.

Top n locality of PRF. Probability 
of the highest ranked documents 
after PRF occurring in the top 1000 
documents of the initial retrieval. 
Probabilities are computed from 
1000 random parameter settings for 
an RM3 model.



Condensed List Relevance Models
Pseudo-Relevance feedback

• The biggest drawback of RM3 is the penalty of doing 
two retrievals.

• For a large search engine with a lot of users, this is 2x 
the cost!

• However, if we look at the positions of the 
documents for the first and second retrievals, we find 
high overlap…

• What if the second ranking is a re-ranking of the 
initial retrieval (CLRM3)?
• effectiveness scores are almost identical!

Fernando Diaz. Condensed list relevance models. In Proceedings of the 2015 international conference on the theory of information retrieval, ICTIR '15, 313--316, New York, NY, USA, May 2015. , ACM.
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Table 2: E↵ectiveness results for precision and re-

call oriented metrics. Numbers in bold indicates

statistically significant improvement over the alter-

native for that metric using a Student’s paired t-test
(p < 0.05).

(a) Precision-oriented metrics

RR NDCG5 NDCG10
trec12

RM3 0.7343 0.6047 0.5629
CLRM3 0.7599 0.6091 0.5661

robust
RM3 0.7100 0.4810 0.4767
CLRM3 0.7100 0.4808 0.4757

cw09b
RM3 0.4907 0.2161 0.2032
CLRM3 0.4907 0.2161 0.2032

(b) Recall-oriented metrics

MAP Rprec recall
trec12

RM3 0.3164 0.3532 0.6834
CLRM3 0.2921 0.3410 0.5939

robust
RM3 0.2892 0.3140 0.7625
CLRM3 0.2767 0.3140 0.6914

cw09b
RM3 0.1613 0.2108 0.4712
CLRM3 0.1606 0.2108 0.4644

performance between RM3 and CLRM3 for high precision
metrics (Table 3). This similarity in performance disap-
pears for recall-oriented metrics. In Figure 1, we present
scatterplots for those query-parameter samples where per-
formance di↵ered. We notice that recall-oriented metrics
exhibit a horizontal banding e↵ect for those queries whose
performance can improve when in the RM3 condition but are
constrained by the original retrieval for the CLRM3 condi-
tion.

In terms of e�ciency, CLRM3 is substantially faster than
RM3, operating at 5.68% (trec12), 5.03% (robust), and 10.1%
(web) of RM3 at optimal parameter settings. In order to ad-
dress the concern that this improvement was an artifact of
our single machine infrastructure, we distributed the web in-
dex across our nine servers and reproduced our experiments.
The e�ciency improvements were identical to those on the
single machine architecture. These experiments support our
second hypothesis.

The latency incurred by these approaches can be a↵ected
by our pseudo-relevance feedback parameters. Here, we
define latency as the per-query algorithm runtime above
a baseline without feedback (i.e. query likelihood). We
present this analysis in Figure 2. In general, we find that
changing the number of feedback documents (k) does not
a↵ect performance for either algorithm. The interpolation
weight (�) improves the runtime for RM3. This is most

Table 3: Fraction of runs with equal metric values

for RM3 and CLRM3 during a parameter sweep.

For a random setting of parameters in our sweep,

this is the probability that RM3 and CLRM3 will

perform identically.

RR NDCG5 NDCG10 MAP Rprec recall
trec12 0.958 0.989 0.976 0.087 0.699 0.129
robust 0.968 0.995 0.985 0.297 0.901 0.397
cw09b 0.894 0.998 0.992 0.403 0.947 0.562

likely a result of term weights becoming more skewed, al-
lowing more aggressive pruning of candidate documents by
the retrieval system. Because CLRM3 scores a fixed set of
documents, we do not see this e↵ect for the new algorithm.
The number of feedback terms (m) significantly a↵ects run-
time. A näıve linear model predicts each additional term
adding ⇠ 8000 milliseconds to the retrieval for RM3 and
⇠ 100 milliseconds for CLRM3.

6. CONCLUSION
We found our results as impressive as the algorithm was

simple. We believe that researchers and practitioners should
strongly consider condensed list pseudo-relevance feedback
when there are e�ciency concerns with two-pass pseudo-
relevance feedback.
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Condensed List Relevance Models
Pseudo-Relevance feedback

• The biggest drawback of RM3 is the penalty of doing 
two retrievals.

• For a large search engine with a lot of users, this is 2x the 
cost!

• However, if we look at the positions of the documents 
for the first and second retrievals, we find high overlap…

• What if the second ranking is a re-ranking of the initial 
retrieval (CLRM3)?
• effectiveness scores are almost identical!
• efficiency gains are huge!

Fernando Diaz. Condensed list relevance models. In Proceedings of the 2015 international conference on the theory of information retrieval, ICTIR '15, 313--316, New York, NY, USA, May 2015. , ACM.

Figure 1: Correlation between RM3 and CLRM3 for metrics with di↵erent recall orientation on the web

dataset. Each point represents the performance of each algorithm for a unique query-parameter setting. We

have omitted points lying exactly on the diagonal (see Table 3). Horizontal banding reflects queries whose

performance can increase by retrieving new documents from a second retrieval.
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significantly di↵erent from those of RM3. Runtime is measured on the full set of parameters in the sweep

for all queries in web.
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Pseudo-Relevance feedback

• PRF is a good trick to have in your pocket if you are 
ever in a situation where you need to work with tf.idf 
vectors

• PRF improves as the initial retrieval improves (e.g., 
can use a structured query language) [Metzler and 
Croft 2007]

Donald Metzler and W. Bruce Croft. Latent concept expansion using markov random fields. In Proceedings of the 30th annual international acm sigir conference on research and development in information retrieval, 2007.
Fernando Diaz and Donald Metzler. Improving the estimation of relevance models using large external corpora. In Sigir '06: proceedings of the 29th annual international acm sigir conference on research and development 
in information retrieval, 154--161, New York, NY, USA, 2006.
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Figure 2: Histograms that demonstrate and compare the robustness of relevance models (RM3) and latent
concept expansion (LCE) with respect to the query likelihood model (QL) for the AP, ROBUST, and WT10G
data sets.

The results, evaluated using mean average precision, are
given in Table 3. As we see, the MRF model, relevance mod-
els, and LCE always significantly outperform the unigram
language model. In addition, LCE shows significant im-
provements over relevance models across all data sets. The
relative improvements over relevance models is 6.9% for AP,
12.9% for WSJ, 6.5% for ROBUST, 16.7% for WT10G, and
7.3% for GOV2.

Furthermore, LCE shows small, but not significant, im-
provements over relevance modeling for metrics such as pre-
cision at 5, 10, and 20. However, both relevance modeling
and LCE show statistically significant improvements in such
metrics over the unigram language model.

Another interesting result is that the MRF model is sta-
tistically equivalent to relevance models on the two web data
sets. In fact, the MRF model outperforms relevance mod-
els on the WT10g data set. This reiterates the importance
of non-unigram, proximity-based features for content-based
web search observed previously [14, 16].

Although our model has more free parameters than rele-
vance models, there is surprisingly little overfitting. Instead,
the model exhibits good generalization properties.

4.1.2 Expansion with Multi-Term Concepts
We also investigated expanding using both single and two

word concepts. For each query, we expanded using a set of
single term concepts and a set of two term concepts. The
sets were chosen independently. Unfortunately, only negli-
gible increases in mean average precision were observed.

This result may be due to the fact that strong correla-
tions exist between the single term expansion concepts. We
found that the two word concepts chosen often consisted of
two highly correlated terms that are also chosen as single
term concepts. For example, the two term concept “stock
market” was chosen while the single term concepts “stock”
and “market” were also chosen. Therefore, many two word
concepts are unlikely to increase the discriminative power
of the expanded query. This result suggests that concepts
should be chosen according to some criteria that also takes
novelty, diversity, or term correlations into account.

Another potential issue is the feature set used. Other
feature sets may ultimately yield different results, especially
if they reduce the correlation among the expansion concepts.

Therefore, our experiments yield no conclusive results with
regard to expansion using multi-term concepts. Instead, the
results introduce interesting open questions and directions
for future exploration.

LM MRF RM3 LCE
WSJ .3258 .3425α .3493α .3943αβγ

AP .2077 .2147α .2518αβ .2692αβγ

ROBUST .2920 .3096α .3382αβ .3601αβγ

WT10g .1861 .2053α .1944α .2269αβγ

GOV2 .3234 .3520α .3656α .3924αβγ

Table 3: Test set mean average precision for lan-
guage modeling (LM), Markov random field (MRF),
relevance models (RM3), and latent concept expan-
sion (LCE). The superscripts α, β, and γ indicate
statistically significant improvements (p < 0.05) over
LM, MRF, and RM3, respectively.

4.2 Robustness
As we have shown, relevance models and latent concept

expansion can significantly improve retrieval effectiveness
over the baseline query likelihood model. In this section
we analyze the robustness of these two methods. Here, we
define robustness as the number queries whose effectiveness
are improved/hurt (and by how much) as the result of ap-
plying these methods. A highly robust expansion technique
will significantly improve many queries and only minimally
hurt a few.

Figure 2 provides an analysis of the robustness of rele-
vance modeling and latent concept expansion for the AP,
ROBUST, and WT10G data sets. The analysis for the
two data sets not shown is similar. The histograms pro-
vide, for various ranges of relative decreases/increases in
mean average precision, the number of queries that were
hurt/improved with respect to the query likelihood baseline.

As the results show, LCE exhibits strong robustness for
each data set. For AP, relevance models improve 38 queries
and hurt 11, whereas LCE improves 35 and hurts 14. Al-
though relevance models improve the effectiveness of 3 more
queries than LCE, the relative improvement exhibited by
LCE is significantly larger. For the ROBUST data set, rel-
evance models improve 67 queries and hurt 32, and LCE
improves 77 and hurts 22. Finally, for the WT10G collec-
tion, relevance models improve 32 queries and hurt 16, and
LCE improves 35 and hurts 14. As with AP, the amount of
improvement exhibited by the LCE versus relevance models
is significantly larger for both the ROBUST and WT10G
data sets. In addition, when LCE does hurt performance, it
is less likely to hurt as much as relevance modeling, which
is a desirable property.



Pseudo-Relevance feedback

• PRF is a good trick to have in your pocket if you are 
ever in a situation where you need to work with tf.idf 
vectors

• PRF improves as the initial retrieval improves (e.g., 
can use a structured query language) [Metzler and 
Croft 2007]

• PRF improves if the initial retrieval is from a much 
larger external corpus [Diaz and Metzler 2006]
• equal to getting ~5 labeled documents

Donald Metzler and W. Bruce Croft. Latent concept expansion using markov random fields. In Proceedings of the 30th annual international acm sigir conference on research and development in information retrieval, 2007.
Fernando Diaz and Donald Metzler. Improving the estimation of relevance models using large external corpora. In Sigir '06: proceedings of the 29th annual international acm sigir conference on research and development 
in information retrieval, 154--161, New York, NY, USA, 2006.
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Figure 2: Histograms that demonstrate and compare the robustness of relevance models (RM3) and latent
concept expansion (LCE) with respect to the query likelihood model (QL) for the AP, ROBUST, and WT10G
data sets.

The results, evaluated using mean average precision, are
given in Table 3. As we see, the MRF model, relevance mod-
els, and LCE always significantly outperform the unigram
language model. In addition, LCE shows significant im-
provements over relevance models across all data sets. The
relative improvements over relevance models is 6.9% for AP,
12.9% for WSJ, 6.5% for ROBUST, 16.7% for WT10G, and
7.3% for GOV2.

Furthermore, LCE shows small, but not significant, im-
provements over relevance modeling for metrics such as pre-
cision at 5, 10, and 20. However, both relevance modeling
and LCE show statistically significant improvements in such
metrics over the unigram language model.

Another interesting result is that the MRF model is sta-
tistically equivalent to relevance models on the two web data
sets. In fact, the MRF model outperforms relevance mod-
els on the WT10g data set. This reiterates the importance
of non-unigram, proximity-based features for content-based
web search observed previously [14, 16].

Although our model has more free parameters than rele-
vance models, there is surprisingly little overfitting. Instead,
the model exhibits good generalization properties.

4.1.2 Expansion with Multi-Term Concepts
We also investigated expanding using both single and two

word concepts. For each query, we expanded using a set of
single term concepts and a set of two term concepts. The
sets were chosen independently. Unfortunately, only negli-
gible increases in mean average precision were observed.

This result may be due to the fact that strong correla-
tions exist between the single term expansion concepts. We
found that the two word concepts chosen often consisted of
two highly correlated terms that are also chosen as single
term concepts. For example, the two term concept “stock
market” was chosen while the single term concepts “stock”
and “market” were also chosen. Therefore, many two word
concepts are unlikely to increase the discriminative power
of the expanded query. This result suggests that concepts
should be chosen according to some criteria that also takes
novelty, diversity, or term correlations into account.

Another potential issue is the feature set used. Other
feature sets may ultimately yield different results, especially
if they reduce the correlation among the expansion concepts.

Therefore, our experiments yield no conclusive results with
regard to expansion using multi-term concepts. Instead, the
results introduce interesting open questions and directions
for future exploration.

LM MRF RM3 LCE
WSJ .3258 .3425α .3493α .3943αβγ

AP .2077 .2147α .2518αβ .2692αβγ

ROBUST .2920 .3096α .3382αβ .3601αβγ

WT10g .1861 .2053α .1944α .2269αβγ

GOV2 .3234 .3520α .3656α .3924αβγ

Table 3: Test set mean average precision for lan-
guage modeling (LM), Markov random field (MRF),
relevance models (RM3), and latent concept expan-
sion (LCE). The superscripts α, β, and γ indicate
statistically significant improvements (p < 0.05) over
LM, MRF, and RM3, respectively.

4.2 Robustness
As we have shown, relevance models and latent concept

expansion can significantly improve retrieval effectiveness
over the baseline query likelihood model. In this section
we analyze the robustness of these two methods. Here, we
define robustness as the number queries whose effectiveness
are improved/hurt (and by how much) as the result of ap-
plying these methods. A highly robust expansion technique
will significantly improve many queries and only minimally
hurt a few.

Figure 2 provides an analysis of the robustness of rele-
vance modeling and latent concept expansion for the AP,
ROBUST, and WT10G data sets. The analysis for the
two data sets not shown is similar. The histograms pro-
vide, for various ranges of relative decreases/increases in
mean average precision, the number of queries that were
hurt/improved with respect to the query likelihood baseline.

As the results show, LCE exhibits strong robustness for
each data set. For AP, relevance models improve 38 queries
and hurt 11, whereas LCE improves 35 and hurts 14. Al-
though relevance models improve the effectiveness of 3 more
queries than LCE, the relative improvement exhibited by
LCE is significantly larger. For the ROBUST data set, rel-
evance models improve 67 queries and hurt 32, and LCE
improves 77 and hurts 22. Finally, for the WT10G collec-
tion, relevance models improve 32 queries and hurt 16, and
LCE improves 35 and hurts 14. As with AP, the amount of
improvement exhibited by the LCE versus relevance models
is significantly larger for both the ROBUST and WT10G
data sets. In addition, when LCE does hurt performance, it
is less likely to hurt as much as relevance modeling, which
is a desirable property.
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Figure 2: Relevance feedback performance as a function of number of documents judged. Pseudo-relevance
feedback techniques—which do not use any judgments—are shown for reference. Dashed lines represent
external expansion (EE) using the BIGNEWS corpus. Dotted lines represent pseudo-relevance feedback
using only the target corpus (RM3).
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Figure 3: Change in density vs change in arithmetic mean average precision on a query-by-query basis. The
dashed line is fitted linearly to show the trend. In each case, a statistically significant correlation exists using
a one tailed test of significance with p < 0.05.
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Dense embeddings
Modern retrieval

• Documents and queries converted to dense vector representations

• Similarity measured via cosine distance or dot product in vector space

• Enables semantic matching beyond lexical matches

• Architecture & Workflow

• Offline: encode document corpus and store in vector index (FAISS, Pinecone, etc.)

• Online: encode query and approximate nearest neighbor search to return top-k results



Comparison
Retrieval methods

Dimension Sparse Dense

Matching Lexical Semantic 

Out-of-domain Robust Can degrade

Rare entities Strong Weak

Paraphrase Weak Strong

Training None Required



● typically retrieval is done by a sequence of retrieval models
○ candidate generation stage(s): simple and fast model to retrieve a smaller subset of the corpus that 

probably contains relevant documents 
■ often focuses on recall 

○ ranking stage(s): more accurate but slower model to score candidates 
■ often focuses on precision 

● example
○ candidate generation: top 100 documents by BM25 
○ ranking: score 100 documents using a neural network 

29

Multi-stage ranking
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● Given a query, there are many signals correlated with relevance,
○ lexical signals: term matches, phrase matches, …
○ document representations: title, body, URL, in-links, …
○ static document information: quality, genre, …
○ higher-level signals: BM25 score, embedding match, …

● Different signals can be combined to improve accuracy
○ information is often complementary

● Manually exploring the space of combinations is impractical
○ too many combinations and too many parameters
○ can machine learning instead
○ referred to as learning to rank (LTR) 

31

Introduction
Learning to rank



● learning to rank (LTR) refers to the broad set of techniques that optimizes a 
scorer given a specific ranking loss. 

● scorers, also known as ranking functions, map a set of query-document signals, 
also known as features, to a scalar value.

● given a query, documents can be ranked using scores computed by a ranking 
function.

● the parameters of a ranking function are set to optimize performance on a 
training set of labeled query-document pairs. 

32

Introduction
Learning to rank



Learning to rank
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corpus



Learning to rank

34

relevant

query: cat



Learning to rank

35

relevant
query: dog



● features 
○ query 
○ document
○ interaction  

● optimization 
○ pointwise
○ pairwise
○ listwise

36

Core components
Learning to rank



ranking functions produce a document score by using signals from the query, the document, and 
their interaction.

● features vary in usefulness, 
○ good features are predictive of document utility or relevance to the information need.
○ bad features are not predictive of document utility or relevance to the information need.

● features vary in type,
○ binary features (e.g., “is the term “cat” present in the document?”, “is any query term present in the document?”)
○ integer features (e.g., “count of term “cat” in the document”, “count of query terms in the document”)
○ scalar features (e.g., “BM25 score of the query and document”)

● features vary in cost,
○ computing some features are cheap (e.g., “count of query terms in the document”)
○ computing some features are expensive (e.g., “query-document score from a deep matching model”)

37

Features
Learning to rank



● features vary in availability, 
○ computing some features can happen in advance of receiving a query (e.g., “document popularity”)
○ computing some features can only happen when the query is received (e.g.,“count of query terms in the 

document”)
○ computing some features can only happen after the user sees the results (e.g., “user clicked on the 

document”); useful for predicting the relevance during evaluation
● features vary in generalizability, 
○ some features are associated with the current query only (e.g., “is the term “cat” present in the document?”)
○ some features are associated with a broader set of queries (e.g.,  “count of query terms in the document”)
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Features
Learning to rank
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Feature Types
Learning to rank



query length

misspellings

query difficulty metrics

user reading level

time of day
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Query features
Learning to rank

signals associated with the query or user, without regard for the document.



document length

number of inlinks, number of referring domains, 
number of referring IP addresses

PageRank

spam score

url depth (pages closer to the root tend to be more 
relevant)

Avg time on site, avg pages / session, bounce rate (% 
of people who leave quickly)

Website security (https)
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Document features
Learning to rank

signals associated with the document, without regard for the query.



Traditional retrieval algorithms (e.g., 
VSM, BM25, Indri, …)

Embedding-based retrieval algorithms 
(e.g., BERT, …)

The number (or percentage) of query 
terms that match d (coordinate match) 

Matching against different parts of d 
(e.g., title, body, inlink, …)

Matching with a more powerful query 
(e.g., SDM)
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Query-document features
Learning to rank

signals associated with query-document pair
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ranges of features will depend on 
the query

normalize features per-query to 
address

decision boundary

Features depend on the query
Learning to rank
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decision boundary

ranges of features will depend on 
the query

normalize features per-query to 
address

Features depend on the query
Learning to rank
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query and query-document 
features will vary by query

Document representation depends on the query
Learning to rank



optimization refers to, given a set of labeled training data, and a parameterized 
function class, learn good weights with respect to a loss function. 

● labeled training data: rater judgments on query-document pairs.
● parameterized function class: how feature values are combined into a prediction 

of relevance.
● loss function: how the quality of ranking function predictions of relevance are 

measured.
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Optimization
Learning to rank
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● machine learning algorithms learn to predict labels or scores
○ typically, LTR systems predict scores

● The most common choices for a query-document pair

label values when used…
binary {0,1} navigational queries, exposure measurement 

graded {0, 1, 2, 3, 4} web search, large sets of relevant documents

scalar float derived from model or behavioral data (e.g., clickthrough rate)

Training data
Learning to rank



Training data
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raw training data from 
human raters



Training data
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apply feature generator 
to each query-
document pair.



Training data
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final training data for 
learning to rank model



Training (offline)
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optimization

training data function class



Inference (online)
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optimization

training data function class feature generation

scorer

scored 
documents


