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Abstract

Extreme Classification (XC) aims to map a query to the most rel-
evant documents from a very large document set. XC algorithms
used in real-world applications typically learn this mapping from
datasets curated from implicit feedback, such as user clicks. How-
ever, these datasets often suffer from missing labels. In this work, we
observe that systematic missing labels lead to missing knowledge,
which is critical for modelling relevance between queries and docu-
ments. We formally show that this absence of knowledge is hard to
recover using existing methods such as propensity weighting and
data imputation strategies that solely rely on the training dataset.
While Large Language Models (LLMs) provide an attractive solution
to augment the missing knowledge, leveraging them in applications
with low latency requirements and large document sets is challeng-
ing. To mitigate missing knowledge at scale, we propose SKIM
(Scalable Knowledge Infusion for Missing Labels), an algorithm
that leverages a combination of Small Language Models (SLMs), e.g.,
Llama-2-7b, and abundant unstructured meta-data to effectively
address the missing label problem. We show the efficacy of our
method on large-scale public datasets through a combination of un-
biased evaluation strategies, such as exhaustive human annotations
and simulation-based evaluation benchmarks. SKIM outperforms
existing methods on Recall@100 by more than 10 absolute points.
Additionally, SKIM scales to proprietary query-ad retrieval datasets
containing 10 million documents, outperforming baseline methods
by 12% in offline evaluations and increasing ad click-yield by 1.23%

“Equal contribution
TWork done while at Microsoft Research; Correspondence to: jatin.prakash@nyu.edu,
anirudh.buvanesh@mila.quebec, yprabhu@microsoft.com

This work is licensed under a Creative Commons Attribution Inter-
5Y national 4.0 License.

KDD °25, August 3-7, 2025, Toronto, ON, Canada
© 2025 Copyright held by the owner/author(s).
ACM ISBN 979-8-4007-1245-6/25/08
https://doi.org/10.1145/3690624.3709290

Sachin Yadav'
sachinyadav7024@gmail.com
Google DeepMind
Bengaluru, Karnataka, India

Amit Sharma
amshar@microsoft.com
Microsoft Research
Bengaluru, Karnataka, India

Jian Jiao
jian.jlao@microsoft.com
Microsoft Corporation
Bellevue, WA, United States

Manik Varma
manik@microsoft.com
Microsoft Research
Bengaluru, Karnataka, India

in an online A/B test conducted on Bing Search. We release the
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1 Introduction

Extreme Classification (XC) addresses the challenge of mapping a
query to the most relevant subset of documents from a very large
set of documents. XC algorithms have demonstrated impressive per-
formance across a wide range of applications, including document
tagging [9, 104], product recommendation [22, 23, 65], and search
and advertisement [40, 69]. However, these datasets are prone to
missing labels, as it is impossible to annotate all query-document
pairs when the document space is vast, consisting hundreds of
millions or even billions of documents. The XC models trained on
such datasets with missing labels may fail to accurately capture
query-document relevance.

The extreme classification (XC) community has developed two
primary approaches to address the challenge of missing labels. The
first approach, propensity-based methods [39, 77, 97, 99], constructs
unbiased loss functions by reweighting the original loss with query-
document observational probabilities (i.e. propensities). The second
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approach encompasses naive imputation methods [17, 50], which
aim to infer missing labels using various techniques. However, both
these approaches are limited by their heavy reliance on large-scale
but potentially biased training data, as explained later in this paper.

In this work, we revisit the problem of missing labels in XC
from the novel perspective of world knowledge. Most XC tasks are
knowledge-intensive and require a deep understanding of named
entities such as people, brands, or locations as well as other forms
of knowledge. For example, in Figure 1, determining the relevance
of a document “medical.net/what-are-genes” to the query “what is
an exon?” requires the understanding that exons are an integral
component of genes. Such world knowledge becomes increasingly
important in short-text based XC tasks where queries and docu-
ments are pithy.

XC models are usually trained using supervised learning from
relevant query-document training pairs. As a result, the knowledge
they acquire is restricted to this training dataset too. However, the
vast and diverse nature of world knowledge presents a significant
challenge: limited human-annotated ground truth datasets fall short
of comprehensively covering the long tail of world knowledge re-
quired for optimal performance. We refer to the special case of
missing labels in XC, where all the labels containing some specific
knowledge go missing together, as the phenomenon of “systematic
missing label bias” We rigorously demonstrate, both theoretically
and empirically, that traditional supervised learning techniques that
rely solely on the training dataset tend to lose world knowledge
and, furthermore, existing solutions to missing labels are inher-
ently limited in their ability to recover such missing knowledge. To
address these limitations, it is necessary to go beyond the world
knowledge encoded in the training datasets.

Recently, Large Language Models (LLMs) have been gaining
popularity. These LLMs have been demonstrated to be effective as
knowledge bases [37] which store vast world knowledge in their
large number of model parameters. Due to their superior language
understanding, they can also effectively model users’ relevance
notions[92]. Naturally, LLMs offer a potential solution to bridge
this missing knowledge gap in retrieval datasets. However, it is
challenging to utilize them in applications having large output
spaces as they fail to scale and satisfy the latency requirements
of XC applications. A promising alternative is to utilize the more
scalable Small Language Models (SLMs), but these lack sufficient
parametric world knowledge making them unreliable for accurate
generation [46].

To address these challenges, we propose SKIM (Scalable Know-
ledge Infusion for Missing Labels), an algorithm that combines
the utility of raw document metadata and SLMs to mitigate the
problem of missing knowledge in extreme classification at scale.
We observe that in XC datasets, documents often include readily
available metadata containing useful knowledge. However, this
metadata is typically noisy, making it difficult to utilize effectively
[67]. Thus, our approach consists of two key stages: (i) diverse
query generation: using unstructured metadata text, we generate
diverse synthetic queries that cater to different knowledge items
within the document, (ii) retrieval-based mapping: we employ a
retrieval model to map the generated synthetic queries to the space
of the train queries in the dataset. Through this process, SKIM
extracts only the relevant knowledge pertinent to the retrieval

Jatin Prakash et al.

exon exome sequencing
L,v wikipedia.org/exon G~ 7 wikipedia.org/exome-sequencing V] 9,
A : : :
'// merrian-webster. com/exon 9 \‘ ',' broadinstitute.org/exome-sequencing 7 “|
/ omtific. ; .
{{/1 difference.con/exons-and-introns 9 |} \y Scientific-american.org/exome ? 1
" ! } "\._sequencing /
AN g O o
BT 3 T 2, 2o
< click cH Yot b
\ e, 3 ~, 1
1 S, i N ]
\ . s i \ I}
\ Queries . \ \ !
\ \ \ i I
N \ \ 1 i
M.. exon definition exon definition \_ what is an exome exon
biology exon?
genes RNA
medical.net/what-are-genes ] thought . co/4-types-of-rna
wikipedia.org/gene-expression ? encyclopedia.org/rna-processing

wikipedia.org/alternate-

biology-corner.com/function-genes 9 splicing

quizlet.com/biology-rna-review

R

wikipedia.org/coding-region ?

Figure 1: Connections between queries and documents de-
fine the knowledge available in a retrieval dataset. In the
above example, the document concept exome sequencing is
connected to the query “exon” through a user click, encod-
ing the knowledge that concepts exon and exome sequencing
are related. The document concept exon is not directly con-
nected to query “exome” but this relationship can possibly
be learnt (see Table 13 in appendix). However, the relevance
of exon to genes or RNA is impossible to learn through this
dataset because there are no connecting clicks providing this
knowledge, that is, those connections (documents) are sys-
tematically missing for exon. (Note: 4 implies relevant &
clicked, ? implies relevant & missing)

task from unstructured metadata and augments it to the existing
training dataset, making it generally applicable to any retrieval
model. SKIM efficiently scales to datasets containing millions of
documents, while maintaining the latency necessary for XC tasks.

In this work, we additionally observe that datasets collected from
click logs, like their training sets, have test sets corrupted by the
same missing-label bias, rendering existing evaluation benchmarks
unreliable. To address this, we evaluate SKIM and other baselines us-
ing a combination of more trustworthy alternatives: (i) small-scale
test sets with exhaustive human annotations, (ii) simulated setups
designed to replicate biases encountered in real-world industrial
settings, and (iii) live A/B tests. We test the efficacy of SKIM not
just on large-scale public datasets, but also on a real-world query-
ad keyword retrieval dataset, where SKIM scales to 10 million ad
keywords (documents). SKIM outperforms contemporary methods
by 12% in offline evaluations and improves ad click-yield by 1.23%
in an online A/B test conducted on the Bing search engine.

In summary, this work makes the following contributions:

o Studies a novel and important connection between the world
knowledge and the missing labels in XC, and introduces the
notion of systematic missing label bias.

o Establishes, through rigorous theoretical arguments, the in-
efficacy of standard debiasing techniques such as propensity-
scoring and naive label imputation in mitigating systematic
missing labels.
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e Proposes SKIM, a highly accurate and scalable method, to
effectively mitigate the systematic missing labels problem
by leveraging the knowledge present in LLMs/SLMs and
unstructured metadata text.

o Reliably estimates unbiased performance of SKIM and com-
peting baselines using a diverse set of evaluation strategies,
including human annotated test set, controlled simulation
and live A/B test conducted on a popular search engine. We
additionally perform extensive ablations to support our de-
sign choices.

e We open-source our code, trained XC models, finetuned
SLMs, generated synthetic datasets using SKIM, LLM prompts
& finetuning LLM responses at: github.com/bicycleman15/skim

2 Related work

Extreme classification (XC):

Recent advancements in XC primarily fall into two categories:
one-versus-all classifier-based methods [39, 76] and dual encoder
approaches [23, 33, 34, 40, 49]. Over time, XC methods have evolved
significantly, transitioning from sparse feature-based models [6, 9-
11, 15, 38, 39, 48, 74-76] to those leveraging deep networks [23—
25, 66, 68, 104]. These advancements include end-to-end model
training [40], incorporating label-text features using text-encoder
models [58, 59, 78], and employing effective negative sampling
strategies [23, 32, 44, 82, 83, 101]. In this work, we take a data-centric
approach to enhance the performance of XC methods, ensuring
compatibility with any XC architecture.

Missing label bias: XC training datasets suffer from missing la-
bel bias [39], stemming from selection [63], position [19], exposure
[53, 106], and inductive biases [18] prevalent in retrieval applica-
tions. This bias adversely affects the accuracy of model training.

The most widely adopted approach to addressing the missing
label problem in XC is propensity-based learning [39, 77, 91, 97, 99].
Introduced by Jain et al. [39], this approach involves reweighting the
loss function using per-label propensity scores, which estimate the
likelihood of a label being missing. However, Schultheis et al. [91]
identified key limitations of this method, including: (i) its reliance on
query-independent propensity models and (ii) the lack of auxiliary
data for estimating propensity model parameters across datasets.

While propensity-based methods have led to some improve-
ments, we show that they struggle to predict relevant query-label
pairs outside the training distribution’s support (see Table 13).

Teacher Models and Data Augmentation: Another line of
research focuses on enhancing retrieval models by augmenting
training datasets with additional resources, such as teacher mod-
els, query or document metadata [5, 16, 27, 43, 67, 69, 78, 86, 103].
For instance, LEVER [17], RocketQA [103] and Gandalf [50] ad-
dresses this by relying on pretrained retrievers or leveraging label
correlations statistics. However, their continued reliance on limited
and biased training data affects their ability to resolve the missing
knowledge problem effectively.

Other methods [69, 87, 103] implicitly attempt to augment knowl-
edge by retrieving candidate documents from external corpora,
which are then scored using a teacher model. However, the re-
trieval process often depends on small, pretrained encoders with
limited parametric knowledge (e.g., 6 layer msmarco pretrained
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DistilBERT), restricting their ability to discover novel candidates.
Furthermore, teacher models themselves may lack the knowledge
necessary to score candidate documents accurately [17, 43, 86].
Our approach overcomes these limitations by leveraging unstruc-
tured metadata associated with documents and employing small
language models (SLMs) to generate diverse candidate documents
directly. Unlike retrieval-based methods, our approach taps into the
implicit world knowledge encoded in the metadata, enabling the
discovery of novel and relevant candidates that improve retrieval
performance.

Recognizing the potential benefit of leveraging metadata, some
recent methods in XC [67, 69] have also started utilizing external
document or query metadata. However, these approaches require
metadata in specific, structured forms (e.g., curated links between
query and external corpora), which are rarely available, and sus-
ceptible to the missing label bias itself. In contrast, our method
can work seamlessly with unstructured metadata, making it more
versatile and broadly applicable compared to prior methods that
depend on structured metadata.

Language Models and Synthetic Data: LLMs have recently
gained traction for generating data to train task-specific models [52],
smaller language models (SLMs) [31, 36, 61, 84, 85], and multimodal
models [56]. These approaches address challenges such as data
scarcity in low-resource settings, offering an effective solution to
improve model performance in such scenarios.

However, directly employing LLMs for dataset generation can be
prohibitively expensive, especially for XC datasets, which require
large-scale data. Methods that utilize SLMs [43, 86] for retrieval
dataset generation face their own challenges due to the limited
parametric knowledge available in smaller models.

In parallel, efforts have explored leveraging SLMs directly for
retrieval tasks. Approaches such as fine-tuning these models for
retrieval [60, 70, 72], or rephrasing queries and documents before
retrieval [94], have shown promise. Nevertheless, these methods
struggle to meet the low latency requirements critical for XC tasks.

Our method addresses these limitations by augmenting the lim-
ited parametric knowledge of SLMs with relevant metadata during
the generation of novel queries for a document. Additionally, we en-
sure scalability for XC workloads by distilling the world knowledge
from the metadata into an efficient retriever. This approach main-
tains low inference costs while catering to the missing knowledge
problem.

3 Theory: Necessity of External Knowledge

This section studies the phenomenon of systematic missing label
bias in XC. It characterizes the nature, origin and properties of the
systematic missing labels, and theoretically demonstrates that the
classical debiasing techniques of XC such as propensity scoring and
naive imputation are unable to effectively address such biases.

3.1 Preliminaries

Extreme Classification: Extreme Classification or XC involves
learning a statistical model M that takes a query x € X as input and
predicts relevant subset of documents y € {0, 1}~ from a set of L (a
large number) documents with the /th document deemed relevant to
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Figure 2: Steps of the SKIM algorithm depicting how we bridge the missing knowledge in biased training datasets. In Step 1,
for a URL (document) “encyclopedia.com/.../rna-processing”, the finetuned SLM generates diverse synthetic queries spanning
concepts like protein synthesis, exons, poly-a tail etc using the available unstructured meta-data (see Figure 4 in appendix). In
Step 2, a retriever is used to increase the coverage of the chosen document to relevant train queries through these synthetic
queries, e.g. synthetic query “what are exons” is mapped to similar train queries like “define exon” and “exon” which were
missing for the document. The retriever additionally filters out irrelevant train queries for the document using the similarity

threshold 7.

x if y; = 1 and irrelevant otherwise. The model M is trained by su-
pervised learning on a large training set D = {{x;, yi}ﬁl, {ZI}{;I}
where x;, z; are the textual features of ith query and /th document
respectively and y; are the ground truth documents for x;. Often,
{yi}?:’ | contains many false negatives where a document  is indeed
relevant to query i but is labelled as irrelevant (i.e. y;; = 0). This
is the well-known problem of missing label bias in XC [39, 91].
Training M on data with missing labels can lead to inferior model
quality and yield inaccurate predictions when deployed in real-
world applications. This paper revisits the missing label bias from
the perspective of missing world knowledge.

Training data collection: As the number of queries and doc-
uments in a typical XC application can range in millions or more,
exhaustive human annotation of all query-document pairs becomes
infeasible. Consequently, most applications rely on implicit feed-
back from users to cost-effectively generate training data at scale.
For example in a search application, when a user asks a query x;
sampled from a distribution Py = P(x), a serving algorithm pro-
cesses and predicts some documents which are presented to the
user and clicked on when found to be relevant to the query. The
data is aggregated over a finite time period, and the training dataset
D is constructed from the set of all user-entered queries, available
documents and the user clicks from this period. Click-based train-
ing data often suffers from several inadequacies. First, user clicks
are sparse as a single document tends to be clicked for a typical
user query. Let the probability that a document z gets clicked for
a query x be denoted as P, |, = Pjick(2|x). Second, user clicks are
inaccurate and subject to exposure and position biases. In exposure
bias, due to the inaccuracies of the serving algorithm, some relevant
documents are not displayed for a query, and therefore not clicked.
In position bias, the users click on higher-ranked documents despite

being potentially less relevant compared to some other documents.
These biases manifest themselves in the training data as missing
labels. For simplicity, we assume a uniform value of 1 — B for ex-
posure bias. Given this, the true probability that the document z is
relevant to query x becomes P(yx; = 1|x,z) = P,|,/B.

3.2 Systematic Missing Label Bias

World knowledge: In many XC tasks, the query and document
texts, on their own, do not contain sufficient information to make
relevance decisions. Therefore, the users draw upon additional
world knowledge for their clicks. Typically, the users derive such
knowledge either from their personal world knowledge or from
reading additional meta-data provided with the documents. An
important property of world knowledge is that it is not easily com-
pressible across training samples. For example, in Figure 2, a knowl-
edge statement that "rna is related to protein-synthesis" does not
straight-forwardly entail the statement "exon is related to rna or
genes". Due to this, solving a large-scale XC task typically requires
access to vast amounts of knowledge associated with a long-tail dis-
tribution. For precise understanding, we formalize such intuitions
about world knowledge into concrete mathematical statements
below.

We assume that the world knowledge required for an XC task
can be posed as a large and discrete set of knowledge items K =
{km}ﬁzl. These items could correspond to statements such as those
in the previous para; but the following analysis remains agnostic
to the actual definition of set %, and only assumes that K satisfies
the following conditions:

PosTULATE 1. Externality of K: The world knowledge is not
derivable from and is statistically independent of query and document
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texts:
(kY5 1 e} Az,

PosTULATE 2. Incompressibility of K: The world knowledge
items are not derivable from and are statically independent of each
other:
km L K\ky, Vmel]l,--- K]

As in the examples discussed before, typically, the users require
only a small amount of additional knowledge to accurately judge
any given query-document pair. We assume a simplified setting
based on this as follows:

PosTULATE 3. Sparsity of K: The relevance of any query-document

pair can be fully determined by using exactly one item from the knowl-
edge set:
Yi1 = R(xi,21, kx; 7;) € {0,1} where R is the deterministic true rele-
vance function and ky, 5, is the knowledge item utilized by the pair.
For notational convenience, let Dy, = {(x,2) € X X Z : kxz = km}
denote the space of query-doc pairs which depend on the item m.

Note that, the three postulates mentioned above hold reasonably
true in the setting where queries and documents are both short-text,
which is the main focus of this paper. However, these may not hold
in general retrieval scenarios (e.g. long-text queries or documents),
and more realistic settings can be explored in the future.

Systematic missing labels: The necessity of world knowledge
for judging relevance applies not only to human users but also to
the XC algorithms used to serve the predicted documents. The XC
models are typically expected to acquire such knowledge during
their supervised training from a dataset D. For this, the train-
ing data needs to have adequate coverage of K among its clicked
(i.e. positive/relevant) query-document pairs. Conversely, if some
knowledge item k € K is completely missing in the training data,
then under the above-mentioned theoretic assumptions, k cannot
be learned by the supervised model even when trained with a large
dataset. This is formalised by the following lemma:

LEmMMA 1. Ify;; = 0 V(xi,2;) € Dy, then for any test pair
(x,2) ~ Dm, R(X,2,km) 1L D where D = {{xi,yi}é\il, {Zl}lel} is
the training dataset.

We refer to such a missing label phenomenon, where all the
relevant query-document pairs corresponding to some knowledge
item go missing in the training ground truth, as the problem of
systematic missing labels. Systematic missing labels lead to loss
of crucial knowledge which cannot be re-constructed by any su-
pervised model (including extreme classifiers) trained on D. As a
result, such models will be unable to reliably predict any relevant
query-document pair that depends on the missing knowledge ky,,
as proven next:

COROLLARY 2. Ify;; = 0  V(x4,2;) € Dp, then for any test
pair (x,z) ~ D, R(X, 2, ki) 1L M; where M is a predictive model
trained deterministically from {{x;, Yi}fil, {zl}{‘zl}.

When the missing kn, belongs to the long-tail of K, the above
result also holds true for propensity-scored approaches [39, 77],
as they typically train on just D and, a small unbiased test set
D’ which is unlikely to contain pairs from ky,. Similarly, this also
applies to naive imputation techniques [17, 50] that ultimately
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leverage the ground truth or another supervised model learnt from
the ground truth. Note that these techniques can still be useful for
addressing the non-systematic missing labels that are not associated
with tail knowledge, but that is not the focus of this paper.

3.3 Lower Bound on Model Performance

While the previous part presents systematic missing labels as a
theoretical construct, they are indeed real and frequent in many
practical XC applications requiring vast and long-tail knowledge
(for example see Figure 3 in Appendix). There are two key reasons
behind this. First, long-tail knowledge items are hard to compre-
hensively cover, even with a large training set, due to the inherent
stochasticities of the query sampling process. Second, user clicks
are also affected by document exposure bias which further reduces
the amount of clicks on the long-tail.

During click-based training set generation, the marginal probabil-
ity of sampling a relevant pair (x, z) € Dy, associated with a knowl-
edge item m is pm = X (xz)eD,, PxPz|x- Note that 21,2:1 pm = 1.
W.l.o.g assume that the indices {1, - - - , K} of knowledge items are
sorted according to decreasing marginals p,. Also, denote the sur-
vival function Fy, = > —1 bm- Now, a long-tailed distribution is
typically expected to have a significant portion of aggregate density
in the tail portion, i.e. for some large m, Fy, is reasonably large even
though py, is very small. The below theorem establishes a lower
bound on the amount of systematic missing labels introduced in
the training data as a function of the amount of knowledge tail and
exposure bias.

THEOREM 3. Let n be the number of clicked query-doc pairs sam-
pled for the training data, B be the exposure bias while sampling, and
Fin, pm be defined as above. Then, for any0 < § < 1, with probability

K  Fm ,~Bpm.n 1
e m-t_ lo
m=1 B 2,/2,1( g

of the true relevant label distribution will correspond to the systematic
missing label region and therefore will be irrecoverable by supervised
training.

3
at least 8, at least max % %) fraction

Note, from the above theorem, that (1) the error can be significant
when pj, is of the order % which can happen when the knowledge
grows with the training set size, (2) the error increases with the
exposure bias 1 — B. Proof is in the Appendix.

Systematic missing labels are a serious problem because, not
only are they hard to mitigate with biased training data alone, but
are also subject to vicious feedback loops in the retrieval systems
where errors owing to missing knowledge get absorbed by future
serving models and get amplified with every model re-training
event if not addressed properly.

4 Method

In the previous section, we established that the implicit-feedback
based training data is insufficient for bridging the existing knowl-
edge gaps. To tackle this issue, this section develops a novel algo-
rithm that leverages the external world knowledge beyond what is
available in the training dataset.
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4.1 SKIM: Scalable Knowledge Infusion for
Missing Labels

Overview. The recent advancements in LLMs have demonstrated
that they can act as knowledge bases [37] and can accurately predict
user search preferences [92] upon adequate prompting. These LLMs
offer a natural solution to mitigate knowledge gaps. A naive strat-
egy is to label every query-document pair in the dataset with an
LLM annotator. However, this can become prohibitively expensive,
requiring O(trppr - N - L) calls to a slow and bulky LLM like GPT4,
with both N (number of queries) and L (number of documents)
ranging in millions. Instead, we propose an alternative strategy
of directly generating the relevant queries for a document thus
reducing the cost to O(trpar - L). Additionally, we develop SKIM
technique to replace GPT4 with a smaller and faster Language
Model (SLM) while retaining the quality of query generation.

SKIM: SKIM stands for Scalable Knowledge Infusion for Missing
Labels. The SKIM technique leverages an SLM like LLAMA-7B or
Phi-1.5B to impute systematic missing labels. The imputation pro-
cess itself involves two successive steps: (i) SLM based generation
of diverse synthetic queries that are representative of the missing
knowledge for a document, (ii) Projection of these synthetic queries
onto actual user queries in the training set using an embedding-
based nearest neighbour search procedure. In this way, SKIM com-
pletes the ground truth matrix over the original set of queries and
documents with these additional relevant pairs that correspond
to missing knowledge. The use of SLM, however, brings up two
technical limitations: () SLMs have limited world knowledge owing
to their smaller model capacity, (ii) SLMs are more prone to hal-
lucinations (Fig. 6 in Appendix). SKIM addresses these limitations
through strategies of raw metadata augmentation and LLM-guided
distillation respectively. We first present the two-step augmenta-
tion procedure from the perspective of an LLM. Thereafter, we
discuss the SLM-specific optimizations that make augmentation
more scalable while retaining the quality of generated data.

Step 1. Generating diverse synthetic queries. We prompt a
LLM to generate diverse synthetic queries given a document. Given
that knowledge items are often incompressible, diversity in query
generation is important to ensure coverage of various knowledge
items. Generating many queries for a document is specifically suited
for the XC setting where the model trains a separate classifier for
each document thus requiring sufficient relevant query-document
pairs for each classifier.

Due to the extensive parametric world knowledge of LLMs, they
are capable of generating queries that can address existing knowl-
edge gaps in typical XC training datasets. For instance, in the LF-
Orcas-800K dataset, which involves matching user queries to rele-
vant URLs, a LLM like GPT4 generates synthetic queries for a URL
(document) such as encyclopedia.org/.../rna-processing that span di-
verse knowledge items relating to genes, exons and, DNA. To further
improve the knowledge coverage, one could also supply any avail-
able metadata along with the document to LLM. We instruct the
LLM using a well-crafted prompt that describes the task and pro-
vides high-quality in-context examples that promote diversity and
accuracy in synthetic query generation. For our implementation,
we use GPT-4 [3] as the LLM. The prompts used are provided in the
Appendix E.1. This step is repeated for every document, resulting
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in an asymptotic time complexity of O(frrp - L). In practice, how-
ever, this process would be costly and cannot scale to XC datasets
containing millions of documents as noted earlier. Therefore, we
discuss a scalable version of Step 1 in the subsequent subsection
4.2, that scales to XC datasets and is accurate at the same time.

Step 2. Mapping synthetic queries to train set queries.
While the synthetic queries are relevant and diverse, they may
not match the distribution of real users’ queries. Assuming that
the number of queries is vast, to enforce the true distribution over
queries, we map them to real queries. Specifically, we use the gen-
erated synthetic queries from the previous step and map them onto
the train queries, that is, for every synthetic query corresponding
to a document, we take the nearest neighboring train queries in
the train set and consider them as relevant train queries for this
document. This step also helps to increase the number of relevant
queries for each document. For instance, a synthetic query like
"what are exons" gets mapped to multiple training queries such as
"define exon", "what is an exon", and "exon" which inform the XC
model of the different query variations corresponding to the same
knowledge item thereby making it more robust to test-time queries.
To ensure that only high-quality (train query, document) pairs
are retained, we only consider neighboring queries for a synthetic
query that have a cosine similarity greater than 7, which is tuned
as a hyper-parameter. Alternatively, one may potentially use a so-
phisticated filter model for this step, but we leave it as future work.
For nearest neighbor search, we employ an Approximate Nearest
Neighbor Search (ANNS) algorithm [62], which can be run effi-
ciently on CPUs and can scale to large datasets. We use a finetuned
dual encoder [23] on the given training dataset as the embedding
space in which we calculate nearest neighbors. The resulting syn-
thetic (train query, document) pairs are finally combined with the
original training pairs to create the final, knowledge-augmented
training set.

The above two steps complete the basic components of our
method. As previously noted, Step 1 is reliant on LLMs and is
therefore computationally expensive. Thus, we now discuss how
to scale-up Step 1 for practical XC workloads.

4.2 Scaling synthetic query generation in SKIM

To scale synthetic query generation to large XC datasets, we employ
SLMs for query generation. Naively prompting a pretrained SLM
is observed to yield inferior generation quality (see ablation in
Appendix G, Figure 6). This is owing to (i) a lack of parametric
world knowledge compared to LLMs, and (ii) a pre-trained SLM is
prone to hallucinations (see Fig. 6 in appendix). To address the first
issue, we supplement the SLM with raw metadata that provides
additional world knowledge in a noisy form. Such metadata is
readily available for many XC tasks. For example, in LF-Orcas-800K
where documents are URLSs, we can use webpage text as associated
metadata; in query-ad keyword retrieval datasets, we can use the ad
landing page for the keyword; and for Wikipedia titles, we can use
their article content etc. To address the second issue, we perform
teacher-to-student distillation from an LLM onto an SLM.
Task-specific distillation. To collect distillation data for SLM,
we instruct the large language model (LLM) using the same prompt
developed in Step 1. Since the task will ultimately be performed by
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an SLM, we explicitly instruct the LLM to only utilize the knowledge
present in the metadata for synthetic query generation, and to not
use its own parametric world knowledge. This ensures that the SLM
can solve this task using the available metadata! only. Additionally,
this inherently demands the LLM (and eventually the distilled SLM)
to filter out irrelevant text from the raw metadata text (refer to
Figure 4 in the appendix).

For curation of distillation data, we use GPT-4, collecting ap-
proximately 50K responses per dataset, generating ~10 synthetic
queries per example/document. We then distill this particular task
to an SLM via vanilla supervised fine-tuning (SFT) using Low-Rank
Adaptation (LoRA). Post fine-tuning, the SLM is observed to yield
generation quality that is comparable to an LLM generation quality
(see Fig. 6 in appendix). Our experiments use two SLMs: Llama2-7B
[93] for the primary experiments, and Phil.5-1.3B [42] for ablation
studies. Detailed information on SFT and LoRA hyper-parameters,
distillation time, and hardware used is provided in Appendix E.

Large-scale inference. Once we have the distilled SLM, we
perform large-scale inference on all the documents (alongside their
associated metadata) to generate synthetic queries. With these
generated synthetic queries for each document, we can then proceed
to the original Step 2 discussed in the previous section. Refer to
Appendix E for details on SLM inference time and hardware. In this
way, we are able to perform Step 1 in SKIM accurately at scale. This
reduces the generation time from several weeks/months to under a
day for XC datasets, and at the same time, maintaining high-quality
of generation similar to that of LLMs (see Fig. 6 in appendix).

5 Experimental Results

We now discuss the experimental setup, including datasets, evalua-
tion and key observations. We also assess the real-world applicabil-
ity of SKIM through offline and online tests on a search engine.

5.1 Setup

Datasets: We benchmark SKIM on two public XC datasets, LF-
Orcas-800K [20, 26] and LF-WikiTitlesHierarchy-2M [17].
LF-Orcas-800K: This dataset involves mapping short user search
queries to URLs of web pages that answer those queries. The train-
ing set is curated from click logs of the Bing Search engine [20], thus
making it prone to missing labels. To ensure unbiased evaluation,
we build a test set using human-labelled queries from the TREC-19
and TREC-20 Deep Learning competitions [21]. Web-page text for
a URL (document) is used as unstructured metadata.
LF-WikiTitlesHierarchy-2M: This dataset involves mapping Wiki-
pedia titles to their categories. Since Wikipedia categories are
human-annotated, the degree of missing labels is relatively less
severe. Therefore, we assume this dataset to be relatively unbiased
and simulate a controlled click bias (only in training set) using a
pre-trained msmarco model 2. Specifically, only those documents
that appear in the top-K (K = 200) predictions of the pre-trained
msmarco model are considered in the biased training set. Note that
our design choices are informed by production settings where only
some documents predicted by some deployed model are shown

!Note that we do not process the metadata text in any form. It is unstructured and can
potentially contain irrelevant text about the document (see Figure 4 in Appendix)
Zhttps://huggingface.co/sentence-transformers/msmarco-distilbert-base-v4
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to the user. The article text corresponding to the Wikipedia Title
(query) is used as metadata. More details related to datasets and
simulation are in Appendix C.

Baselines: We compare SKIM against two classes of baselines:
those that do not use external knowledge and those that do. Within
baselines without access to external knowledge, we compare to
the propensity-based approach: Inverse Propensity Scoring (IPS)
[39, 77], and imputation methods like Gandalf [50] and LEVER [17].
To explore a combination of propensity and imputation methods,
similar to doubly robust techniques [55], we compare against a
baseline that combines IPS with LEVER. Finally, for methods having
access to external knowledge, we evaluate SKIM against a slightly
modified version of UDAPDR [86], an SLM-based rewriting method
tailored for our use case. The above methods are applied on two
state-of-the-art base XC models: one-vs-all extreme classifier Renée
[40] and a dual encoder DEXML [34]. More implementation details
are in App. D.

Evaluation: Since unbiased evaluation is a hard problem as
pointed in Schultheis et al. [91], we employ a mixture of evaluation
methods to reliably judge model performance. Our main test sets
correspond to an unbiased setting: evaluation on human annotated
test sets in case of LF-Orcas-800K and evaluation on the original test
set in LF-WikiTitlesHierarchy-2M. Since we focus on improving
retrieval performance, we evaluate our method and baselines using
Recall@K (R@k) with K = 25,100 i.e. higher values of K.

5.2 Main Results

Now we discuss main observations from our results in Table 1.

SKIM outperforms state-of-the-art XC methods. On both
public datasets, SKIM, when used with any XC model, outper-
forms all baselines on unbiased test sets. In LF-Orcas-800K, where
the training dataset exhibits real-world missing label bias, SKIM
outperforms the closest baseline by an average of 4.68 absolute
points in R@100 and 3.60 absolute points in R@25. Similarly, in LF-
WikiTitlesHierarchy-2M, SKIM outperforms the closest competitor
by 8.27 absolute points in R@100.

Importance of World Knowledge. All baseline methods (ex-
cept UDAPDR) do not incorporate world knowledge, and thus suffer
from inferior performance, with their results being in similar ranges
(they have R@100 around 40% in LF-Orcas-800K). Methods such
as LEVER [17] and Gandalf [50] rely on biased training data itself
for imputation, thereby lacking world knowledge, crucial for pre-
dicting missing knowledge items. While UDAPDR [86] attempts
to incorporate external knowledge by using an SLM, the observed
improvements are sub par due to its limited parametric knowledge.

Incorrect Conclusions from Standard Offline Test Sets. Ta-
ble 11 (found in appendix) reports the results on the biased test
set on the dataset LF-WikiTitlesHierarchy-2M. We observe that on
DEXML, methods that do not incorporate external knowledge have
similar R@100 (~43) on the biased test set, while SKIM has a R@100
of 37.64. However, on the unbiased test set, SKIM outperforms
the nearest baseline by > 8 absolute points. Similar observations
hold true in case of baselines using Renée, where Renée + LEVER
achieves the highest biased R@100, but has unbiased R@100 signif-
icantly inferior to Renée + SKIM (more than 13 points). This can
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Table 1: Recall on unbiased test sets using two base XC mod-
els: Renée and DEXML. When compared to methods that do
not use any external information (Gandalf, LEVER, LEVER +
IPS), SKIM outperforms the closest baseline by 10.16 points
in R@100. For additional metrics please refer Tables 9, 11 in
the supplementary material.

LF-Orcas-800K LF-WikiHT-2M

Method R@10 R@25 R@100 R@10 R@25 R@100
DEXML 21.77 28.32 39.08 8.27 10.87 15.25
+ Gandalf 22.39 29.87 40.52 8.23 10.73 15.01
+ LEVER 21.70 29.26 40.45 7.57 9.89 13.78
+IPS 22.31 29.14 39.42 8.10 10.92 15.92
+ LEVER + IPS 23.47 30.92 41.04 6.82 9.03 12.92
+ UDAPDR 26.42 33.71 47.70 6.83 10.27 17.15
+ SKIM (Ours) 26.99 36.90 49.60 11.13 16.59 25.42
Renée 21.75 28.22 38.42 7.89 9.95 13.07
+ Gandalf 20.89 27.58 34.66 8.46 11.08 15.30
+ LEVER 22.58 28.40 39.52 8.59 11.15 15.98
+IPS 19.67 24.38 31.08 9.12 12.01 16.75
+ LEVER + IPS 21.52 29.24 37.10 9.23 12.63 19.28
+ UDAPDR 24.71 34.02 44.93 - - -

+ SKIM (Ours) 27.20 38.04 52.39 11.18 17.55 28.32

lead to erroneous conclusions about the performance of a method.
More results on the biased test sets are Tables 9 and 11 (Appendix).

5.3 Application to Sponsored Search

We demonstrate the large-scale real-world applicability of SKIM
in sponsored search, where the task is to match user queries to a
subset of relevant advertiser bid keywords, from potentially billions
of keywords. This is a challenging problem which is further exac-
erbated by the systematic missing label bias in click logs, making
it ideal for testing SKIM. To reliably evaluate SKIM, we do offline
evaluation using a proprietary filter model and conduct online A/B
tests on live search engine traffic.

Offline evaluation. Offline experiments are conducted on the
proprietary LF-Query2Keyword-10M dataset, curated from clicks
on a popular search engine. This dataset contains around 140M
user queries and 10M ad keywords. The full landing page content
corresponding to the ad keyword was treated as the unstructured
metadata in SKIM. We compare Renée + SKIM with the deployed
production model (Prod-Model), Renée [40] and Renée + LEVER
[17]. We report Hits@K where K = 50,100, which is the num-
ber of pairs judged relevant among the top-K predictions by the
proprietary filter model, averaged over all test queries. SKIM outper-
formed the closest baseline by 6 points in Hits@100 and 3 points in
Hits@50. This goes on to show not just the effectiveness of SKIM,
but also its large-scale real-world applicability for industry applica-
tions. More details about the proprietary filter model can be found
in the Appendix F.

Online A/B test. For live deployment, SKIM was trained on
a larger dataset similar to LF-Query2Keyword-10M with around
180M advertiser bid keywords and 170M user queries mined from
click logs. A Renée + SKIM model was deployed on live traffic on
a popular search engine to conduct an A/B study. SKIM increased
the keyword density (number of predicted keywords which pass
the various relevance and business filters in the sponsored search
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Table 2: Offline evaluation results on proprietary query-
keyword dataset LF-Query2Keyword-10M. SKIM outper-
forms LEVER by more than 6 absoulte points in Hits@100.

Method Hits@50 Hits@100
Prod-Model 27.50 46.10
Renée 31.80 52.40
Renée + LEVER 31.20 52.20
Renée + SKIM 34.50 58.80

Table 3: Effect of providing meta-data to the SLM during the
task-specific-distillation and large scale inference step. Pro-
viding meta-data compensates for lack of world-knowledge
of the SLM and improves R@100 by 2.7 points on average.

LF-Orcas-800K
Model Metadata R@25 R@100 R@25 R@100

LF-WikiHT-2M

X 35.23 46.35 14.46 24.03

DEXML v 36.90 49.60 16.60 25.40
Renée X 34.54 48.80 13.58 24.29
v 38.00 52.40 17.60 28.30

stack) by 16% indicating its ability to bring in good diverse key-
words previously missed by an ensemble of state-of-the art dense
retrievers, generative models, and XC algorithms. SKIM improved
the impression-yield (avg. number of ads shown per query) by 1.02%
and the click-yield (avg. number of ads clicked per query) by 1.23%.
All improvements are statistically significant with p-value < 0.001.

5.4 Ablations

We conduct ablation studies to justify the design choices in SKIM.
Specifically, we (i) demonstrate the importance of metadata in Step
1 of SKIM, (ii) show that retrieval augmentation (RA) [8] may be
ineffective with biased training data, (iii) impact of SLM size on
SKIM, and (iv) ineffectiveness of propensity-based methods. Further
ablations on the the number of effect of new synthetic training pairs
generated by SKIM, and the use of a pre-trained SLM for Step 1 of
SKIM are provided in Appendix G.

Significance of unstructured metadata: We generate syn-
thetic documents/queries using metadata and without metadata,
and then compare the performance of the downstream trained XC
models (see Table 3). The results reveal a significant gap in perfor-
mance between the two scenarios, underscoring the critical role of
metadata in recovering missing knowledge, even in unstructured
form. Interestingly, without metadata, we see a marginal gain (com-
pared to vanilla training on biased data) owing to some parametric
world knowledge present in the SLM.

SKIM is complementary to retrieval-augmented XC: Re-
cently, retrieval-augmentation (RA) works have improved perfor-
mance in situations involving limited knowledge [8], that is, directly
providing relevant knowledge as input to the retriever/generator
improves performance. In this ablation (Table 4), we test what hap-
pens if one employs metadata augmentation, i.e., directly provide
the relevant knowledge (metadata text) concatenated with the query
text as input to the XC model. In a way, we are placing an upper
bound on RA since we always provide the relevant information as
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Table 4: Effect of Retrieval Aug. (RA) alongside SKIM on un-
biased performance on LF-WikiTitlesHierarchy-2M dataset.
For each configuration, we train a Renée model. When using
RA, metadata is passed as input alongside the query during
both train and test time.

Retrieval Aug. SKIM R@25 R@100
X X 10.00 13.10
X v 17.60 28.30
v X 15.57 20.60
v v 27.72 45.98

input alongside the query. Surprisingly, we observe that metadata
augmented (or retrieval-augmented) XC model underperforms. This
highlights an important point that one should de-bias the training
dataset for RA to work. However, if we train using synthetic data
generated by SKIM, we see a significant improvement (+17 points)
in R@100. Interestingly, the XC model starts generalizing using
the metadata provided as input and gives better performance as
compared to the model trained using SKIM but without metadata-
augmentation (compare rows 2 and 4 in Table 4). This shows that
RA-like methods would be complementary to our approach and
performance of RA might be limited if one does not de-bias the
training dataset effectively. For more details see Appendix G.

To further show the complementary nature (refer Table 6 in
Appendix), we use SKIM-augmented dataset with a recent retrieval
augmented XC method OAK [69]. We again see the same trend.

Size of the SLM used in SKIM: Table 5, shows the effect of
the size of SLM used in Step 1 of SKIM algorithm. We observe that
even when the size of the SLM is decreased from 7B model to a
1.3B model the drop in R@100 is marginal drop (< 1%). This makes
SKIM extremely practical in limited compute.

Table 5: Effect of the size of the SLM used in SKIM’s synthetic
query generation step (i.e. Step 1) on the downstream unbi-
ased performance of Renée + SKIM. We use LF-Orcas-800K
dataset for this ablation. This is only a minor drop (< 1%)
when decreasing the size of the SLM from 7B to 1.3B parame-
ters, making SKIM extremely practical even in low training
compute regimes.

SLM R@25 R@100
Phi-1.5 (1.3B)  37.28 51.66
Llama2 (7B) 38.00 52.4

Table 6: This ablation compares OAK and OAK + SKIM. We
observe that SKIM provides complementary gains.

LF-Orcas-800K

Method P@5 R@10 R@100
OAK 45.2 21.7 36.8
OAK + SKIM 49.7 26.6 49.1

Adding missing labels is more effective than accurate propen-
sity estimates: We empirically show that directly adding diverse
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relevant missing labels directly in the training data is more effec-
tive than using propensity-based methods. For more details on this,
refer to Appendix G.

6 Takeaways

Our findings motivate the following observations for practitioners
working with real-world XC problems or large-scale retrieval in
general.

1. More data is not more knowledge. In real world applications,
more data is typically collected by increasing the time period in
which clicks are collected using a deployed model. While this may
lead to more query-document pairs, this doesn’t guarantee addi-
tional knowledge in the newly collected dataset since the predic-
tions of the deployed model is limited by the knowledge present
in its training dataset. Thus, this cycle continues without adding
any new beneficial knowledge, and consequently does not add new
document labels representative of missing knowledge. As noted
earlier (see Table 1, Figure 5 in the appendix), exposure to new
knowledge is important to break this cycle, and SKIM takes the
first step in this direction.

2. Building better offline evaluation. As discussed in Sec 5.2 rely-
ing on existing biased test sets for evaluation leads to misleading
conclusions. Schultheis et al. [91] suggest the use of human la-
belled sets for reliable evaluation, but they are expensive to collect.
However, with the advancements in LLMs, using them as reliable
evaluation tools [80, 81, 92] can be a promising option. That being
said, care should be taken while evaluating to not fit to the biases
present in LLMs.

7 Conclusion

This paper studied a novel connection between the missing label
issue in XC and the availability of world knowledge in the train-
ing data. The standard debiasing techniques such as propensity-
scoring and imputation were found to be ineffective in mitigating
knowledge-dependent systematic missing labels. To address this,
it presented a novel approach, SKIM, a debiasing algorithm that
addresses the missing knowledge problem at scale by using an SLM
coupled with meta-data. Experimental results on multiple XC tasks
showed strong improvements in Recall metrics when SKIM was
applied to leading XC models. The real-world applicability of SKIM
was demonstrated using an online A/B test on a popular search
engine.
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A Theoretical Proofs
LEmMMA 1. Ify;; =0 VY(Xi,2;) € Dp, then for any test pair (x,z) ~ D, R(X,Z, ki) 1L D where D = {{xi,yi}fil, {zl}lel} is the training

dataset.

PROOF. As R(X,z, kxz) is a deterministic function of its parameters, the following conditional independence holds true:

{{x yit ey Az, AL X2k (K ki) (1)
The independence w.r.t X, z is due to sampling independence. The independence w.r.t k,, arises because, as since y;; =0 V(xj,2;) € Dy,
the rest of the documents in O depend only on K \ ky, owing to Postulates 1 and 3.
Additionally, the following also holds true owing to Postulate 2 and independent sampling:

%2 km AL (K \ k) (2

By combining (1) and (2) through the contraction lemma of independence, and then using the determinism of R(x, z, kx ;) we get the
desired:

R(x, 2, km) AL {{x3, yi} iy, {21}, }- (3)
m]

COROLLARY 2. Ify;; =0 V(Xi,2;) € Dpy, then for any test pair (X,z) ~ Dm, R(X,2, k) AL M; where M is a predictive model trained
deterministically from {{xi,yi}fil, {zl}{‘zl}.

ProoF. As M is a deterministic function of {{x;, Yi}fi i {zl}{“:1 }, the following holds true:

M AL X,z ke [{{xi, yi by {2}y ) (4)
By combining (4) with (3) through the contraction lemma, we get the desired result. O

THEOREM 3. Let n be the number of clicked query-doc pair sampled for the training data, B be the exposure bias while sampling, and Fy, pm,
3
1 2K 3 :
on (log %5-?) fraction of the true
relevant label distribution will correspond to systematic missing label region and therefore will be irrecoverable by supervised training.

be defined as above. Then, for any 0 < § < 1, with probability at least 1 — 6, at least maxﬁz1 F?”‘e_B'Pm‘" -

PRrRoOOF. Marginal probability of not sampling a knowledge item at all during training data generation is (1 — B.p;)". The associated
probability of systematic missing labels then is py, (1 — B.p)™
Now, the expected total loss due to all lost knowledge items, E is:

K
_ 1
E=2B| ) pm(1- B.pm>"] )
m=1
1 K
>58| 2, pm(1=Bopm)" ©)
m=m
1 _
>> max Foy (1= Bpp)" )
B m=m’
zl mIz(ix Fmre_B'p;"'" (8)
B m=m’

where the last step uses the approximation that can be accurate when the value of p,, is small, i.e. on the long-tail.

Next, by using Extended McDiarmid’s inequality [71], the value E which is the probability of systematic missing label error for any
random sample of dataset can be bounded as follows:

_ 2
P(E—ESG)S2q+Zexp{—2(6rl%m} 9)
where for some m’, p = p,y and
m,
g=> . (1-pm)" (10)
m=1
<m'(1-pp)" (11)

Plugging these back in Extended McDiarmid’s inequality:
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2
_ K —q.npmy
P(E-E <€) <max2m’ (1 — ppy)" +2exp {—2%} (12)
m’'=1 np.,
m
_ 2
<max2K(1-p)" +2exp {—2%} (13)
P np
_, e=gq.np)?
= max 2Ke™108 (1=p) 4 Ze{ 2 } (14)
p
{2
<max 2Ke "P 4 2¢l “np? (15)
p
12
<2Ke~2m3€? (16)
As aresult,
B 12
P(E-E<e) <2Ke ™€’ (17)

In other words, for any small § < 1, with probability at least 1 — § on sampling the dataset D, the error E of systematic missing labels is at
3
2K E)

. K Fm,~Bpmn_ _1 2K
least: max,, _, “ge _2\/27(10g S
o
B Long Tail of Knowledge required in XC Applications
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Figure 3: We use named entity as a proxy for knowledge to show that XC applications require vast and long-tail knowledge. On
the X-axis we plot the index of the named entities and on the Y-axis we show the normalized cumulative frequency of the
named entities. In LF-Orcas-800K dataset [26], where the task is matching user queries to web-page URL, around 80% of the
knowledge is covered by 2.23% entities. While in the LF-WikiTitlesHierarchy-2M dataset where the task is to match Wikipedia
titles to categories, around 11.28% of the entities cover the same fraction of knowledge. This highlights the extensive and
long-tail knowledge required by XC applications.

C Dataset Curation and Statistics

This section describes the train-test splits used for training and evaluating different XC models. We benchmark on two public large-scale
short-text XC datasets, namely LF-Orcas-800K and LF-WikiTitlesHierarchy-2M. We also evaluate SKIM on the proprietary query to ad-
keyword dataset curated from clicks logs of a popular search engine, we call it LF-Query2Keyword-10M. Below we outline the creation
procedure and statistics for each dataset.
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LF-Orcas-800K: We use the LF-Orcas-800K dataset released by Dahiya et al. [25] for XC, and originally proposed by Craswell et al. [20].
The LF-Orcas-800K dataset models the task of mapping short user queries to web-page URLs. For example, a user query like "exons definition
biology" may be relevant to URLs like "www.merriam-webster.com dictionary/exon" and "en.wikipedia.org/wiki/Exon". For unbiased evaluation
we curate a small unbiased test dataset using the human labelled test sets available on TREC-19 and TREC-20 Deep Learning competitions
[21]. Statistics of the dataset are provided in Table 7.

LF-WikiTitlesHierarchy-2M: This dataset was created by mining the Wikipedia dump 3. From the dump, we extract all Wikipedia titles
and link each title to its associated categories and parent categories, as described in [17]. We assume this dataset to be relatively unbiased
since it was annotated by humans. To simulate click bias (controlled bias), we only include query-document pairs that appear in the top-200
predictions of a pre-trained msmarco retriever in the training set (refer Algorithm 1). This introduced bias mimics practical scenarios where
users are shown a limited number of documents (or items) for a given query. Consequently, if an item is not in the top shortlist retrieved by
the model, it will never be clicked and thus will not appear in the dataset curated from click logs. For unbiased evaluation, we use a test set
that includes the complete ground truth without any simulation bias. Statistics of the dataset are provided in Table 7.

Table 7: Dataset statistics for train, biased test set, and unbiased test set. Due to lack of space, average points per document and
average documents per point have been abbrevaiated as Av. PPL and Av. LPP respectively. LF-WikiTitlesHierarchy-2M has been
shown as LF-WikiHT-2M. LF-Query2Keyword-10M is abbrevaiated as LF-Q2K-10M. Some details about the proprietary datasets

has been redacted by “-". We only provide approximate values for number of documents, train queries and test queries for
LF-Q2K-10M.
Dataset # Documents Train Set Biased Test Set Unbiased Test Set
#DataPts Av.PPL Av.LPP #DataPts Av.PPL Av.LPP #DataPts Av.PPL Av.LPP
LF-Orcas-800K 797322 7360881 16.133 1.747 2547702 5.676 1.776 88 1.009 27.750
LF-WikiHT-2M 1966221 5418305 5.259 1.908 1355377 1.317 1.911 1355377 35.044 50.838
LF-Q2K-10M ~10000000  ~140000000 - - ~16000000 - - ~16000000 - -

Algorithm 1: Simulated bias dataset creation process for LF-WikiTitlesHierarchy-2M dataset.

Input: Human annotated (unbiased) dataset D, Pre-trained msmarco model M, Parameter k controlling the degree of exposure
Ouput: Biased Dataset Dp;5eq
for query g in D do

Sg «: Set of relevant documents for query ¢ in D.

Mg «: Set of top-k predictions for query g by model M.

Tq —:Sq N Mg

for doc d in 74 do

L Dpiased < Driasea Y {% d}

D Baseline Implementation Details

This section describes the details of the baselines used in the main paper. We first describe both base XC methods, namely Renée and DEXML,
and then move on to the baselines against which we compare SKIM.

D.1 Base XC Methods

Renée [40]: This is a recent XC approach that makes use of one-versus-all (OvA) to represent each document. Query representations are
derived from a 6-layer DistilBERT # encoder. We use the source code provided here for training Renée.

DEXML [35]: This is a state-of-the-art dual encoder approach that derives the representations of both queries and documents using a 6-layer
DistilBERT encoder. We use the provided source code here for training DEXML. Due to the larger size of our datasets (800K documents
in LF-Orcas-800K and 2M documents in LF-WikiTitlesHierarchy-2M), the hard negative mining configuration provided here is used in all
experiments.

D.2 Baselines
We compare SKIM with augmentation, propensity based and SLM-based rewriting approaches. Details of the baselines are provided below.

3https://dumps.wikimedia.org/enwiki/20240420/
“4https://huggingface.co/docs/transformers/en/model_doc/distilbert


https://en.wikipedia.org/wiki/Exon
https://github.com/microsoft/renee/tree/main
https://github.com/nilesh2797/DEXML
https://github.com/nilesh2797/DEXML/blob/main/configs/LF-AmazonTitles-131K/dist-de-hnm_decoupled-softmax.yaml
https://dumps.wikimedia.org/enwiki/20240420/
https://huggingface.co/docs/transformers/en/model_doc/distilbert
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Gandalf [50]: This is a graph-based data augmentation method that effectively models document-document correlations. As described in
[50], we use a threshold of 0.1 to create the document-document augmentation matrix.

LEVER [17]: This is a recent approach that improves the tail performance of any XC classifier by augmenting the ground truth using soft
scores derived from a Siamese model. We use the source code provided here for training LEVER.

Inverse Propensity Scoring (IPS) [39, 77]: For propensity-based training, we derive per-document propensity estimates using the propensity
model described in [39]. For training Renée, we reweigh the positives using the factor described in [77]. In the case of DEXML, we simply
use the propensity scores from [39] to reweigh the positives.

LEVER + IPS: Drawing inspiration from the success of doubly robust methods [54] that combine augmentation and propensity based
methods, we create a baseline that combines reweighs the positives using IPS and augments the ground truth using LEVER.

UDAPDR: We used a slightly modified version of UDAPDR [86] as a baseline. Specifically, we used a finetuned SLM on our generated GPT4
demonstrations but without metadata. This is unlike [43, 86], where the authors directly prompted a pretrained SLM for document/query
generation. In fact, we found that directly prompting a pretrained SLM leads to drastically inferior document generation (see Figure 6).
However, as done in [43, 86], we do not employ a pretrained/finetuned re-ranker to filter the generated query-document pairs. We train the
retriever on all the generated query-document pairs. We provide the generated query-document pairs used in our experiments.

E SKIM Implementation Details

This section discusses implementation details, hyperparameters used and the hardware employed for SKIM. We cover: (i) task specific
distillation of the SLM from LLM, (ii) Large-scale inference to generate synthetic queries (Step 1), and finally (iii) mapping synthetic queries
to actual queries (Step 2) of SKIM.

(i) Task-specific Distillation: To create the distillation / finetuning data for the SLM, we use GPT4 as the LLM. We use the prompts
mentioned in section E.1. We use the fast OpenAl access key to generate close to ~40K-50K responses from GPT4. This takes a few hours to
collect. Next, we use Low Rank Adaptation (LoRA) technique to finetune SLMs on GPT4 responses. We use the implementation provided
here: litgpt for finetuning SLM using LoRA. We finetune the SLM for a total of 2 epochs over the GPT4 responses for all datasets, using
an effective batch-size of 64 and bfloat16 weights, on H100 80GB GPU. We train meta-11lama/Llama-2-7b-hf (Llama2 7B) for our main
experiments, and train microsoft/phi-1_5 (Phil.5 1.3B) for ablation.

(ii) Large-scale inference to generate synthetic queries: Once we have the distilled / finetuned SLM, we run inference on all the (document,
unstructured metadata) pairs present in our dataset to generate synthethic queries. For LF-Orcas-800K, we cap the tokens in the metadata to
be 750 tokens, and limited the generated text to be at max 250 tokens. In LF-WikiTitlesHierarchy-2M, we cap the metadata to 1000, and the
generations to 1000 tokens. We run large-scale inference of SLM to generate synthetic queries (Step 1 of SKIM) again on RTX A6000 GPUs.

(iii) Mapping synthetic queries to actual queries (Step 2): Once we have synthetic queries, we map them onto the actual queries using ANNS.
We use the popular implementation of Malkov and Yashunin [62] provided here: hnswlib. This takes a few minutes to calculate nearest
neighbours on 10M document XC dataset on 96 core CPU machine without any GPUs. We linearly scale the normalized cosine score in
[0, 1], and then select the similarity threshold 7 to filter the actual queries we add to the new training set for a document. For all datasets, we
set default as 7 = 0.8.

E.1 Prompts for Synthetic Query (Document) Generation

We prompt GPT-4 and, subsequently, the fine-tuned LLAMA-2 on two datasets: LF-WikiTitlesHierarchy-2M and LF-Orcas-800K. For both
datasets, we incorporate available metadata into the prompts. The GPT-4 prompts include a description of the task and manually curated
in-context examples to ensure the generation of high-quality synthetic queries (or documents). The GPT-4 responses are then used to
fine-tune the SLM. Once fine-tuned, the SLM inference is run by providing only the query (or document) and associated metadata, as through
fine-tuning, the SLM has absorbed the task-specific information. The shorter SLM prompt also aids in scaling the to large-scale XC datasets.

E.2 Time and Hardware requirements of SKIM

Table 8: Time taken and Hardware used in the different steps of SKIM algorithm. In brackets, we mentioned the number of
RTX A6000 48GB GPUs used for large-scale SLM inference. For SLM finetuning, we used H100 80GB GPU.

Generating Examples from LLM (hrs) Finetuning SLM (hrs) SLM Inference (hrs)

LF-Orcas-800K 10 3 0.16 (128)
LF-WikiHT-2M 12 4 43.40 (128)

F Sponsored Search

In this section we provide more details about the metadata and the proprietary filter model used in our sponsored search experiments.

Metadata used. For every ad-keyword, we use the advertiser provided full landing page as unstructured metadata.


https://github.com/anirudhb11/LEVER
https://github.com/Lightning-AI/lit-gpt
https://github.com/nmslib/hnswlib
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Figure 4: Intuitive visual explanation of how a finetuned SLM uses implicit knowledge contained in unstructured metadata to
generate diverse synthetic queries that are representative of different knowledge concepts that could be absent in the training
dataset. In other words, the finetuned SLM is able to skim through the unstructured metadata, ignoring the non-relevant text,
and generate only the relevant synthetic queries that are representative of different knowledge concepts about the document.

Proprietary Filter Model. This model measures the relevance between a given query and an ad-keyword pair. This is implemented as a
cross-encoder, initialized from BERT-Large, trained on large-scale human labelled (query, ad-keyword) pairs.
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LF-WikiTitlesHierarchy-2M GPT-4 Synthetic Query Generation Prompt.

### Task Instructions /* Describing the task */
You are given a Wikipedia article, specifically the title and body text of the article. Your job is to generate immediate Wikipedia
categories as well as the Wikipedia categories for the generated immediate Wikipedia categories using the information provided in
the body text of the article.

When generating Wikipedia categories, make sure to follow below mentioned guidelines for a valid Wikipedia category:

1. Relevance: The categories you generate should be directly relevant to the topic of the Title. They should describe key aspects of
the subject matter. For example, if given an Title about dogs, relevant categories might include "Mammals," "Pets," "Animal Behavior,'
or "Dog Breeds." Categories like "Astronomy" or "Cooking" would not be relevant to a dog-related Title.

2. Specificity: Wikipedia’s category system is organized hierarchically, with broader categories containing more specific subcategories.
Try to generate categories that aim to place the Title in the most specific category that applies.

First generate the immediate Wikipedia categories which are directly relevant to the article. After that, generate Wikipedia categories
for the earlier generated immediate Wikipedia categories. Make sure to follow the guidelines that are mentioned above.

Below are some examples that should provide more clarity about the task.

Example 1: /* In-Context Example */
### Wikipedia Title

Sellankandal /* Input query */
### Wikipedia article begins /* Meta-Data */

Sellankandal is a village situated 10 km inland from coastal Puttalam city in the North Western Province of Sri Lanka. It is the
primary settlement of people of Black African descent in Sri Lanka called Kaffirs who until the 1930s spoke a Creole version of
Portuguese. Most villages speak Sinhala and are found throughout the country as well as in the Middle East. The Baila type of
music, very popular in Sri Lanka since the 1980s, originated centuries ago among this ’kaffir’ community.

### Wikipedia article ends

### Task Output /* Synthetic Generated Documents
*/

#### Immediate Wikipedia Categories

Populated places in North Western Province, Sri Lanka

Populated places in Puttalam District

African diaspora in Sri Lanka

#### Wikipedia Categories for Inmediate Wikipedia Categories /* Example Category Hierarchy for this Query */
Populated places in North Western Province, Sri Lanka
Populated places in Sri Lanka by province
Geography of North Western Province, Sri Lanka
Populated places in Puttalam District
Populated places in North Western Province, Sri Lanka
Populated places in Sri Lanka by district
Geography of Puttalam District
African diaspora in Sri Lanka
African diaspora in Asia
Ethnic groups in Sri Lanka

Now perform the task for the following:

Please do not use any external knowledge to generate Wikipedia categories, the information must come only from the provided
article, do not generate anything extra that is not there in the article. **Make sure that the categories generated are actual Wikipedia
Categories™ Generate as much relevant immediate Wikipedia categories as possible.

### Wikipedia Title

{title}

### Wikipedia article begins

{content}

### Wikipedia article ends

### Task Output




On the Necessity of World Knowledge for Mitigating Missing Labels in Extreme Classification KDD ’25, August 3-7, 2025, Toronto, ON, Canada

LF-Orcas-800K GPT-4 Synthetic Query Generation Prompt.

# Task Instruction /* Describing the task */
You are given a URL, along with some relevant search queries for this URL. Note that each of these relevant search queries is a
"good" match for the given URL. Additionally, you are given some metadata in the form of the webpage text of this URL. You may
use the relevant search queries and the webpage text to understand how the webpage text for this URL contains information that
can answer or partially answer the relevant user queries. You need to solve the following task for this given URL. Please use only
the information provided in the form of webpage text for the given URL, and the relevant search queries to solve the Task.

## Query Generation from Webtext Task

Generate targeted search queries for the given URL using the webtext. The generated search queries contain tokens different from
tokens of the URL. Generate upto 10 relevant search queries. Only generate new search queries, do not copy anything given in the
relevant queries section.

Following are some examples for the task: /* In-Context Example */
### URL: https://www.laserspineinstitute.com/back_problems/vertebrae/13/ /* Input Document
*/

### Relevant queries /* Associated Queries in Training Data */

13 compression fracture
13-14 symptoms

13 and 14 vertebrae

13 nerve root compression

### Webpage text for URL begins /* Meta-Data */
Vertebrae Injury Vertebrae Fracture Back Vertebrae Vertebrae Pain Vertebrae Column Spinal Cord Vertebrae Between the Vertebrae
Lumbar Spine Vertebrae Vertebrae Treatment Vertebrae Compression Vertebrae Compression Fracture Vertebrae Disc Vertebrae
Nerve Spinal Column Vertebrae Vertebrae Surgery Neck Vertebrae Spine Vertebrae Spinal Vertebrae Compressed Vertebrae The L3
vertebra is located in the lumbar spine, which is in the lower back portion of the spinal column. The lumbar spine typically has five
vertebrae, though some people range from four to six vertebrae in the lumbar region. The purpose of the lumbar spine is to stabilize
and support the weight of the body, while still allowing the spine to move and bend freely. Because of the versatile nature of the
lumbar spine, the vertebrae in this area are prone to injury and the development of spine conditions. The L3 vertebra is particularly
susceptible to injury because it is the middle vertebra in the lumbar spine, which means it handles the most stress when the lumbar
twists and bends. The L3 vertebra holds most of the weight and stress of the body compared to the other vertebrae in the lumbar
spine. Because of this, there are several spine conditions that can develop at the L3 vertebra and impact the surrounding nerve root,
disc and/or joint. The most common spine conditions at the L3 vertebra include: Herniated disc Bulging disc Bone spurs Spondylosis
Spondylolisthesis Arthritis of the spine There are several other conditions that may develop as a result of vertebral compression in
the lumbar spine, which often impacts the disc and joints in the spine. If a spine condition occurs in the L3 vertebra, the symptoms
will likely include chronic lower back pain and radiating pain in the buttock and leg of the impacted side. Additionally, the leg and
foot might feel weak and numb due to the impacted nerve root being unable to send strong signals to the extremities.

### Webpage text for URL ends

### Output

#### Query Generation from Webtext Task /* Useful Queries extracted from this web-page */
location of L3

how many vertebrae in lumbar spine

causes for spondylosis

role of lumbar spine

chronic back pain

weak and numb feet

Now perform the Query Generation from Webtext task. Ensure that the generated query can be answered or contains information
relevant to the webtext of the given URL. Try to generate new kinds of queries that do not overlap with the given relevant queries.
Generate at most 10 search queries for the Query Generation from Webtext Task. Do not generate any query that has a text overlap
with either the URL or the given relevant queries

### URL {url}

### Relevant queries

{relevant queries}

### Webpage text for URL begins

{doc title}

{doc body}

### Webpage text for URL ends

### Output
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Table 9: Comparison of SKIM with baseline methods on the LF-Orcas-800K dataset. The first two sets of rows present evaluations
on the unbiased test set, a small-scale human-annotated dataset derived from the TREC-19 and TREC-20 Deep Learning
competitions [21]. The following two sets of rows show results on the biased test set from [26]. nDCG@k has been abbreviated
as N@k for the sake of brevity. PSP metrics on the biased test set are reported in Table 10.

Unbiased Metrics
Method P@1 P@3 P@5 N@1 N@3 N@5 R@1 R@3 R@5 R@10 R@25 R@100
DEXML 65.91 50.00 42.05 6591 5430 48.90 6.42 12.47 15.96 21.77 28.32 39.08
+ Gandalf 68.18 53.79 44.09 68.18 57.70 51.20 6.86 13.99 17.10 22.39 29.87 40.52
+ LEVER 70.45 54.17 43.64 7045 58.65 51.39 6.61 13.84 16.51 21.70 29.26 40.45
+ IPS 70.45 5455 4545 7045 5891 52.87 7.08 1343 17.50 22.31 29.14 39.42

+LEVER +IPS 64.77 56.06 46.14 64.77 58.92 52.62 6.64 1417 18.00 23.47 30.92 41.04
+ UDAPDR 68.18 52.65 46.36 68.18 57.40 5333 6.51 12.89 18.72  26.42 33.71 47.70

+SKIM (Ours) 65.91 5833 50.68 6591 6098 5635 7.07 1443 1878  26.99 36.90 49.60

Renée 6591 52.65 45.68 6591 56.71 5226 6.64 13.86 17.70  21.75 28.22 38.42
+ Gandalf 70.45 5492 44.09 7045 5941 52.18 7.63 1433 17.22  20.89 27.58 34.66
+ LEVER 68.18 54.17 4545 68.18 5834 52.62 747 1410 17.24  22.58 28.40 39.52
+IPS 6591 51.89 4091 6591 5597 48.55 6.92 1339 1570 19.67 24.38 31.08

+LEVER +IPS 72.73 54.17 43.64 7273 59.03 51.71 7.27 1358 1640 21.52 29.24 37.10
+SKIM (Ours) 67.05 57.95 50.68 67.05 60.96 5641 674 1450 1933  27.20 38.04 52.39

Biased Metrics
DEXML 75.06 41.52 2852 75.06 78.48 80.62 5532 79.27 86.22 91.70 95.03 97.19
+ Gandalf 74.02 41.18 2838 74.02 77.69 79.94 5447 78.67 85.85 91.60 95.09 97.29
+ LEVER 73.63 40.87 28.15 73.63 77.20 79.45 54.14 78.19 85.36 91.19 94.81 97.12
+ IPS 67.31 38.08 26.60 6731 71.76 74.47 49.33 73.63 81.64 88.72 93.50 96.59

+LEVER +IPS  69.93 39.28 2730 69.93 74.08 76.63 5132 7563 8336 89.93 94.21 96.92
+ UDAPDR 70.23 39.29 27.28 70.23 7433 76.88 51.74 75.87 83.55 90.18 94.56 97.24

+SKIM (Ours) 67.18 37.67 26.35 67.18 71.23 73.96 49.25 7294 81.02 8847 93.59 96.71

Renée 71.89 40.27 27.85 71.89 7582 7817 5273 77.07 84.45 90.44 94.19 96.64
+ Gandalf 75.79 4198 28.78 75.79 79.41 81.46 56.09 80.20 86.94 91.98 94.97 96.94
+ LEVER 77.00 4255 29.13 77.00 80.45 82.47 56.89 81.10 87.84 92.95 95.96 97.76
+ IPS 74.00 41.17 28.24 74.00 77.71 79.76 54.62 78.60 8532  90.40 93.47 95.61

+LEVER +IPS 7495 41.67 2861 7495 78.76 80.87 5544 79.69 86.54 91.74 94.85 96.88
+SKIM (Ours) 64.66 36.47 25.62 64.66 68.44 71.24 46.88 70.04 7832 86.29 92.19 96.05

G Ablation

Adding missing labels is more effective than training with accurate propensity estimates: Propensity-based methods are the most common
way of addressing missing label bias in XC. To examine their limitations, we simulate a data collection process from real world applications
where a deployed model retrieves a shortlist of documents and users click on them. We study the performance of different models under
varying degree of missing labels, when we have access to accurate propensities. This simulation is performed on LF-WikiTitlesHierarchy-2M
dataset, where the degree of exposure of the deployed model is controlled by adjusting the top-K parameter. After top-K thresholding, a
stochastic missing mechanism was applied to simulate user clicks, where a relevant query-document pair occurs (or clicked) in the dataset
with probability pg; = o(s(q,[)), with o(.) as the sigmoid function and s(q, ) as the score assigned by the pretrained msmarco model. Note
that this simulation process is similar to click models considered in Saito et al. [88], where the probability of a click is modeled as the product
of exposure and relevance probabilities (MNAR setting). Once the simulations are done, a dataset is created for every K. For every such
dataset, we train Renée, Renée using IPS that make use of ground-truth py; as propensities, and finally, Renée + SKIM. Fig. 5 in the Appendix
shows the effect of varying K on different models trained on that particular dataset. As seen from the graph, reweighing the Renée loss
function using p(q, I) (ground-truth propensities) improves the R@100 of the Renée model by 2%, but filling in the missing knowledge (or
missing labels) using SKIM further improves R@100 by 13 points when K = 200. To further highlight the importance of having unbiased
training data, we consider a training dataset based on randomly sampling an equivalent number of (query, documents) pairs from all the
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Table 10: Comparison of PSP@XK scores for SKIM and baseline methods on the biased test set of LF-Orcas-800K. PSP@K is
reported only for the biased test set, as it serves to estimate precision on the unbiased test set. The discrepancy between
unbiased precision and PSP scores on the biased test set stems from errors in propensity estimation, which are derived using
the propensity model proposed in [39] with default parameter values A = 0.55, B = 1.5.

Method PSP@1 PSP@3 PSP@5 PSP@10 PSP@25
DEXML 60.72 7357  80.51 87.98 93.23
+ Gandalf 60.21 7329  80.42 88.15 93.58
+ LEVER 5958 7239 79.44 87.21 92.82
+IPS 59.01 7117 78.09 86.01 92.16
+LEVER +IPS  59.69 7213  79.09 86.88 92.71
+ UDAPDR 5778 7030  77.51 85.89 92.49
+SKIM (Ours) 5430  67.11 74.80 84.12 91.62
Renée 5377 6879  76.90 85.69 92.01
+ Gandalf 6341 7529  81.40 87.69 92.15
+ LEVER 5912 73.96 8151 89.24 94.37
+IPS 60.92 7236  78.19 84.29 88.71
+LEVER +IPS 6347 7523 8131 87.66 92.12
+SKIM (Ours)  44.91 59.93  68.87 79.73 88.92

relevant pairs known in LF-WikiTitlesHierarchy-2M (MAR setting). We see that even when 2.8% of the total data is exposed using random
sampling on relevant pairs, the R@100 is around 37, compared to 12 when biased data is used.

45 ——

40 ‘—__——

20
Click Data
—e— Click Data + Gold IPS
15 0 —e— Click Data + SKIM

=e= Randomly Exposed Relevant Pairs

2.81% 5.00% 8.88%
(top-200) (top-1000) (top-5000)
Fraction of Query-Document Pairs Exposed (Top-K)

Figure 5: X axis represents increasing fraction of relevant pairs or clicks, and in brackets, we show the top-K that was used
in simulation to collect that fraction of clicks. We compare Renée models trained with (a) only click data (MNAR), (b) click
data + using IPS with golden propensities, (c) click data + SKIM and finally, (d) click data created using sampling relevant pairs
uniformly at random (MAR). All four settings are compared across different fraction of relevant pairs being exposed.

Meta-data Augmented XC ablation. : We provide more details for this ablation that was discussed in the main paper (See 5.4). Just to recap,
for this ablation, we wanted to test if directly using retrieval augmentation (RA) by providing available meta-data as part of the query would
help in our scenario. To test this, we train a Renée model on the simulated biased training dataset of LF-WikiTitlesHierarchy-2M as used in
our main experiments, however during training, we provide the metadata alongside the query. During test time too, we provide the metadata
alongside the test query. We observe that this setting underperforms even when provided with the relevant knowledge for prediction. This
goes to show that the Renée model memorizes the bias in the training dataset, and predicts the similar biased documents. This hints that RA
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Table 11: Comparison of SKIM with baseline methods on the LF-WikiTitlesHierarchy-2M dataset. The first two sets of rows
report evaluations on the unbiased test set, generated by associating Wikipedia titles with parent categories as described in
[17]. The next two sets of rows present results on the simulated biased test set, where the biased ground truth is defined as
the intersection of labels predicted in the top-100 by a pre-trained ms-marco model and the unbiased ground truth. This bias
reflects the dataset creation scenario in the real-world, where only a subset of labels deemed relevant by the deployed model
(i.e., judged in the top-Kk) is exposed to the user. For brevity, nDCG@k is abbreviated as N@k. For PSP metrics on the biased test
set, refer Table 12.

Unbiased Metrics
Method P@1 P@3 P@5 N@1 N@3 N@5 R@1 R@3 R@5 R@10 R@25 R@100
DEXML 38.90 31.14 26.55 3890 33.12 29.65 2.24 4.66 6.16 8.27 10.87 15.25
+ Gandalf 38.82 30.87 26.29 3882 3290 29.43 2.26 4.65 6.14 8.23 10.73 15.01
+ LEVER 38.41 30.24 2547 3841 32.23 28.56 2.05 4.31 5.69 7.57 9.89 13.78
+ IPS 36.95 29.53 25.22 3695 3143 28.17 2.16 4.50 5.97 8.10 10.92 15.92

+LEVER +IPS 3534 26.82 2223 3534 2895 2541 2.09 4.06 5.20 6.82 9.03 12.92
+ UDAPDR 33.24 2591 22.05 33.24 2757 2452 156 3.48 4.75 6.83 10.27 17.15

+SKIM (Ours) 43.81 36.58 32.65 43.81 3834 3542 233 5.34 7.56 11.13 16.59 25.42

Renée 39.01 31.73 2699 39.01 3350 2991 1.98 4.44 5.94 7.89 9.95 13.07
+ Gandalf 40.21 32,59 27.87 40.21 3450 3093 @ 2.17 4.69 6.28 8.46 11.08 15.30
+ LEVER 4090 3272 2783 4090 3482 31.13 238 4.90 6.47 8.59 11.15 15.98
+IPS 40.28 32.84 28.18 40.28 34.85 3140 2.47 5.10 6.78 9.12 12.01 16.75

+LEVER +IPS  40.09 32.09 27.46 40.09 34.21 30.76 248 5.11 6.79 9.23 12.63 19.28

+SKIM (Ours) 41.53 3571 3242 4153 37.14 3471 219 5.10 7.31 11.18 17.55 28.32

Biased Metrics
DEXML 3598 27.49 2240 3598 3453 3448 14.20 2547 31.01 36.82 40.91 44.22
+ Gandalf 35.63 26.87 21.82 3563 33.86 33.70 14.02 24.83 30.12 35.74 39.84 43.32
+ LEVER 35.13 26.20 21.07 35.13 33.17 32.89 13.81 24.33 29.41 34.94 39.31 42.99
+ IPS 34.20 2598 21.19 34.20 32.74 32.72 1348 24.12 2949 35.50 40.19 43.98

+LEVER +IPS 32.68 23.82 19.01 32.68 30.40 30.01 1274 22.13 26.75 32.24 37.50 42.35
+ UDAPDR 28.28 19.90 15.70 28.28 25.67 25.08 1094 1832 2195 26.54 31.47 37.16

+SKIM (Ours) 2576 1895 15.38 2576 23.46 23.28 893 16.60 2091 26.44 32.21 37.64

Renée 3515 26.88 21.73 35.15 3356 3330 13.57 2453 29.69 3493 38.56 41.62
+ Gandalf 35.10 26.50 21.35 35.10 3330 33.02 13.65 2440 29.47 34.34 38.91 42.20
+ LEVER 3571 2694 2176 3571 3390 33.68 1393 2488 30.14 35.78 40.05 43.86
+ IPS 3449 2646 2145 3449 33.04 3289 1334 2426 29.50 3490 38.59 41.19

+LEVER +IPS 34.78 26.01 21.00 3478 3294 32.75 1371 2426 29.40 35.01 39.48 43.54
+SKIM (Ours) 19.41 15.24 1288 1941 17.94 1812 581 1230 1647  22.19 28.70 35.05

like works might fail if used with biased training datasets. However, if we train the Renée model, again with metadata alongside the query,
but on training dataset generated by SKIM, we observe a sharp increase in performance. In this setting, the Renée + SKIM model actually
starts generalizing with the metadata present alongside the test query, and performs better as compared to the Renée + SKIM model that
uses only the test query during test time (see table 4, R@100, in case of RA used with SKIM, increases from 28.3 to 45.98 i.e. by more than 15
absolute points). This shows that RA works might be complementary to our proposed approach.

Effect of number of synthetic pairs (new training pairs) on unbiased performance. : In figure 7, we observe that as we increase the number of
new training pairs or the synthetic pairs obtained using SKIM, we see an increase in downstream unbiased performance of Renée model, as
expected. We control the number of added pairs using the similarity threshold 7. However, when we go pass a certain limit of number of
added pairs, we see that the performance drops. This might be due to the fact that noisy pairs are being added in the dataset due to the low
value of 7. Thus, there is a sweet-spot when we obtain the maximum unbiased performance using SKIM. This drop in performance could be
mitigated by using a better retriever for mapping, or by increasing the number of synthetic queries that is being generated by the SLM
during Step 1 of SKIM.
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Table 12: Comparison of PSP@XK scores for SKIM and baseline methods on the biased test set of LF-WikiTitlesHierarchy-2M.
PSP@K is reported only for the biased test set, as it serves to estimate precision on the unbiased test set. The discrepancy
between unbiased precision and PSP scores on the biased test set stems from errors in propensity estimation, which are derived
using the propensity model proposed in [39] with default parameter values A = 0.55, B = 1.5.

Method PSP@1 PSP@3 PSP@5 PSP@10 PSP@25
DEXML 5051 5697  63.44 74.14 85.34
+ Gandalf 5126 5607  61.89 72.00 82.97
+ LEVER 44.81 50.11 55.99 66.71 79.53
+IPS 5711 6141  65.93 74.24 84.78
+LEVER +IPS 5262 5559  59.25 66.68 78.69
+ UDAPDR 4799 4994 5273 58.98 70.35
+SKIM (Ours) 3397 3747  42.05 51.35 65.79
Renée 33.81 4278  50.05 61.48 72.16
+ Gandalf 36.61 4430  50.65 61.22 72.57
+ LEVER 4040 4829  55.66 68.23 81.04
+IPS 39.83 4677  51.94 60.17 68.74
+LEVER +IPS  49.67 5438  59.45 68.77 79.98
+SKIM (Ours)  15.67 2092  25.67 35.03 51.55

Justification of design choices in SLM. : We perform an ablation to justify our design choices regarding (i) finetuning the SLM, and (ii)
providing metadata to the SLM. In Figure 6, we compare a pretrained SLM, finetuned SLM and the LLM performance on the task of good
quality synthetic document generation (measured using GT coverage @ 100, see figure 6). SLM used is Llama2-7B and LLM is GPT4. We see
a clear increase in performance when we move from pretrained SLM, to finetuned SLM and then finally to LLM. Additionally, we observe
that metadata consistently improves generation quality when used with any model. Interestingly, finetuned SLM reaches close to LLM
performance when provided with metadata. Thus, SKIM is able to generate LLM-like quality of synthetic documents, with a much higher
throughput, when finetuned and provided with relevant metadata, even though it is unstructured.

Size of the SLM used in SKIM. : In table 5, we see the effect of the size of the SLM used in Step 1 of SKIM algorithm. We observe that
even if we decrease the size of the SLM almost by 7x, we see marginal drop (< 1%) in downstream performance. This highlights extreme
scalability of SKIM even when used in limited compute regimes. How far can this be stretched is an interesting future work.

H Related Works (Extended Version)

Extreme classification: Extreme Classification or XC is a prominent supervised learning formulation for large-scale (in orders of millions
of documents) retrieval problems and has been very influential due to its success in many practical scenarios. The methods proposed for
extreme classification can be broadly categorized into two families: one-versus-all classifier-based methods [39, 76] and dual encoders
[23, 33, 34, 40, 49]. Key innovations in this domain include transition from sparse feature based classifier learning [6, 9-11, 15, 38, 39, 48, 74—
76] to deep-encoder based representations [23-25], efficient end-to-end training frameworks [40], Siamese networks for query/document
representations [58, 59, 78], exploration of more advanced deep learning architectures for the encoder and the classifier components
[22, 24, 33, 49, 102, 104, 105], and effective negative sampling strategies for training [23, 32, 44, 82, 83, 101].

Missing label and long-tail biases: XC models, as other retrieval models, are susceptible to biases in their training set collected from
system log data. Key biases that significantly affect the training and evaluation of XC models include document distribution bias [17, 91],
selection bias[63], position bias[19], exposure bias [53, 106] and inductive bias (refer to [18] for a recent survey). Collectively, these biases
lead to the missing label problem wherein some relevant documents for a query are missing not at random. Additionally, certain documents
are less represented than others in the training data, leading to a long-tail distribution over documents. Consequently, missing labels and
long-tail biases presents two critical challenges in XC [91]: 1) relevant documents goes missing in the observed training data; 2) infrequent
(tail) documents are much harder to predict than frequent (head) documents due to data imbalance. In Section 3, we formalize how the
systematic nature of missingness due to production systems leads not only to missing label bias but also to missing knowledge in training
data.

Addressing missing label and long-tail biases: Within the XC literature, the most commonly adopted solution to the missing labels
problem is propensity-based learning [39, 77, 97, 99]. The propensity score estimates the likelihood for a query-document pair to go missing,
given that the document is relevant. The standard loss functions and metrics can be corrected for the missing label bias by reweighting the
individual terms by the propensity values. Assuming that the propensities only depend on the document and that these values are known or
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Figure 6: Comparison of the effect of different language models and metadata on the quality of generated synthetic doc-
uments. GPT-4, a pretrained LLaMA2-7B, and a finetuned LLaMA2-7B are evaluated with and without metadata on the
LF-WikiTitlesHierarchy-2M dataset where synthetic document generation is performed. The quality of synthetic documents is
measured by GT covered @ 100, which is the average number of actual ground-truth (GT) documents retrieved using synthetic
documents. For each synthetic document, the top 100 nearest documents are retrieved using a finetuned NGAME encoder and
checked against the GT. The pretrained LLaMA2 has the lowest quality, while the finetuned LLaMA2 with metadata almost
matches GPT-4 with metadata (LLaMA2: 35.7 vs. GPT-4: 38.0).
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Figure 7: Effect of the number of synthetic pairs added in Step 2 of SKIM on the downstream retrieval performance of Renée on
the LF-Orcas-800K dataset. We control the number of synthetic pairs added by tuning the similarity threshold 7.

can be estimated from some external meta-data [64], Jain et al. [39] introduced unbiased loss functions and various evaluation metrics like
nDCG@K, Recall@K and Precision@K. But, as we show in this paper, both theoretically and empirically, the missing label bias in XC can
cause missing knowledge problem which cannot be recovered by propensity based learning. Evaluation of XC models on unbiased datasets
using propensity scored metrics, such as PSP@k, PSN@k [14, 39], will also suffer from the same limitations.

In similar settings such as recommendation systems [88, 89, 95], and positive unlabeled learning (PUL) [12, 13, 41, 47], the missing labels
problem has been addressed by propensity based methods [39, 77], imputation error based methods [17, 50], and doubly robust methods
[51, 55, 95] that try to combine both these paradigms. Studies addressing this problem for recommendation systems using propensity-based
corrections mechanisms [45, 88, 90] often require an unbiased subset of training data over the user-item space to train the propensity models
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Table 13: Comparative analysis of the click-based ground truth (row 1), a state-of-the-art XC algorithm, Renée + IPS [77] (row 2)
Renée + LEVER (row 3), and our method, Renée + SKIM (row 4). Entries in black represent documents that have a click in the
biased ground truth (row 1) or documents that are predicted by the models in top-100 predictions (rows 2,3 and 3). Grey cells
indicate documents that are relevant to the query "Exon Definition" but are absent from both the ground truth (in row 1) or
absent the top-100 predictions of the models (in rows 2, 3, and 4). All documents are relevant to the query "Exon Definition,"
according to the unbiased test set. Documents are grouped into four clusters based on their related concepts. The biased clicks
in row 1 connect the query to document concepts such as "Exon" and "Exome Sequencing." However, there are no clicks linking
"Exon Definition" to concepts like "Genes" or "RNA." The IPS and LEVER algorithm (rows 2,3) retrieves documents from clusters
similar to those seen during training (e.g., "Exon" and "Exome Sequencing") but struggles with other concepts. In contrast,
SKIM (row 4) successfully retrieves documents across all four clusters, emphasizing the value of integrating world knowledge.
Document ranks are shown next to the URL in bold, and URLs have been shortened for brevity.

Document Concepts
Query Exon Exome Sequencing Genes RNA
Biased exon (Dmerriam-webster.com | (Den.wikipedia.org/ (Dnews-medical.net Men.wikipedia.org/wiki
Ground definition | dictionary/exon, Exome-sequencing, /What-are-Genes /Messenger-RNA
Truth @en.wikipedia.org @broadinstitute.org @www.genomenewsnetwork | @en.wikipedia.org/wiki
wiki/Exon /what-exome-seq, /whats a-genome/ /Precursor-mRNA
@net.science/diff-bw | @blogs.scientific @en.wikipedia.org/wiki | (@en.wikipedia.org/wiki
-exons-and-introns american.com/10-things- | /Human-genome /RNA-splic..
exome-seq. . ®@en.wikipedia.org/wiki | @en.wikipedia.org/wiki/
/Gene-expression Alternative-splice
Renée + | exon (Dmerriam-webster.com | (Den.wikipedia.org/ (Dnews-medical.net (Den.wikipedia.org/wiki
IPS [77] | definition | dictionary/exon (2), Exome-sequencing /What-are-Genes /Messenger-RNA
Predic- @en.wikipedia.org (@broadinstitute.org @www.genomenewsnetwork | @en.wikipedia.org/wiki
tions wiki/Exon (1) /what-exome-seq /whats a-genome/ /Precursor-mRNA
(top-100) ®net.science/diff-bw | @blogs.scientific @en.wikipedia.org/wiki | @en.wikipedia.org/wiki
-exons-and-introns american.com/10-things- | /Human-genome /RNA-splic. .
exome-seq. . @en.wikipedia.org/wiki | @en.wikipedia.org/wiki/
/Gene-expression Alternative-splic..
Renée + | exon Dmerriam-webster.com | (Men.wikipedia.org/ (Dnews-medical.net Den.wikipedia.org/wiki
LEVER definition | dictionary/exon (2), Exome-sequencing (12), /What-are-Genes /Messenger-RNA
Predic- @en.wikipedia.org @broadinstitute.org @www.genomenewsnetwork | @en.wikipedia.org/wiki
tions wiki/Exon (1) /what-exome-seq (51), /whats a-genome/ /Precursor-mRNA
(top-100) ®net.science/diff-bw | @blogs.scientific Ben.wikipedia.org/wiki | 3en.wikipedia.org/wiki
-exons-and-introns (15) | american.com/10-things- | /Human-genome /RNA-splic..
exome-seq. .(91) ®@en.wikipedia.org/wiki | @en.wikipedia.org/wiki/
/Gene-expression Alternative-splic..
Renée + | exon (Dmerriam-webster.com | (Den.wikipedia.org/ (Dnews-medical.net (Den.wikipedia.org/wiki
SKIM pre- | definition | dictionary/exon (4), Exome-sequencing (18), /What-are-Genes (82) /Messenger-RNA (61)
dictions @en.wikipedia.org @broadinstitute.org @www. genomenewsnetwork | (@en.wikipedia.org/wiki
(top-100) wiki/Exon (1) /what-exome-seq (11), /whats a-genome/ (20) /Precursor-mRNA (73)
®net.science/diff-bw | Bblogs.scientific ®en.wikipedia.org/wiki | @en.wikipedia.org/wiki
-exons-and-introns (10) | american.com/10-things- | /Human-genome (80) /RNA-splic.. (12)
exome-seq. .(35) @en.wikipedia.org/wiki | @en.wikipedia.org/wiki/
/Gene-expression (52) Alternative-splic.. (16)

[90, 96]. However, obtaining such unbiased subsets for large-scale retrieval applications is difficult and their absence may lead to high
variance in estimated propensities.

Teacher Models and Data Augmentation: There is now a significant body of work that tries to train performant XC or retrieval
models by augmenting [16, 27, 43, 86] the training dataset with external resources like teacher models, and query/document meta-data.
Although these approaches don’t make explicit connections to the problem of missing label bias, as show in Section 3, they are relevant
to solving the missing labels problem. Recent efforts [67, 69] have shown that auxiliary information or structured metadata linked with
the queries or the documents, though rarely available with XC or short-text retrieval datasets, can be utilized to boost performance of XC
models. LEVER [17] and Gandalf [50] uses a teacher-model trained on the existing dataset to help XC models enhance their performance on
tail documents. RocketQA [103] uses a more expressive cross-encoder model to impute the training data for a student dual-encoder retrieval
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model. SemsupXC [5] is another closely related work that attempts to incorporate external information by scraping information from the
web in order to improve performance in zero-shot or few-shot settings, involving previously unseen documents. But, as their model is
trained on the biased training data, the trained model will continue to suffer from missing knowledge issue even with the help of additional
meta-data.

Recently, LLMs have been used for generating data for training task-specific models [52], SLMs/LLMs [31, 36, 61, 84, 85], and multimodal
models [56]. This approach to training models using LLM-generated datasets may help in combating various problems like data scarcity in
low-resource settings, lack of unbiased datasets, noisy and fake information in web-based training data, or where annotating sufficient data
is a costly process [4, 57]. The strategies used for this kind of dataset creation approaches include heuristic filtering [79], quality filtering
[2, 29, 73], deduplication [1], data mixing [7, 28, 100], synthetic data generation [31, 61], data augmentation [98], or generating task-specific
synthetic data by transforming existing datasets for a similar task [30]. There have also been some efforts to directly finetune SLMs as
encoders for query / documents in a retrieval task [60, 70, 72].

In contrast, we propose a way for completing existing task specific dataset by addressing knowledge gaps present in the dataset. While
existing work mainly focus on creating task-specific datasets from scratch or augmenting to extend the scale of these datasets, it is possible
that the biases in the source dataset / LLM may just get scaled up in this synthetic data creation process. In addition, using oracles LLMs like
GPT-4 or Claude is not scalable, so there is a need for more efficient ways to augment the training data.
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