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Abstract

The current paradigm in dense retrieval is to represent queries and passages as low-
dimensional real-valued vectors using neural language models, and then compute query-
passage similarity as the dot product of these vector representations. A limitation of this
approach is that these learned representations cannot capture or express uncertainty. At the
same time, information retrieval over large corpora contains several sources of uncertainty,
such as misspelled or ambiguous text. Consequently, retrieval methods that incorporate
uncertainty estimation are more likely to generalize well to such data distribution shifts.
The multivariate representation learning (MRL) framework proposed by |[Zamani & Ben-
dersky| (2023) is the first method that works in the direction of modeling uncertainty in
dense retrieval. This framework represents queries and passages as multivariate normal
distributions, and computes query-passage similarity as the negative Kullback-Leibler (KL)
divergence between these distributions. Furthermore, MRL formulates KL divergence as a
dot product, allowing for efficient first-stage retrieval using standard maximum inner prod-
uct search.

In this paper, we attempt to reproduce the MRL framework for dense retrieval by [Zamani &
Bendersky| (2023). We find that the original work (i) introduces a mathematical error early
in the formulation of the method that propagates to the rest of the original paper’s mathe-
matical formulations, (ii) does not provide all of the necessary information to facilitate repro-
ducibility, and (iii) proposes a training setup to train MRL that, if followed, does not yield
the reported performance. In light of the aforementioned, we correct the mathematical error,
make some reasonable design choices, and propose an improved training setup that comple-
ments the original paper by filling in important details that were unspecified. We further
contribute a thorough ablation study which is absent from the original paper, to gain more
insight into the impact of the framework’s different components. Despite our efforts, we were
neither able to reproduce the exact results reported in the original paper, nor to uncover the
reported trends against the baselines. Our analysis offers insights as to why that is the case.
Most importantly, our empirical results suggest that the definition of variance in MRL does
not consistently capture uncertainty. The source code for our reproducibility study is avail-
able at: https://anonymous.4open.science/r/multivariate_ir_code_release-AB26.

1 Introduction

Dense retrieval has become the new paradigm in first-stage retrieval, largely replacing lexical methods which
cannot model semantic information as well as neural models. Dense retrievers following the dual-encoder
architecture (Karpukhin et al., |2020) are popular first-stage retrievers due to their performance and scal-
ability. This paradigm leverages pre-trained neural language models to encode queries and passages as
low-dimensional real-valued dense vectors, with relevance defined as their dot product. Passages are en-
coded offline and stored in a dense index. At query time, retrieval can be done efficiently using maximum
inner product search (MIPS). However, representing queries and passages as single vectors has an important
limitation that has influenced the research landscape: these representations do not model, capture, or express
predictive uncertainty or risk. At the same time, there are various sources of uncertainty arising both from
the data and the neural retrieval models:
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Query uncertainty. User queries may include misspellings, ambiguity, and incomplete or inaccurate in-
formation (e.g., false memories). Furthermore, in a realistic setting, the retrieval system has minimal to
no prior knowledge about the distribution of the queries, except for possibly a few assumptions (e.g., the
language they are in, or common user mistakes).

Passage uncertainty. Passages may present similar uncertainty-inducing artifacts to queries, such as
misspellings and ambiguity. Unlike queries, the retrieval model has prior knowledge of a passage collection.

Relevance uncertainty. Relevance, or ranking uncertainty refers to the confidence of the model in the
estimated query-passage relevance. Such an estimator may be anything between a deterministic function
of query and passage uncertainty e.g., the model reproduced in this paper, to a stochastic function of
deterministic query and passage representations e.g., a Monte-Carlo dropout Bayesian estimator (Cohen
et al.l |2021]).

Uncertainty estimation remains largely unexplored for the case of first-stage dense retrieval, despite it having
received increased attention from the community in the case of re-ranking (Wang & Zhu, [2009; |Zhu et al.,
2009; [Feng et al.,|2020; Cohen et al., 2021} |Heuss et al., [2023]). Recently,|Zamani & Bendersky| (2023) proposed
the multivariate representation learning (MRL) framework, the first approach that models uncertainty in
the context of dense retrieval. MRL uses predictive variance as a proxy for uncertainty. Each query and
passage is mapped to a multivariate Gaussian distribution parameterized by a mean vector and a (diagonal)
covariance matrix, where the mean represents the predicted query or passage embedding, and the variance
represents the uncertainty of said embedding. However, different from existing approaches to modelling
uncertainty in IR that leverage Bayesian inference (Cohen et al., |2021), MRL treats both the mean and
the variance as point estimates. In that sense, variance in the MRL framework does not express statistical
variance, i.e., deviation from the mean, as much as it expresses predicted risk. In essence, this is a trade-off
between being theoretically principled and computationally efficient. Admittedly, computational efficiency is
of the utmost importance in first-stage retrieval, where one has to manage collections of potentially billions
of passages.

Having represented queries and passages as multivariate normal distributions, the authors of the origi-
nal paper proceed to formulate a query-passage relevance scoring function based on a simplified version
of the Kullback-Leibler (KL) divergence. Further, they express this function as a dot product between
query and passage representations, thereby allowing for efficient retrieval by means of standard MIPS (e.g.,
FAISS (Johnson et al.,[2021))). Finally, they report state-of-the-art retrieval performance, and show that the
predicted covariance matrix could be used as a pre-retrieval query performance predictor.

Even though the results reported in the original study showcase the effectiveness of the proposed method, our
study is motivated by several important questions that still need to be explored. First and foremost, the fact
that neither the source code nor model checkpoints are released, makes it hard to verify the paper’s substantial
claims. Second, even though the model consists of various components and several stages of knowledge
distillation, the original work does not include an extensive ablation study that explores the impact of each
on downstream performance. Therefore, whether the performance gains come from representing the queries
and passages as distributions is unclear. To this extent, it is important to understand the representations
learned by MRL. In this reproducibility work, we aim to answer the following research questions:

RQ1 Reproducibility: Can the models proposed in |[Zamani & Bendersky] (2023) be reproduced by fol-
lowing the methodology and experimental setup outlined in the original paper?

RQ2 Analysis: Can the multivariate query and passage representations express uncertainty?

RQ3 Ablation Study: What is the contribution of each component that comprises MRL to downstream
retrieval performance?

Furthermore, we summarize our contributions to the original work:

Correction of a mathematical error. We correct a mathematical error of the original work, made early in
the formulation of the method, in an attempt by the authors to simplify the computation of KL divergence
between two multivariate normal distributions. This error propagated to the rest of the original paper’s
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mathematical formulations. We hypothesize that this error did not further propagate to the implementation
of their experiments, as we provide empirical evidence that if the incorrect similarity function is used instead
of our corrected version, it harms retrieval performance.

Reproduction of the proposed MRL model. We attempt to be as faithful as possible to the reported
training regime. However, the original study does not facilitate proper reproducibility since many training
details were either vaguely phrased, or omitted altogether. In addition to the aforementioned issues, the ab-
sence of shared source code and lack of communication from the authors further impeded the reproducibility
of the original work. That said, we showcase that it is not possible to train an effective dense retriever when
following the training setup that is proposed in the original work. To alleviate this problem, we propose a
training regime that yields retrieval results that are more aligned with those reported in the original study.
When assumptions are made due to lack of information we mention them explicitly, justify them, and place
them in the context of the original paper.

Replication of the experimental setup. We replicate the experimental setup of the original paper,
for the tasks of dense retrieval and pre-retrieval query performance prediction (QPP). We were not able to
obtain the exact results reported in the original study or confirm the original findings. We show that even
though MRL is a highly competitive approach, it does not outperform the baselines in a fair comparison
(e.g., the authors report that MRL is trained with a batch size of 512, while their baselines are trained with
a batch size of 8). Additionally, MRL yields inconsistent results for the QPP experiments, with our analysis
revealing that the variance vectors do not consistently capture notions of uncertainty.

Ablation study. The MRL framework is composed of multiple components, including multivariate rep-
resentations, knowledge distillation, and model initialization from an already effective pre-trained dense
retriever. The original paper lacks a thorough ablation study that unveils the importance of each compo-
nent in training an effective retriever. For example, how much of the reported performance increase can
be attributed to the core contribution of the paper, which is the use of multivariate representations? Our
elaborate ablation study uncovers the impact of each component on the retrieval performance. In particular,
we find that multivariate representations do not boost the model’s performance, and the high effectiveness
stems from the model initialization and knowledge distillation from the re-ranker.

Proposed improvements upon the original MRL model. We propose a simple alteration to the
original model, which results in a reduced hyperparameters search space. In short, instead of a parametric
softplus activation which ensures positive semi-definiteness of the covariance matrix, we propose predicting
the log-variance instead, which obviates searching for the S hyperparameter of the softplus function. We
show that the log-variance model either matches or outperforms the original softplus model.

2 Related Work

Uncertainty-aware retrieval. Uncertainty estimation in neural IR has been explored in the past, although
not in the context of dense (first-stage) passage retrieval, which is the main novelty aspect of the MRL
method. The work of |Cohen et al.| (2021)) and Heuss et al.| (2023) focuses on risk-aware (second-stage) re-
ranking. Both approaches attempt to approximate Bayesian models that predict a distribution of relevance
scores rather than point estimates; the former utilizes Monte-Carlo dropout (Gal & Ghahramanil 2016),
while the latter leverages Laplace approximation. The common denominator across these Bayesian methods
is that the predictive distribution p(y|@, D) is approximated by performing forward inference using multiple
samples of #. This is the main difference between prior work and MRL: In MRL, predictive uncertainty
is not framed as weight uncertainty, and variance does not represent deviation from the mean prediction.
Rather, variance in MRL is a predicted value of a deterministic estimator.

Uncertainty for detecting out-of-distribution/corruptions. While a variety of efforts exist in the
area of stochastic representations in image retrieval (Warburg et all [2021; |Chun et al. 2021)), recent work
by Warburg et al.| (2023]) showed that Bayesian image retrieval with Laplace approximation can achieve some
desirable properties. They show that the uncertainty of prediction increases (almost monotonically) with the
amount of corruptions in the input. The model’s predictive uncertainty further behaves as expected when
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making out-of-domain predictions. These insights are valuable in text retrieval as well, where these desirable
properties have not yet been achieved effectively.

Knowledge distillation. The MRL framework is surrounded by multiple layers of knowledge/parameter
distillation, which we summarize in this section. First, the selected neural architecture employed in MRL
is DistilBERT (Sanh et al., 2019)); a distilled version of BERT with 40% fewer parameters for 97% of its
original performance. Furthermore, the architecture has been distilled with balanced topic-aware sampling
(TAS-B) (Hofstéatter et al.l 2021)), that uses two teacher models to construct better training batches. Finally,
MRL itself utilizes a knowledge distillation loss inspired by CLDRD (Zeng et al., 2022)). While the original
paper does not discuss how these sources of distilled knowledge affect downstream performance, in Section [4]
of this paper we perform a thorough ablation study that examines them one-by-one.

3 Methodology

The proposed MRL framework represents queries and passages as multivariate Gaussian distributions. It
does so by computing a mean vector p and a diagonal covariance matrix 3 for a query g and passage d,
using query and passage encoders fg and fy, parameterized by 6 and ¢ respectively,

1o XqQ = folq), (1)
1p:Xp = fo(d). (2)

It is also possible to have 6 = ¢, i.e., weight sharing, which the authors of the original paper opt for. The
relevance score between queries and passages is then defined as the negative KL divergence between their
distributional embeddings: @ ~ N (g, ¥q) and D ~ N (up,%p),

rel(g.d) = — KLD(Q| D). 3)

The minus sign is there to implement a “higher is better” type of scoring. To simplify matters, we will
disregard it in the upcoming derivations and re-introduce it at the very end.

In this section, we detail the reproducibility study of the above framework. First, we direct attention to
a small mathematical error that was made early in the formulation of the relevance scoring in the original
paper, that propagated through the rest of the mathematical derivations. We then discuss matters of model
training. Whenever we make a strong assumption due to the lack of implementation detail in the original
paper, or the lack of shared source code, it is explicitly mentioned.

3.1 KL divergence-based relevance scoring

In Eq. [d we start by repeating the standard definition of KL divergence, as written in Eq. 9 of the original
paper:

1[ detXp

KLD(Q||D) = | log det = —k+tr{S5' 8o} + (g —mp)T %5 (g —kp)|; (4)

2
where k denotes the dimensionality of the multivariate Gaussian embedding. For the purpose of relevance
scoring, the authors proceed to further simplify Eq. ] and reformulate it as document ranking function.
They do so by eliminating document-independent terms and constants, and by taking advantage of the fact
that the covariance matrices are diagonal. Let us follow their simplification steps by considering each term
separately. For the first term we have,

k k
=logdet Xp — logdet Xg = logdetXp = log H CT?D = Z log J?D. (5)
—— i—1

i=1

o det ED
& det ZQ

constant w.r.t.
doc. ranking

Then, the authors make a mistake in the simplification of the second term, by misinterpreting it as a
determinant rather than a trace. We include the original formulation in Appendix [A] We note that using
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the original formulation leads to drastically lower performance (see Section for more details). We provide
the correct derivation in Eq. [6] as follows:

k 2

g;
tr{ZBl Yot = Z U2Q : (6)
i=1 iD
Finally, for the third term we have,

(i — 1in)? = Hi ’“2uu kuz
(,UQ —pp)T 251 (NQ —pp) = 7(2 > QQ Q & ;D . (7)

O’ (o

i=1 ZD i=1 i=1 =1 'D

Combining Eq. [f [6] and [7] into Eq. [ and removing constants, we arrive at the intended derivation of the
ranking function:

2 k 2

k k k 2
a; i i i 15
KLD(Q||D) = E logo}, + E 02Q + E :02(2 2 : ;2 D Z 0.2D' (8)
= i=1 'D i=1 D

=1 i=1 D

Note that, unlike Eq. [, Eq. 8] is no longer the KL divergence. After all the simplifications, it is a KL
divergence-based relevance scoring function for ranking documents, given a query. From this point forward,
we continue with the work described in the original paper, but we base it on our Eq. |8} which is the derivation
of the relevance scoring function that includes our correction.

The next step of this reproducibility study is to express Eq. [ as a dot product between query and passage
vectors,
KLD(Q|D) = q" - d, 9)

with the purpose of reusing standard efficient inner product similarity search (Johnson et al.| 2021). To do
so, we isolate the document-specific terms of Eq. [§] that can be pre-computed:

k 2
Hi
EDY <log oip ) (10)

i=1 D

In the original paper, the term vp is referred to as a “document prior”. Now we can express the relevance
score as a dot product between query and passage vector representations:

i: |:17o-%Q7~-~?U]%QvM%Q>'--auiQaM1Q7"'?/~}'kQ:|7 (11)

o 1 1 1 1 2041 20

d= 7D7T7"'7T7 9 vttty T 9 T 2D7"'a_ 2D ’ (12)
ot 0%y 01 o, Oip .

where ¢, d € RIXBk+1) - At this point we remind the reader that, following Eq. |3 the relevance score is the
negative of Eq. [0}

3.2 Listwise knowledge distillation

Knowledge distillation has shown to be of great importance in boosting the effectiveness of dense retrievers.
In detail, a highly effective cross-encoder re-ranker is used as a teacher to transfer knowledge to a less effective
but efficient first-stage dense retriever student model. Consequently, the effectiveness of the dense retriever
is increased while it retains its efficiency. That said, in the original work by [Zamani & Bendersky| (2023),
the authors employ a listwise distillation loss function (Zeng et all [2022) to train their dense retriever (i.e.,
student model). For each query ¢ and its set of passage D, (see Section for details on how this set is
constructed), the loss is computed as:

t to g 1 1
> My > o~

(1 + eMolad)=Mola.d)), (13)
442D, (d)

where 7,(d) denotes the position of passage d in the ranked list produced by the dense retrieval student
model My and yz(d) denotes the relevance judgment produced by the teacher model for the pair of query ¢
and passage d; y,(d) can be either a score or a label (see Section for details).
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4 Experimental Setup

4.1 Datasets and metrics

Our evaluation is performed on both in-domain (ID) data, and out-of-domain (OOD) data in a zero-shot
setting. All tasks are ad-hoc retrieval, with a fixed set of documents. Statistics of the datasets are reported
in Appendix [C] We summarize the datasets and evaluation methodology below.

In Domain (ID). We train all models on the MS-MARCO |Nguyen et al.| (2016]) training set. Note that
we split the full training set into a training and validation set for hyperparameter tuning as described in
Section There are three in-domain evaluation sets, all of which are based on the MS-MARCO corpus.
This includes the MS-MARCO Dev set, the TREC-DL 2019 |Craswell et al.| (2020) and TREC-DL 2020
Craswell et al.| (2021)) datasets. Both TREC datasets are densely labeled by humans. The evaluation metric
for the Dev set is the mean reciprocal rank (MRR) with a cut-off of 10, denoted as MRR@10. For the TREC
subsets, we use the standard evaluation metrics of normalized discounted cumulative gain at 10 (nDCG@10),
and mean average precision (MAP).

Out of Domain (OOD). We evaluate the retrieval models’ generalization ability in different domains via
zero-shot passage retrieval experimentation. All retrieval models are trained on the MS-MARCO training set
and tested on previously unseen queries and underlying corpus. We replicate the evaluation setup outlined in
Zamani & Bendersky| (2023]), with nDCG@10 as the primary metric. We evaluate the following OOD datasets
in zero-shot setting: (i) Scifact (Wadden et all 2020): a scientific claim verification dataset where the task
involves retrieving abstracts that either refute or support a claim, (ii) FiQA (Maia et al., |2018): a dataset
that involves retrieval of documents in the financial domain using natural language questions, (iii) TREC-
COVID (Voorhees et all 2021): a biomedical dataset of scientific articles about COVID-19, with questions
as the topics/queries, and (iv) CQADupStack (Hoogeveen et al.| |2015)): a community question answering
(CQA) dataset, with the task of retrieving duplicate questions in a community website (StackOverflow).

4.2 Baselines

We compare MRL against the following single-vector dense retrieval models:

« DPR (Karpukhin et al.,[2020): is a traditional dense retriever that is trained with softmax cross-entropy.

o TAS-B (Hofstétter et al.,|2021)): is an effective dense retriever that is trained by combining (i) knowledge
distillation from a re-ranker teacher model (i.e., cross-encoder) with (ii) a balanced topic-aware sampling
method. This method alternates the creation process of the training batches by composing batches based
on queries clustered in the same topic. Furthermore, it selects passage w.r.t the pairwise margin between
positive and negative passages in the batch so that the margin of positive-negative pairs is balanced in
the margin range.

e« CLDRD (Zeng et al.| [2022)): is a state-of-the-art dense retriever that uses TAS-B as initialization and is
trained by combining curriculum learning with knowledge distillation; in particular, it uses the listwise loss
of Eq. [I3] The student dense retriever is trained via an iterative training process in which the difficulty
of the training data, produced by the re-ranking teacher model, increases with each iteration.

The motivation behind selecting these baselines is twofold: First, their inclusion in the original study, and
second, to enable fair comparisons in our subsequent ablation study. For instance, MRL can be compared
with CLDRD to assess the impact of the multivariate representations, and a similar assessment can be made
when MRL without distillation is compared against DPR.

4.3 Training setup

A crucial aspect of training MRL is the computation of the listwise distillation loss. In the original work of
Zamani & Bendersky| (2023)), it is suggested that for computing the listwise distillation loss in Eq.
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» Given a query g, the passage set D, is constructed with positive passages provided by the dataset’s
official relevance judgments. On the other hand, the negative passages are sampled from the top-k
passages retrieved with BM25 and the top-k passages retrieved by the student dense retrieval model
itself (using an asynchronously updated ANN index).

. yé(d) is the raw score from the teacher model for a query-passage pair.

e Follow in-batch negative training to reuse passages from other queries that are already in the batch.

However, the aforementioned approach contradicts training with knowledge distillation from various points
of view. One of the perks of training with knowledge distillation is that it can leverage the incomplete rele-
vance judgments that most large-scale retrieval datasets suffer from. Hence, it can rely only on the teacher
supervision signal, i.e., training data is generated and scored by the teacher model without human assess-
ments. Furthermore, combining knowledge distillation with in-batch negative training can be impractical
when the teacher is a computationally expensive cross-encoder (Lin et al., 2021)).

On the other end of the spectrum, even though the exact relevance scores produced by the teacher model do
not impact the loss value (since the loss only considers the order of passages) they still play an important
role in controlling which query-passage pairs will contribute to the loss (term 1{y!(d) > yi(d’)} in the
loss). When the raw scores from the teacher model are used, all pairs contribute to the loss, even when
contrasting two irrelevant passages. This is a source of noise since it enforces the student model to learn the
exact ordering provided by the teacher model between irrelevant passages. To avoid this source of noise, the
original CLDRD work uses labels instead of raw scores (e.g., all irrelevant passages are assigned the same
label; therefore, no comparisons between them are included in the loss computation).

Motivated by this, we follow the pseudo-labeling approach from CLDRD (Zeng et al., |2022). Therefore, to
compute the listwise distillation loss:

o Given a query g, the passage set D, is constructed with respect to the top-k passages in the ranked
list returned by the teacher model (reranking order). In particular, the first K passages in the
ranked list returned by the teacher model are considered positive, the next K’ are considered hard
negatives, and the remaining K" soft negatives.

. yé(d) is a relevance label according to the group, passage d belongs to:

T% iff d is positive
qd

yZ(d) =40 iff d is hard-negative
-1 iff d is soft-negative

To this extent, we proceed with incorporating the curriculum formulation of CLDRD (Zeng et al.| |2022])
in MRL, thus following the exact training setup of CLDRD. The advantages of following this setup are
two-fold: (i) preliminary results showed superior retrieval performance for the case where we employ the
training scheme of CLDRD rather than the one suggested by the original MRL paper (see Section , and
(ii) we create a fair comparison against CLDRD which is the primary competing approach. This approach
allows us to attribute any observed performance increase solely to MRL’s multivariate representations and
not other aspects, such as differences in training data or teacher models. For the remainder of this work,
we will refer to the MRL implementation that utilizes the original training setup as “MRL-Orig”, and the
implementation that utilizes the CLDRD training setup a “MRL-Ours”.

4.4 Query performance prediction

The QPP task (He & Ounis| 2004; 2006; (Carmel & Yom-Tov, [2010)) involves inferring the difficulty of a
given query for a search system without using relevance judgments. We replicate the pre-retrieval QPP
setup in [Zamani & Bendersky] (2023)), evaluating on the TREC-DL 19 and TREC-DL 20 datasets. That is,
we retrieve documents for given a query using a search system, and evaluate using nDCG@10 it to obtain
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a ground-truth assessment of performance. Then, we use a QPP method to predict the performance and
evaluate it against the ground-truth assessment using three correlation measures, Spearman’s correlation,
Pearson correlation and Kendall’s Tau.

The effectiveness of a QPP method is a function of the underlying retrieval system. Since it was unclear
from the original study which system was used to compute the ground truth performance, we experiment
with multiple search systems. We use the results of the MRL model itself to compute the ground truth
performance, which we denote with a % in the results. In addition to the model itself, we experiment with
three retrieval models independent of the MRL model, to measure how well the QPP method generalizes.
We include a traditional lexical retriever (BM25), a simple dense retriever (DPR), and an effective dense
retriever (TAS-B). We utilize the following baselines used in the original study:

e SCQ (Zhao et al., 2008): computes the similarity between a query and the corpus for each query term
based on the frequency of occurrence of the term in the corpus.

« VAR (Carmel & Yom-Tov} [2010): considers the variance or standard-deviation of the term weights of
each query term, based on the documents in which the term occurs.

e IDF (Carmel & Yom-Tov, [2010): is based on the inverse document frequency of each query term.

o PMI (Hauff, 2010): is a predictor that computes the pointwise mutual information, assigning high scores
for frequently co-occurring query terms. Given all possible query term pairs, either the average or the
maximum can be used as the predictor.

For SCQ, VAR, and IDF, the scores are computed at the query term level and then aggregated using either
summing, averaging, or taking the maximum of each score. We report each of these aggregations in the
results.

QPP for MRL. Zamani & Bendersky| (2023) use the norm of the variance |Xg | as the predicted perfor-
mance. However, this results in a counter-intuitive result — a higher uncertainty, which results in a larger
norm, implies higher performance instead of lower. This is counter-intuitive because the predicted variance
should ¢ncrease for queries that are difficult. For instance, a typographical error in the query makes it more
difficult to address than a “clean” query (Sidiropoulos & Kanoulas, |2022; 2024)), leading to lower performance
compared to a clean query. Similarly, an OOD query could also result in poorer performance on average
compared to an ID query. From the QPP perspective, a model should assign lower predicted performance
for these types of queries. In the context of MRL, therefore, it follows that the negative norm —| ¢ | should
be used, which is in line with the intuition described above. In Section [5.2.1] we show that this intuition
holds empirically.

4.5 Implementation details

As mentioned above, we follow the exact training setup as in CLDRD. This setup includes three curriculum
learning iterations with 100K, 50K, and 50K steps for the first, second, and third iterations. The number
of passages for each query is 30. We use 5 positives, 12 hard negatives, and 13 soft negatives for the first
iteration. Similarly, for the second iteration, we use 10, 10, and 10 positives, hard-negatives, and soft-
negatives, respectively, while the third iteration consists of 30 positives only. We have a batch size of 15, the
maximum we can fit in a 40GB A100 GPU. We set the maximum length for queries and passages to 32 and
256 tokens, respectively. We initialize the dense retriever student model with the official TAS-B checkpoint,
and we set as the teacher model the ms-marco-MinilLM-L-6-v2 cross-encoder that is publicly available on
HuggingFace. The learning rate is set to [5 x 1076,1 x 107¢,1 x 107%] for the three iterations using Adam,
and the rate of the linear scheduling with a warm-up is set to 0.1. The [ parameter for softplus is set to
2.5. For MRL, the mean and variance are obtained by passing the CLS token and a VAR token respectively
through fully connected projection layers. The MRL models reported use means and variances projected
down to 383 (= 188 —1).

Since MS-MARCO does not come with a validation set, we split the train set into a validation (6890 queries)
and train set. The parameters above were selected after a hyperparameter search with the validation set
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Table 1: Reproduction results of MRL. The upper part contains the reproduction results, while the lower
part contains the results reported in the original study. MRL-Ours indicates that our proposed training
setup for MRL is being followed, while MRL-Orig. denotes adherence to the training setup outlined in the
original paper. In a fair comparison, MRL fails to outperform the main competing approach, CLDRD.

Model MS MARCO TREC-DL’19 TREC-DL’20 SciFact FiQA TREC-COVID CQADupStack
MRR@10 MAP ‘ NDCG@10 MAP ‘ NDCG@10 MAP ‘ NDCG@10 NDCG@10 NDCG@10 NDCG@10
g DPR 312 319 .649 .345 .625 .356 474 231 .600 .266
g TAS-B .344 .351 721 .396 .685 .430 .643 301 481 313
T’g CLDRD 378 .383 727 .448 .670 .446 .627 .308 .608 327
% MRL-Orig. .255 .261 576 270 534 304 .305 .146 .169 185
= MRL-Ours 375 .380 721 439 .667 438 .605 293 510 .320
E TAS-B .344 351 117 447 .685 455 .643 .300 481 314
i CLDRD .382 .386 725 453 .687 .465 637 .348 571 .327
& MRL .393 402 .738 AT72 .701 479 .683 371 .668 .341

performance used to pick the best model. Refer to Appendix [D] for the full set of hyperparameters. We
use the Tevatron toolkit (Gao et al.,|2023)) to train the models and the pytrec_eval library (Van Gysel &
de Rijke, 2018) to evaluate the retrieval performance. Finally, we our QPP baselines are based on an existing
implementation by Meng et al.| (2023)).

5 Discussion

We organize the discussion section around retrieval experiments in Section the investigation of the
variance vectors in Section and the results of the ablation study in Section

5.1 Reproducing the retrieval results

We start by testing whether we can obtain the results reported in the original study. We report the results
in Table [I} where DPR, CLDRD, and MRL are our implementations of the original methods. We report
results for TAS-B by utilizing the official pre-trained checkpoint, which also serves as CLDRD and MRL
initialization. This way, we can ensure a fair comparison between the different methods. We include the
original numbers in the lower group in Table[I] At this point, we want to underline that for MRL we use the
corrected KL formulation we presented in Section [3] for our experiments. Our decision to do so is grounded
in the belief that the original study’s authors also utilized this formulation in their implementation and that
the formulation with the mathematical error is a typographical mistake in their paper. We arrived at this
conclusion based on our preliminary experiments, which yielded a dramatically low retrieval performance
(i.e., MRR@10 was 0.134 for MS-MARCO) when following the wrong formulation. We therefore conclude
that the authors of the original work could not have obtained the reported state-of-the-art performance this
way.

We first focus on testing whether we are able to replicate the results for CLDRD, the main counterpart of
MRL. As shown in Table [1} our experimental results affirm the state-of-the-art retrieval performance (for
single-vector dense retrievers) of CLDRD. Furthermore, our findings validate the original study regarding
its ability to enhance the performance of TAS-B, both in the ID and OOD scenarios. We consider this a
successful replication despite the slight discrepancy in the results. The reason for not obtaining the exact
same results can be attributed to different development toolkits, hardware, or implementation details not
present in the original work, etc.

Regarding the reproduction of MRL, as shown in Table [, we were unable to yield the same results as the
original study. First and foremost, we notice that following the original training setup for MRL cannot train
an effective retriever (see MRL-Orig. in Table . Specifically, there was a notable discrepancy of 0.138 in
MRR@10 between our replicated model and the original reported values. As discussed in Section the
original training setup contradicts training with knowledge distillation on many levels, and to this extent,
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we suggest following a different one. In Table[I] we showcase that MRL-Ours, which adopts this alternative
training approach, can successfully reduce the gap in performance against the reported MRL to 0.018.

Even with our best-performing MRL, namely, MRL-Ours, we observe a significant drop in performance across
all reported metrics for both the ID and OOD datasets. For instance, in the case of FiQA, our implementation
yielded an NDCG@10 of 0.293, which is significantly lower than the original study’s reported value of 0.371.
Furthermore, we could not find the trends that were reported in the original study. Specifically, the original
study showed that MRL outperformed both TAS-B and CLDRD in ID and OOD scenarios. In contrast, in
our work, MRL achieves similar performance to CLDRD in the ID datasets. A similar trend holds for the
OOD dataset, except for TREC-COVID, where CLDRD outperforms MRL with a substantially higher score
of 0.608 as compared to 0.510 for MRL. Upon comparing MRL with TAS-B, it is noted that MRL either
matches or outperforms TAS-B in the ID datasets, except for TREC-DL 20. However, in the OOD datasets,
MRL surpasses TAS-B only for TREC-COVID and CQADupStack.

We hypothesize that the original results could not be reproduced due to an unfair training/experimental
setting adopted from the original study. Testing this hypothesis would require replicating the same training
and experimental settings used in the original study. However, exact replication of the initial work is not
possible since the original manuscript does not provide the necessary information to facilitate such an effort.
In detail, the original manuscript does not provide vital information such as the best hyper-parameters (e.g.,
learning rate, softplus 3, number of training steps), the cross-encoder model that was used as a teacher,
as well as the number of soft and hard negative passages per query in a batch. Additionally, it reports
an extremely large batch of 512, which is unattainable within the limitations of an academic GPU budget.
Furthermore, the training setup followed in the original study differs from that used by the primary competing
approach, CLDRD (in Section we showcase that the original training setup can not produce an effective
dense retriever).

On the contrary, in our reproducibility work, we build a training and experimental setting that facilitates
fair comparisons of MRL against the baseline model. When comparing our implementation of MRL against
CLDRD, any performance difference can be attributed only to MRL’s approach to representing queries and
passages as distributions since our implementation follows CLDRD’s training setup. From our experimental
results, we can safely conclude that although MRL is a competitive approach, the multivariate representations
do not boost the retrieval performance. Furthermore, we unveil that MRL cannot consistently outperform
its counterparts when evaluated under fair comparisons. Different from CLDRD, MRL produces a variance
that can be utilized in downstream tasks. We investigate this predicted variance in the following section.

5.2 Analyzing the variance

We analyze the predicted variance in three experiments: query performance prediction experiments (Section
, experiments with typos, and retrieval experiments with alternate encoding schemes in Section
The first is a replication of the QPP experiments outlined in the original paper, while the latter two are
additional analysis. We perform this analysis on MRL-Ours, our best-performing MRL model.

5.2.1 Query performance prediction

The results for the QPP experiments are plotted in Figures [I] and 2] We also report the MRL results
separately in Table which also includes the reported numbers in|Zamani & Bendersky|(2023]). As mentioned
previously, we utilized four different reference models because the original study did not report which model
was used, and also to see if MRL generalizes to different reference models. We remind the reader that for
MRL, in contrast with the original work, we use the negative norm (using the norm flips the signs of the
correlation) — intuitively, a higher uncertainty should result in lower performance (see Section .

From Table 2] we were unable to reproduce the numbers for MRL reported in the original paper, with
any of the reference models. While we do achieve higher than reported correlations for TREC-DL 20 with
BM25, we note that MRL fails to generalize to TREC-DL 19. This observation is flipped for DPR, where
MRL performs well for TREC-DL 19 but not TREC-DL 20. For TA-B and DPR, we see that MRL is more
consistent. But how does MRL compare with the baselines?

10
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Table 2: QPP results for MRL for four different reference models. While MRL does perform well for TREC-
DL 20 for BM25, it fails to do so for TREC-DL 19. The opposite is true for DPR. For both TAS-B and
MRL reference models, MRL is more consistent but fails to reach the reported performance (bottom row).
Furthermore, as is evident from Figures[I] and [2, MRL is outperformed by simple baselines.

TREC-DL 19 TREC-DL 20
S-p P-p K| Sp Pp K7
BM25 024 030 .032 | .308 .313 .203
= DPR 222 190 158 | -.075 -.011 -.045
= TAS-B 124 190 075 | 139 155 .093
MRL 105 170 .068 | .170 .200 .113
MRL (reported) - 271 259 | - 272 298

MRL 0.124 0. 0.030 0.075 .158 0.068 - 0.30

VAR-std-sum 0.177 0.251 0.104 0.105

VAR-std-max 0.150 [-04 . 0.093 0.079

VAR-var-sum 0.180 0.102 0.090

VAR-var- 1 093 079
var-max 0.150 0.093 0.07 020
VAR-std-avg 0.080 0.058

VAR-var-avg 0.122 0.084
0.15
PMl-avg 0.259 2 X 0.2 0.189

PMI-max 0.232

0.10
PMl-sum 0.285 0.282

IDF-std 0.239 0.031

0.05
IDF-avg. 0.102 0.080 0.018

IDF-max .22 0.049 00 0.029

10F-sum [EORETY Y 0236 0.085 0.155 000

SCQ-avg -0.108 -0.116 - - - 0.242 -0.096 -0.065 0.011
0.1

SCQ-sum 0.006 0.087 0.243 0.091 0.006 0.169 ~0.05

SCQ-max 0.000 - 4 0.250 -0.081

-0.001 0.029

Figure 1: QPP results for TREC-DL 19 for four reference models (x-axis) and several methods (y-axis). Each
subplot corresponds to a different correlation metric: Spearman’s (S-p), Pearson’s (P-p), and Kendall’s Tau
(K-7) correlations. MRL is outperformed by simple baselines regardless of the reference model or metric.

Figure [1| contains results for TREC-DL 19, with each subplot corresponding to the three metrics we used.
Comparing the MRL (top row) with the other methods, we notice that a simple baseline outperforms MRL
for each metric regardless of the reference metric. In particular, at least one variant of the PMI baseline
outperforms MRL. We remind the reader that these baselines are simple, non-parametric methods that use
statistics derived from the corpora to compute the query difficulty.

For TREC-DL 20, the results are more encouraging. We observe similar trends for three reference models
BM25, TAS-B and DPR, with MRL outperformed by at least one baseline (PMI, VAR, IDF). However, if
the reference model is MRL itself, we observe that MRL achieves similar performance, or even beats every
other baseline for one metric (K-7).

In these experiments, we investigate the degree to which the MRL framework captures the notion of uncer-
tainty by measuring a proxy — query difficulty. Intuitively, this suggests that for some datasets and reference
models, higher uncertainty was indeed assigned to difficult queries. However, the positive correlation is not
consistent. MRL fails to generalize to different reference models and datasets, achieving random correlation
in many settings.

Furthermore, even the positive correlations are typically weak, and MRL is outperformed by simple non-
parametric baselines in most comparisons. The lack of consistent and strong correlations suggests that MRL
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BM25 TAS-B DPR MRL BM25 TAS-B DPR MRL BM25 TAS-B DPR MRL

MRL -0.075 0.170 0.155 0.113

VAR-std-sum 0.153 0.109 (B 0.076 03

-04

VAR-std-max 0.059 0.167 0.166 = 0.4 0.108

VAR-var-sum 0.023 0.118 0.211 0.071

VAR-var-max 0.059 0.167 0.3 0.160 0.108

VAR-std-avg. 0.120 0.019 -0.001 0.004

VAR-var-avg -0.091 0.054 0.051 0.025

PMl-avg 0.185 0.071 0.108 0.246 0.2 0.044 0.074

PMI-max 0.160 0.091 0.061 0.281 0.066 0.052 0.1

PMl-sum -0.056 0.204 0.140 0.198 0.152 0.101

IDF-std -0.029 0.116 0.104

-0.024 0.076

IDF-avg. 0.125 0.010 0.044 0.076 0.011
0.0

IDF-max 0.009 0.099 0.0 y 0.078 -0.002 00

IDF-sum - 0.164 0.100 -0.002 0.140

SCQ-avg 0. 0.021 -0.037 -0.085 0.167 -0.146 01
0.1

SCQ-sum - 0.042 0.185 0.062

-0.165 0.109

0.1

SCQ-max -0.12 0.148 0.052 -0.051 -0.096 0.079

Figure 2: QPP results for TREC-DL 20. Simple lexical baselines outperform MRL when the reference is
BM25, TAS-B, or DPR. With MRL itself as the reference, MRL achieves similar or better performance.

is unlikely to be a strong and consistent predictor of query difficulty in our experimental setup. Motivated
by these results, we explore what the predicted variance captures in the next section.

5.2.2 Does MRL capture uncertainty?

We outline two additional experiments investigating the predicted variance beyond the original paper: (a)
contrasting the predicted variance of corrupted and clean data and (b) experimenting with alternate encoding
schemes.

Experiments with typographical errors. Here, we consider an analog to the QPP experiments above,
but instead of retrieval difficulty, we examine if the model is sensitive to data distribution shifts instead.
Inspired by several works in the vision domain (e.g., [Warburg et all, 2021} 2023)), we argue that a model
should assign higher variance to corrupted or OOD data compared to clean or ID data.

We experiment with the DL-Typo (Zhuang & Zuccon| 2022)) dataset that contains 60 query pairs accompanied
by their relevance assessments. Each pair consists of a real user query with typographical errors and its
corresponding version where these errors have been corrected. For instance, the corrupted query “what is
acid reflex” and its typo-free version “what is acid reflux”. Given these data, we compute the norms of the
predicted variance and plot their distributions. If the model does indeed model uncertainty accurately, we
expect (a) clean data should be assigned lower variance compared to corrupted data (b) the distributions
of the clean and corrupted data are well separated (c) the differences between the clean and corrupted data
ie., | Zeean | — | Zcorrupted |, should be negative.

We plot these distributions in Figure [} We note while we expected more variance to be assigned to the
corrupted data, the opposite is true. While there is some separation observed between the two distributions
— the distribution of the corrupted data is to the left of the clean data. The right plot underscores this result,
as the | Xciean | — | Leorrupted | distribution is mostly positive. This suggests that contrary to expectation,
the model predicts a higher variance for clean data. We expand on this analysis by examining the role of
the predicted variance in retrieval relevance.

Encoding. MRL produces both a mean and variance for queries and documents. In Table [} we reported
retrieval results using the encoding scheme which enables retrieval using the KL divergence i.e., documents
are encoded and indexed with Equation and queries with Equation If the variance only captures
uncertainty, we argue that the difference in retrieval performance when only the mean is used should not be
much lower than this encoding scheme. However, as we show in Table [3] this is not true. Comparing the
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Figure 3: Uncertainty of clean and corrupted data: We plot the distributions of the norm of the predicted
variance of the clean and corrupted data on the left. MRL assigns lower uncertainty to the corrupted data
compared to the clean data. On the right, we plot the distribution of | Xcean | — | Zcorrupted |, which is
positive. Contrary to expectations, MRL fails to assign higher uncertainty to corrupted data.

Table 3: Performance of different encoding schemes for the MRL model. The first row uses the original
equations proposed in the original paper, whereas the second row includes our corrections.

Encoding MS MARCO TREC-DL’19 TREC-DL’20  SciFact FiQA  TREC-COVID CQADupStack
MRR@10 MAP ‘ NDCG@10 MAP ‘ NDCG@10 MAP ‘ NDCG@10 NDCG@10 NDCG@10 NDCG@10

Zamani & Bendersky| (2023 134 140 347 109 340 134 014 056 132 .099

Eq. &

Ours (Eq. [11]&[12} 375 380 721 439 667 438 605 293 510 320

Mean 242 248 562 251 493 233 291 142 115 174

encoding scheme (second row) with using just the mean (third row), we see that performance drops sharply
across all datasets.

The performance drop could be explained partly due to the way the models were trained. Since the full KL
loss (EquationE[) was used in training the model, it may not be equipped to perform retrieval using just the
mean. However, intuitively, we expect the mean to model relevance and variance to model uncertainty, which
means that the retrieval performance should not be drastically different when only the mean is utilized for
retrieval. The drastic drop suggests that the model may be instead utilizing the predicted variance vectors
as a signal for relevance. This is the core difference between a method such as MRL and a Bayesian method:
variance in MRL is not statistical variance, i.e., it does not express deviation from the mean prediction.
Instead, variance in MRL is a deterministically estimated quantity that minimizes a distance objective.

In this section, we examined if the MRL model consistently predicts a variance that reflects a notion of
uncertainty defined by either query difficulty or sensitivity to data distribution shifts. We find that the QPP
results are inconsistent, and the model against initial expectations assigns a higher uncertainty to corrupted
data. In addition, experiments with encoding using only the mean suggest that the variance seems to model
relevance since performance drops drastically when only the mean is used for retrieval.

5.3 Ablation study

Even though the MRL performance reported in the original paper is non-reproducible, MRL remains a frame-
work that can produce a highly effective dense retriever. MRL consists of several components: multivariate
representations, knowledge distillation, model initialization from a pre-trained dense retriever, and a batch
construction strategy. Thus, it needs to be made clear how much each component impacts effectiveness.

13
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Table 4: Ablation study on the different sources of performance improvements in the MRL framework. The
first row indicates MRL following our training setup, while the last row is MRL with the original setup.
Performance is greatly influenced by the initialization (TAS-B), the loss (Listwise KD), as well as how the
training batch is constructed.

MS MARCO TREC-DL’19 TREC-DL’20 SciFact FiQA TREC-COVID CQADupStack
MRR@10 NDCG@10 NDCG@10 NDCG@10 NDCG@10 NDCG@10 NDCG@10

MRL-Ours

Multivariate representation

TAS-B

Listwise KD 375 721 667 .605 .293 510 .320

Teacher constructs the batch

Teacher pseudolabels

- Multivariate representation

+ Vector representation 378 727 670 627 .308 .608 327

(i.e., CLDRD)

- TAS-B

P, ‘ 349 684 650 ‘ 539 263 551 307

- Teacher constructs the batch %

| oncher constructs the br ‘ 331 681 659 ‘ 461 224 402 272

- Listwise KD ‘ 328 629 644 ‘ 498 245 473 268

+ Cross-entropy

- TAS-B

- Listwise KD

- Multivariate representation 315 636 631 494 244 574 280

+ DistilBERT ) ) ) ! ) ) :

+ Cross-entropy
+ Vector representation

- Teacher constructs the batch
- Teacher pseudolabels

+ Teacher raw scores .255 576 534 .305 .146 169 185
+ Qrels & negative mining
(i.e., MRL-Orig.)

The original paper of [Zamani & Bendersky| (2023) lacks a thorough ablation study that unveils each one’s
importance. To understand how each component affects the retrieval results, we experiment with several
MRL variants. The ablations are performed on the MRL-Ours model, the best-performing MRL we could
obtain and results are reported in Table [4}

Multivariate representations. MRL represents queries and passages as multivariate distributions and uses
negative multivariate KL divergence to compute similarity. First and foremost, we want to understand how
much the multivariate representations contribute to the overall effectiveness of the retriever. In order to test
this, we conduct an experiment where we substitute multivariate representations with vector representations
and compute similarity via the dot product. We find that multivariate representations do not lead to a
higher retrieval performance; in contrast, we observe a small decrease in performance when utilized.

Model initialization. An important question regarding MRL’s retrieval performance is how much it will
degrade if not initialized with a pre-trained TAS-B checkpoint. To test this, we use DistilBERT as the
initialization instead. When comparing the first two rows in Table [d] we see that it is possible to train a
competitive model with a DistilBERT initialization; however, it cannot achieve state-of-the-art performance.

Training batch construction. We explore different approaches for constructing the training batch, namely,
using the teacher model to produce the data vs. obtaining it through the ground-truth query relevance
judgments (i.e., grel file) and negative mining; positive passages come from human judgments, while negative
passages are retrieved from BM25 and an asynchronous ANN index (see Section . The former is often
used alongside knowledge distillation training since it can overcome the sparsity issue of the ground-truth
query relevance judgments files by relying only on the teacher’s signal. The latter is commonly used in
combination with a softmax cross-entropy loss. Our results in Table 4| (comparing the first with the third
row) indicate that relying on human judgments and negative mining for constructing the training data
decreases performance significantly.

Training strategy. Besides training with knowledge distillation, MRL can be trained with supervised
contrastive learning by minimizing a softmax cross-entropy loss. We test this alternative and find that

14
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Table 5: MRL Variant: LogVar vs Softplus: LogVar performs similarly to Softplus, both for the MRL model
and MRL without distillation (denoted as MRL (-LKD 4 CE)), but with no hyperparameter tuning required.

Model MS MARCO TREC-DL’19 TREC-DL’20  SciFact FiQA  TREC-COVID CQADupStack
MRRG@I0 | NDCG@L0 | NDCG@l0 | NDCG@l0 NDCG@l10 NDCG@10 NDCG@10
o  MRL 375 721 .667 .605 .293 510 .320
%OK“Q MRL (-LKD +CE) .328 .629 .644 .498 .245 473 .268
AT MRL 372 714 673 .610 .299 510 321
N MRL (-LKD +CE) .330 641 647 523 241 342 1265

following a knowledge distillation training scheme is crucial for training an effective retriever. This result is
in line with recent works in dense retrieval that have shown the superiority of knowledge distillation training
over supervised contrastive learning (Hofstatter et al., |2021} |Lin et al., [2021)).

MRL-Ours vs. MRL-Orig. When training with knowledge distillation, the teacher’s relevance judgments
can be either pseudo-labels or raw scores (controlling term 1{y}(d) > yi(d’)} in Equation . Focusing on
the first, fourth, and last rows in Table [4] we can see the catastrophic effect of using raw scores. This low
performance is strongly related to the fact that the loss term, which controls pairs will contribute to the
loss, is bypassed when raw scores are utilized. As a result, all possible pairs, including those of irrelevant
passages, contribute to the loss computation, forcing the student model to match the exact ordering the
teacher model provides between irrelevant passages (see Section for more information).

At this point, we want to underline that MRL-Ours consists of training with a listwise knowledge distillation
loss with pseudo-labels for teacher judgments, using the cross-encoder teacher to construct the batches, and
TAS-B initialization. In contrast, MRL-Orig. follows the original MRL paper that suggests constructing
the batches via the ground-truth query relevance judgments and negative mining (BM25+ANN) and using
raw scores as the judgments from the teacher model. Our experiments have revealed that adhering to the
original MRL training setup leads to dramatically low retrieval performance. This was an expected outcome
because, firstly, the training setup does not align with knowledge distillation training, and secondly, we have
empirically demonstrated that relying on ground-truth query relevance judgments and negative mining for
batch construction, as well as depending solely on raw teacher scores, performs worse than their alternatives.

5.4 Simple extension to reduce the hyperparameter search space

The MRL model proposed by [Zamani & Bendersky| (2023)) utilizes a softplus activation function to ensure
that the predicted covariance matrix remains positive semi-definite. The authors suggest treating the
parameter in the softplus function (Softplus(z) = % x log(1 + exp(B * z))) as a hyperparameter. They note
however, that the retrieval performance is robust to 5. We propose a simple extension that renders searching
for this hyperparameter unnecessary by predicting the log (co-) variance instead. Then (when required) this
log quantity is exponentiated before it is used to compute the loss. We term this model “LogVar” in Table

Bl

We train LogVar models both with and without distillation, and observe that the LogVar models achieve
similar performance across datasets and metrics. We also conducted an ablation with different initializations
and observe the same trend. In essence, the LogVar model provides similar results to the Softplus model
without requiring an additional hyperparameter.

5.5 Limitations of our study

While we attempted a faithful replication, there were a handful of factors that limited the scope of our work.
In this section we outline these limitations and our best efforts to mitigate them.

Lack of details and communication. As mentioned previously, our reproducibility effort was hampered
by a lack of critical details such as the composition of the batches used while training the model, or which
underlying cross-encoder was used as a teacher. We attempted to reach out to the authors for these missing
details, but received no response. Therefore, it is unclear whether the impressive performance improvements
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reported in the original paper are the result of some crucial implementation detail that was omitted. How-
ever, we tried to mitigate this limitation through erhaustive experimentation. The most promising part
of that experimentation is presented in our ablation study, but it still constitutes about 10% of all model
configurations that we attempted in order to get closer to the reported performance.

Hyperparameter search. Our access to realistic hardware resources allowed us to perform hyperparameter
search only on the models in Table [I] and the model using cross-entropy without distillation in Table [d] We
outline these hyperparameters in Appendix Dl However, we note that the model performance is quite robust
to the choice of hyperparameters in our initial experiments — mitigating this limitation to an extent.

Batch size. As mentioned in Section we limited the batch size to 15, which was the maximum batch
size possible on one GPU. This is in contrast to the original batch size of 512. However, we note that (a) ex-
periments with more GPUs led to similar results (b) limiting to a batch size of 15 across all models makes it a

fair comparison, especially given the impact of batch size on downstream retrieval performance (Sidiropoulos
et al.l 2021} |Gao et al., [2021)).

6 Conclusion

In this paper, we reproduce the multivariate representation learning framework by |[Zamani & Bendersky
(2023). After addressing an error in the original paper’s derivations, we show that in a fair comparison,
MRL fails to outperform baseline models during retrieval, both for in- and out-of-domain datasets. While
MRL does not outperform baselines, we maintain that it still remains a competitive retrieval model. We also
conduct an extensive analysis of the predicted variance. Against our expectations, our analysis reveals that
the variance vectors do not consistently express uncertainty. In contrast to the original paper, we conduct
a thorough ablation study, investigating the impact of the different components of the MRL framework: (i)
multivariate representations, (ii) distillation, and (iii) model initialization. Through this study, we conclude
that while the multivariate representation part does not harm performance, distillation is likely the primary
source of improvement.

While we are unable to reproduce the results, we maintain that the ideas in the original paper are very
valuable to the community. Prior to this paper, uncertainty was only utilized in ranking, not first-stage
retrieval. The decomposition of the KL divergence as a dot-product enables incorporating uncertainty in
first stage retrieval. This implies that any model that produces a distribution for queries/passages can
be used in this framework, even if it was not trained with the objective function outlined in the paper —
this is a promising direction of future research. Future work could further consider incorporating document
uncertainty to the framework, e.g., for post-retrieval QPP.

16



Under review as submission to TMLR

References

David Carmel and Elad Yom-Tov. Estimating the Query Difficulty for Information Retrieval. Synthesis
Lectures on Information Concepts, Retrieval, and Services. Morgan & Claypool Publishers, 2010.

Sanghyuk Chun, Seong Joon Oh, Rafael Sampaio de Rezende, Yannis Kalantidis, and Diane Larlus. Prob-
abilistic embeddings for cross-modal retrieval. In IEEE Conference on Computer Vision and Pattern
Recognition, (CVPR), 2021.

Daniel Cohen, Bhaskar Mitra, Oleg Lesota, Navid Rekabsaz, and Carsten Eickhoff. Not all relevance scores
are equal: Efficient uncertainty and calibration modeling for deep retrieval models. In ACM SIGIR
Conference on Research and Development in Information Retrieval, 2021.

Nick Craswell, Bhaskar Mitra, Emine Yilmaz, Daniel Campos, and Ellen M Voorhees. Overview of the trec
2019 deep learning track. arXiv preprint arXiv:2003.07820, 2020.

Nick Craswell, Bhaskar Mitra, Emine Yilmaz, and Daniel Campos. Overview of the trec 2020 deep learning
track. arXiv preprint arXiv:2102.07662, 2021.

Yulan Feng, Shikib Mehri, Maxine Eskénazi, and Tiancheng Zhao. "none of the above": Measure uncertainty
in dialog response retrieval. In Proceedings of the 58th Annual Meeting of the Association for Computational
Linguistics, ACL, 2020.

Yarin Gal and Zoubin Ghahramani. Dropout as a bayesian approximation: Representing model uncertainty
in deep learning. In Proceedings of the 33nd International Conference on Machine Learning, (ICML),
2016.

Luyu Gao, Yunyi Zhang, Jiawei Han, and Jamie Callan. Scaling deep contrastive learning batch size un-
der memory limited setup. In Proceedings of the 6th Workshop on Representation Learning for NLP,
RepL4NLP@ACL-1JCNLP, 2021.

Luyu Gao, Xueguang Ma, Jimmy Lin, and Jamie Callan. Tevatron: An efficient and flexible toolkit for neural
retrieval. In Proceedings of the 46th International ACM SIGIR Conference on Research and Development
in Information Retrieval, (SIGIR), 2023.

Claudia Hauff. Predicting the effectiveness of queries and retrieval systems. SIGIR Forum, 44, 2010.

Ben He and Tadh Ounis. Inferring query performance using pre-retrieval predictors. In String Processing
and Information Retrieval, SPIRE, 2004.

Ben He and Tadh Ounis. Query performance prediction. Information Systems, 31(7):585-594, 2006.

Maria Heuss, Daniel Cohen, Masoud Mansoury, Maarten de Rijke, and Carsten Eickhoff. Predictive
uncertainty-based bias mitigation in ranking. In Proceedings of the 32nd ACM International Conference
on Information and Knowledge Management, (CIKM), 2023.

Sebastian Hofstéatter, Sheng-Chieh Lin, Jheng-Hong Yang, Jimmy Lin, and Allan Hanbury. Efficiently
teaching an effective dense retriever with balanced topic aware sampling. In ACM SIGIR Conference on
Research and Development in Information Retrieval, 2021.

Doris Hoogeveen, Karin M. Verspoor, and Timothy Baldwin. Cqadupstack: A benchmark data set for
community question-answering research. In Proceedings of the 20th Australasian Document Computing
Symposium (ADCS), ADCS ’15, 2015.

Jeff Johnson, Matthijs Douze, and Hervé Jégou. Billion-scale similarity search with gpus. IEEE Transactions
on Big Data, 7(3):535-547, 2021.

Vladimir Karpukhin, Barlas Oguz, Sewon Min, Patrick S. H. Lewis, Ledell Wu, Sergey Edunov, Danqi Chen,
and Wen-tau Yih. Dense passage retrieval for open-domain question answering. In Proceedings of the 2020
Conference on Empirical Methods in Natural Language Processing, (EMNLP), 2020.

17



Under review as submission to TMLR

Sheng-Chieh Lin, Jheng-Hong Yang, and Jimmy Lin. In-batch negatives for knowledge distillation with
tightly-coupled teachers for dense retrieval. In Proceedings of the 6th Workshop on Representation Learning
for NLP, RepL{NLP@QACL-IJCNLP 2021, Online, August 6, 2021, 2021.

Macedo Maia, Siegfried Handschuh, André Freitas, Brian Davis, Ross McDermott, Manel Zarrouk, and
Alexandra Balahur. Www’18 open challenge: Financial opinion mining and question answering. In Com-
panion Proceedings of the The Web Conference 2018, 2018.

Chuan Meng, Negar Arabzadeh, Mohammad Aliannejadi, and Maarten de Rijke. Query performance pre-
diction: From ad-hoc to conversational search. In Proceedings of the 46th International ACM SIGIR
Conference on Research and Development in Information Retrieval, pp. 25832593, 2023.

Tri Nguyen, Mir Rosenberg, Xia Song, Jianfeng Gao, Saurabh Tiwary, Rangan Majumder, and Li Deng.
MS MARCO: A human generated machine reading comprehension dataset. In NeurIPS Workshop on
Cognitive Computation: Integrating neural and symbolic approaches, 2016.

Victor Sanh, Lysandre Debut, Julien Chaumond, and Thomas Wolf. Distilbert, a distilled version of BERT:
smaller, faster, cheaper and lighter. CoRR, abs/1910.01108, 2019.

Georgios Sidiropoulos and Evangelos Kanoulas. Analysing the robustness of dual encoders for dense retrieval
against misspellings. In SIGIR ’22: The 45th International ACM SIGIR Conference on Research and
Development in Information Retrieval, 2022.

Georgios Sidiropoulos and Evangelos Kanoulas. Improving the robustness of dense retrievers against typos
via multi-positive contrastive learning. In Advances in Information Retrieval - 46th European Conference
on Information Retrieval, (ECIR), 2024.

Georgios Sidiropoulos, Nikos Voskarides, Svitlana Vakulenko, and Evangelos Kanoulas. Combining lexical
and dense retrieval for computationally efficient multi-hop question answering. In Proceedings of the Second
Workshop on Simple and Efficient Natural Language Processing, SustaiNLPQEMNLP, 2021.

Christophe Van Gysel and Maarten de Rijke. Pytrec_eval: An extremely fast python interface to trec_ eval.
In SIGIR. ACM, 2018.

Ellen Voorhees, Tasmeer Alam, Steven Bedrick, Dina Demner-Fushman, William R Hersh, Kyle Lo, Kirk
Roberts, Ian Soboroff, and Lucy Lu Wang. Trec-covid: constructing a pandemic information retrieval test
collection. In ACM SIGIR Forum, volume 54, 2021.

David Wadden, Shanchuan Lin, Kyle Lo, Lucy Lu Wang, Madeleine van Zuylen, Arman Cohan, and Han-
naneh Hajishirzi. Fact or fiction: Verifying scientific claims. In Proceedings of the 2020 Conference on
Empirical Methods in Natural Language Processing (EMNLP), 2020.

Jun Wang and Jianhan Zhu. Portfolio theory of information retrieval. In ACM SIGIR Conference on
Research and Development in Information Retrieval, 2009.

Frederik Warburg, Martin Jergensen, Javier Civera, and Sgren Hauberg. Bayesian triplet loss: Uncertainty
quantification in image retrieval. In IEEE/CVF International Conference on Computer Vision, (ICCV),
2021.

Frederik Warburg, Marco Miani, Silas Brack, and Sgren Hauberg. Bayesian metric learning for uncertainty
quantification in image retrieval. In Advances in Neural Information Processing Systems (NeurIPS), 2023.

Hamed Zamani and Michael Bendersky. Multivariate representation learning for information retrieval. In
ACM SIGIR Conference on Research and Development in Information Retrieval, 2023.

Hansi Zeng, Hamed Zamani, and Vishwa Vinay. Curriculum learning for dense retrieval distillation. In
SIGIR ’22: The 45th International ACM SIGIR Conference on Research and Development in Information
Retrieval, 2022.

18



Under review as submission to TMLR

Ying Zhao, Falk Scholer, and Yohannes Tsegay. Effective pre-retrieval query performance prediction using
similarity and variability evidence. In Furopean Conference on IR Research, ECIR, 2008.

Jianhan Zhu, Jun Wang, Ingemar J. Cox, and Michael J. Taylor. Risky business: modeling and exploit-
ing uncertainty in information retrieval. In ACM SIGIR Conference on Research and Development in
Information Retrieval, 2009.

Shengyao Zhuang and Guido Zuccon. Characterbert and self-teaching for improving the robustness of dense
retrievers on queries with typos. In SIGIR ’22: The 45th International ACM SIGIR Conference on
Research and Development in Information Retrieval, 2022.

19



Under review as submission to TMLR

A Dot product formulation in the original paper

We include the original dot product formulation below of the KL divergence for completeness. Consider the
term tr{X}' ©g}, the source of the error. |Zamani & Bendersky| (2023) formulate this as:

k
Hl l(j2

tr{Xp Lyol = .
{ Q} H7 10—12D

(14)

This differs from our version in Equation [} This error is propagated throughout the next steps. The KL
formulation becomes:

I, "fQ T ZMZQuzD (2
KLD(Q||D) = Zlog ol + T + Z o Z Z =2 (15)
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The equivalent dot product formulation, after taking the negative of the equation algove gives us the original
formulation (Equation (14) in |Zamani & Bendersky| (2023), with signs flipped for d):

k
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where vp is equlvalent in our formulation i.e., Equation Here, q,cf e RY>XCk+1) and ¢7 - d is equal to

Equation Note that the final vector for d the signs are flipped because we want to obtain the negative
KL.

B Dot product formulation of full KL divergence

We start from the unsimplified version of Eq. 8] that includes constants:

k k

2
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i=1 'D

To formulate it as a dot product, we use the definition of the document prior, vp, from Eq.[I0 but further
define vq as:

k
= Zlog aizQ. (19)
i=1

Then we can extend the vector representations in Eq. [11]and Eq. @ to include vq:

q/:|:177Q7U%Qa-~-7UI%QaH§Qa---7/”'2Q7M1Qa-~'7/’“€Q:|a (20)
- 1 1 1 1 2 2
d = 7D717T7"'aTaT7"'aTa_ N/QlDa"w_ /’;kD ’ (21)
JlD O—k‘D UlD O—kJD O—lD O—kD
where ¢/,d’ € R1*3*+2) Then,
1 -
KLD(@QID) = (7" - & F). 22)

should precisely yield the KL divergence between the distributions of @ and D, as defined in Eq. 4]
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Table 6: Statistics and Description of Evaluation Datasets. Number of tokens for average query/document
lengths were computed based on the distilbert-base-uncased tokenizer.

Name Domain #q #p avg. q length avg. p length
MS MARCO Dev Miscellaneous 6,890 8,841,823 9.01 76.97
a TREC-DL 19 Miscellaneous 43 8,841,823 9.02 76.97
TREC-DL 20 Miscellaneous 54 8,841,823 9.22 76.97
Scifact Scientific Document Retrieval 300 5,183 22.84 315.65
g FiQA Financial QA 648 57,638 15.59 177.11
© TREC-COVID Biomedical document retrieval 50 171,332 18.04 224.78
CQADupStack Community QA retrieval 13,145 457,199 13.55 248.73

Table 7: Hyperparameter search space for DPR (LR), CLDRD (LR) and MRL (LR, ). The best parameters
were: MRL(8 = 2.5, LR =[5 x 107%,1 x 1075,1 x 107%]), CLDRD (LR = [7 x 107¢,3 x 107%,3 x 107])
and DPR (LR =17 x 1079).

Parameter Values

1x107% 1x107%, 1% 1079,
3x1076, 5x107%, 7x 106
8 0.5,1,2.5,7.5

Learning Rate (LR)

C Datasets

In Table [6] we present the statistics of the datasets. Here, “p” and “q” indicate questions and passages,
respectively. The length is in tokens.

D Hyperparameters

In Table [7] we detail our hyperparameter search space used throughout our experimental setup.
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