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Abstract

Dense retrieval has emerged as the leading approach in in-
formation retrieval, aiming to find semantically relevant doc-
uments based on natural language queries. Given that a sin-
gle document can be retrieved by multiple distinct queries,
existing methods aim to represent a document with multi-
ple vectors. Each vector is aligned with a different query
to model the many-to-one relationship between queries and
documents. However, these multiple vector-based approaches
encounter challenges such as Increased Storage, Vector Col-
lapse, and Search Efficiency. To address these issues, we in-
troduce the Distribution-Driven Dense Retrieval framework
(DDR). Specifically, we use vectors to represent queries and
distributions to represent documents. This approach not only
captures the relationships between multiple queries corre-
sponding to the same document but also avoids the need
to use multiple vectors to represent the document. Further-
more, to ensure search efficiency for DDR, we propose a dot
product-based computation method to calculate the similarity
between documents represented by distributions and queries
represented by vectors. This allows for seamless integration
with existing approximate nearest neighbor (ANN) search al-
gorithms for efficient search. Finally, we conduct extensive
experiments on real-world datasets, which demonstrate that
our method significantly outperforms traditional dense re-
trieval methods.

Code — https://github.com/tojunfeng/DDR

Introduction
Dense retrieval aims to search for semantically relevant doc-
uments given a natural language query. These approaches
(Lee, Chang, and Toutanova 2019; Karpukhin et al. 2020;
Qu et al. 2021) involve transforming the input documents
and queries into dense vectors, and then performing infor-
mation retrieval by calculating the similarity between these
vectors. Various methods such as pre-training (Gao and
Callan 2021; Wang et al. 2023), negative sample mining
(Xiong et al. 2021; Qu et al. 2021), and knowledge distil-
lation (Ren et al. 2021; Santhanam et al. 2022) have been
proposed and have made great progress.

*Corresponding Author.
Copyright © 2025, Association for the Advancement of Artificial
Intelligence (www.aaai.org). All rights reserved.

Figure 1: (a) The single vector approach represents query
and document with a single vector, subsequently aligning
the query vector with the relevant document vector. (b) The
multi-view approach involves splitting the document into
multiple vector representations, each aligning with different
queries. (c) Our method is capable of capturing the relation-
ships between multiple queries corresponding to the same
document by representing queries as vectors and documents
as distributions.

Despite effectiveness, these methods face a challenge
where multiple different queries retrieve the same document.
As depicted in Figure 1(a), queries Q1, Q2, and Q3 all re-
trieve the same document Doc A. This many-to-one relation-
ship makes it challenging for a document represented by a
single vector to effectively align with all relevant query vec-
tors. As a result, the previous single vector-based methods
have somewhat lost their effectiveness. To address this prob-
lem, researchers have observed that queries and documents
exhibit the following characteristics (Tang et al. 2021; Zhang
et al. 2022; Luan et al. 2021): 1) Documents are typically
longer and contain more semantic information compared to
queries; 2) A query usually corresponds to a segment of the
target document, and one document can be retrieved by dif-
ferent queries. Consequently, they have proposed a multi-
view approach to mitigate this issue. Specifically, they have
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opted for representing a document with multiple vectors (as
illustrated in Figure 1(b)). This strategy ensures that each
vector captures distinct semantic details of the document,
aligning it with different queries.

Although employing multiple vectors to represent docu-
ments can partially address this issue, it still faces several
problems: (1) Increased Storage: In practical retrieval sce-
narios, the storage cost for indexing all documents is al-
ready substantial. Using multiple vectors to represent a sin-
gle document can multiply the storage requirements. For in-
stance, the storage space required by MVR (Zhang et al.
2022) is eight times greater than that of single-vector meth-
ods. (2) Vector Collapse: The training data annotations are
quite sparse, with most documents in the dataset correspond-
ing to only one labeled query. This sparsity of labeled data
increases the risk that multiple learned vectors for a given
document will collapse into nearly identical representations
(Luan et al. 2021; Liao et al. 2023). (3) Search Efficiency:
Multi-vector methods require interactions between multiple
vectors from the query and the document (e.g., MaxSim) to
determine the similarity scores, resulting in higher retrieval
latency compared to single-vector methods. For instance,
even though ColBERT (Khattab and Zaharia 2020) intro-
duces a two-stage retrieval approach to optimize retrieval
efficiency, its latency is over 100 times greater than single-
vector methods (Li et al. 2023).

Given that these problems of multi-vector methods arise
from using multiple vectors to model a single document,
a natural question arises: How can we address the phe-
nomenon where multiple queries retrieve the same docu-
ment without using multiple vectors? Inspired by the re-
search on word embeddings (Vilnis and McCallum 2014;
Athiwaratkun and Wilson 2017), we employ vectors to rep-
resent queries and distributions to represent documents. This
novel modeling approach brings us the following benefits:
1) based on the correspondence between vectors and dis-
tributions, it can capture the relationships between multiple
queries corresponding to the same document, thereby en-
hancing retrieval efficiency; 2) by modeling documents as
distributions, we circumvent the need to model a single doc-
ument as multiple vectors, thus avoiding issues such as In-
creased Storage and Vector Collapse.

While the distribution-based method in dense retrieval
has brought about certain conveniences, it also introduces
a new challenge. Specifically, when assessing the relevance
between documents and queries, unlike traditional meth-
ods that use the dot product to measure similarity, the most
direct computation method in the distribution-based ap-
proach involves evaluating the likelihood of the query vec-
tor within the probability density function representing the
document distribution. Consequently, existing approximate
nearest neighbor (ANN) algorithms optimized for dot prod-
uct calculations are not suitable for the online search phase.
This leads to the need to calculate the similarity between
the query q and every document d individually, posing ef-
ficiency challenges in large-scale retrieval. Therefore, an-
other critical question arises: How can we address the issue
of search efficiency for distribution-based dense retrieval?
In response, we delve into a thorough theoretical analysis

and discover that the similarity calculation method in the
distribution-based approach can be converted into dot prod-
uct calculations, involving the query vector, the mean, and
the covariance of the document distribution. Building upon
this theoretical insight, we propose a comprehensive frame-
work called Distribution-Driven Dense Retrieval (DDR),
where documents are represented using multivariate Gaus-
sian distributions and queries are represented as vectors. The
relevance between documents and queries is computed us-
ing dot product calculations that consider the query vector,
the mean, and the covariance of the document distribution.
In this way, this framework allows for seamless integration
with existing ANN algorithms, maintaining retrieval effi-
ciency on par with single-vector methods.

To validate the efficacy of our method, we conducted ex-
periments on several large-scale web search datasets, includ-
ing MSMARCO Passage Ranking (Nguyen et al. 2016), the
TREC Deep Learning Track dataset (Craswell et al. 2020),
and the BEIR zero-shot dataset (Thakur et al. 2021). The
results demonstrated significant improvement compared to
both single-vector and multi-vector approaches.

Our primary contributions are as follows:

• We propose modeling the query as a vector and the doc-
ument as a distribution to capture the relationships be-
tween multiple queries corresponding to the same docu-
ment, which also avoids the issues of Increased Storage,
Vector Collapse, Search Efficiency typically associated
with traditional multi-view modeling.

• We introduce the DDR framework and demonstrate how
it can be seamlessly integrated into existing approximate
nearest neighbor algorithms to enable efficient retrieval.

• We conducted experiments across various retrieval sce-
narios to validate the effectiveness of DDR framework.

Related Work
Dense Retrieval
With the development of pre-trained language models
(Dong et al. 2019; Clark et al. 2020; Devlin et al. 2019),
Transformer-based models have achieved significant ad-
vancements in text representation. The pre-training mod-
els specifically for retrieval tasks (Li et al. 2024a,b; He
et al. 2023) has attracted interest from researchers. They em-
ployed methods such as weak-decoder (Lu et al. 2021) and
Masked Auto-Encoder (Xiao et al. 2022; Wang et al. 2023)
to enhance the [CLS] token’s ability to better aggregate se-
mantic information.

In the fine-tuning stage, various enhancements have been
implemented, including negative sample mining (Xiong
et al. 2021), data augmentation (Qu et al. 2021; Wang et al.
2024b), knowledge distillation (Lin, Yang, and Lin 2021)
and ensemble learning methods (Zhao et al. 2023), among
others. (Zhang et al. 2022; Luan et al. 2021; Tang et al.
2021) argue that a single vector struggles to encapsulate the
rich information of documents. Thus, they represent doc-
uments with multiple vectors while keeping queries repre-
sented with a single vector, and then employ a MaxSim op-
eration to calculate the similarity between documents and
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queries. Meanwhile, (Khattab and Zaharia 2020; Santhanam
et al. 2022) use several vectors to represent passages and
queries at the token level, introducing a late interaction
mechanism for modeling the fine-grained similarity between
queries and documents. (Gao, Dai, and Callan 2021; Li et al.
2023) propose implementing different lexical routing strate-
gies to improve the performance of multi-vector methods.

Representation via Distribution
In the early stages, researchers explored the relationship be-
tween the distributional behaviors of word pairs and lexical
entailment (Geffet and Dagan 2005), as well as the idea of
representing words as regions within semantic space (Erk
2009). Building on this foundation, subsequent studies on
word vectors led a group of researchers (Vilnis and Mc-
Callum 2014; Athiwaratkun and Wilson 2017) to investigate
word embeddings using multivariate Gaussian distributions.
In information retrieval domain, MRL (Zamani and Bender-
sky 2023) pioneered the use of distributions to model in-
formation uncertainty, leading to improved retrieval results.
GMMFormer (Wang et al. 2024a) utilizes a Gaussian Mix-
ture Model to implicitly represent clip features for video
retrieval. Unlike previous research, we propose addressing
the many-to-one problem between queries and documents
by capturing their connections using Gaussian distributions.

Methodology
In this section, we will thoroughly explore the practical ap-
plications and various aspects of our proposed Distribution-
Driven Dense Retrieval (DDR) framework.

Overview
Dense Retrieval (Karpukhin et al. 2020) is a task that in-
volves retrieving the k most relevant documents {dj}kj=1
from a large corpus for a given query q.

For this task, previous studies typically employ two sepa-
rate encoders to generate dense embeddings for the query
and document, respectively. Subsequently, the similarity
score between the query and document is measured by com-
puting the dot product of their embeddings.

In the DDR framework, we model the entailment relation-
ship between queries and documents by representing queries
as vectors and documents as multivariate Gaussian distribu-
tions. To determine the similarity score between the query
and document, we evaluate the likelihood of the query vector
under the probability density function (PDF) that represents
the document distribution.

Model Architecture
As illustrated in Figure 2, we will introduce the architecture
of DDR by discussing two main aspects: query representa-
tion, document representation.

Query Representation Pre-trained models have signifi-
cantly improved performance across a wide range of down-
stream tasks. Notably, research has demonstrated that the
[CLS] token often captures the overall meaning of an entire
document (Devlin et al. 2019). For a given query consisting

of N tokens, we leverage the [CLS] embedding vector gen-
erated by the encoder to serve as the semantic vector of the
query:
[h[CLS], h1, · · · , hN ] = EncodeQ([CLS] ◦ q ◦ [SEP]), (1)

q = h[CLS]. (2)
Document Representation Each document d is repre-
sented by a k-dimensional independent Gaussian distribu-
tion N (µ,Σ). In this context, µ denotes a k×1 mean vector,
and Σ is a diagonal covariance matrix of size k×k. Using a
diagonal matrix to model covariance can reduce storage re-
quirements and improve computational efficiency. The dis-
tribution can be expressed as follows:

N (µ,Σ) = N



µ1

µ2

...
µk

 ,


σ2
1 0 . . . 0
0 σ2

2 . . . 0
...

...
. . .

...
0 0 . . . σ2

k


 . (3)

For simplicity in notation, the mean vector µ is defined as
(µ1, µ2, . . . , µk)

T , and the diagonal covariance matrix Σ is
represented by its diagonal elements, which we can denote
using the variance vector σ2 = (σ2

1 , σ
2
2 , . . . , σ

2
k)

T .
For a document consisting of N tokens, we similarly use

the [CLS] embedding vector from the encoder to represent
the mean vector µ of the document’s distribution:
[h[CLS], h1, · · · , hN ] = EncodeD([CLS] ◦ d ◦ [SEP]), (4)

µ = h[CLS]. (5)

For the document variance vector σ2, we employ the
attention mechanism to integrate the hidden states of all
tokens. Specifically, given that the size of the hidden
state dimension is d, we start by transforming H =
[h[CLS], h1, h2, · · · , hN ] ∈ R(N+1)×d into the correspond-
ing query matrix Q, key matrix K, and value matrix V :

Q = H ·WQ, (6)
K = H ·WK , (7)
V = H ·WV , (8)

where WQ ∈ Rd×d,WK ∈ Rd×d, and WV ∈ Rd×d are
trainable parameters.

Next, we compute the attention scores and obtain the re-
sulting matrix, from which we extract the first vector, de-
noted as h[VAR]:

[h′
[CLS], h

′
1, · · · , h′

N ] = Softmax
(
Q ·K⊤
√
d

)
V, (9)

h[VAR] = h′
[CLS]. (10)

Given the function f(x) = 1
β log (1 + exp(βx)), which

possesses the following properties: limx→−∞ f(x) = 0,
limx→+∞

f(x)
x = 1, and is monotonic as well as differen-

tiable, we can smooth h[VAR] to obtain the variance vector
σ2 using the following transformation:

σ2 =
1

β
log (1 + exp (βh[VAR])) . (11)

This process ensures that the variance vector σ2 is differ-
entiable and positive.
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Figure 2: The overall of DDR framework. The query vector and the mean of the document distribution are both directly
represented by the [CLS] embedding, while the variance vector for the document is derived by aggregating all tokens using an
attention mechanism.

Similarity Computation
Our method cannot directly use vector dot product to calcu-
late similarity as before. In the DDR framework, we deter-
mine the relevance between a document and a query by eval-
uating the PDF of the document’s distribution at the point
where the query vector is located. For a given document d,
its distribution is modeled as a multivariate Gaussian distri-
bution. The PDF of this distribution is given by:

fd(x) =
1√

(2π)k|Σ|
exp

(
−1

2
(x− µ)TΣ−1(x− µ)

)
,

(12)

where µ represents the mean vector and Σ denotes the
non-singular diagonal covariance matrix of the multivariate
Gaussian distribution.

Using this PDF, we can compute the probability density
value fd(q) of the query vector q under the distribution
of document d. This probability density value can be in-
terpreted as the relevance score between the query and the
document. Specifically, the relevance score S(d, q) can be
defined as follows:

S(d, q) = fd(q). (13)

By substituting the query q into the aforementioned PDF,
we obtain:

S(d, q) =
1√

(2π)k|Σ|
exp

(
−1

2
(q− µ)TΣ−1(q− µ)

)
.

(14)

To simplify the computation, we can apply the logarithm
to the above formula, transforming the product and expo-
nential operations into addition, thereby improving numeri-
cal stability. The logarithmic relevance score logS(d,q) can
be expressed as:

−k

2
log(2π)− 1

2
log |Σ| − 1

2
(q− µ)TΣ−1(q− µ).

(15)

This form offers better robustness in practical computa-
tions because it avoids directly handling extremely small
probability density values while maintaining the relative
magnitude relationships of the relevance scores.

Training
Knowledge distillation methods are widely used in dense re-
trieval (Qu et al. 2021; Santhanam et al. 2022; Hofstätter
et al. 2021). Following (Zamani and Bendersky 2023),
we adopt the cross-encoder architecture to implement the
teacher, which takes as input the concatenation of query and
passage and models the semantic interaction between query
and passage representations. For each query q, let Dq de-
note the set of documents used for knowledge distillation.
The loss function is defined as follows:

L =
∑

di∈Dq

Pt(q, di) log
Pt(q, di)

Ps(q, di)
, (16)

where Pt(q, di) and Ps(q, di) represent the normalized prob-
abilities from the re-ranker teacher and the retriever student,
respectively. For each query q, Dq includes:
• positive samples from labeled data
• The top 100 BM25 negative samples for query q

• The top 100 hard negative samples for query q retrieved
by student model every epoch

Within this framework, we enable the student model to
learn the semantic interaction information between queries
and passages from the teacher model, thereby enhancing its
performance in information retrieval tasks.

Efficient Search
In the search phase, directly using Equation (15) to calculate
similarity scores requires computing the query against each
document. To meet the high efficiency demands of online
search scenarios (Sun et al. 2024), many Approximate Near-
est Neighbor (ANN) algorithms, such as PQ (Jegou, Douze,
and Schmid 2010) and HNSW (Malkov and Yashunin 2018),
have been employed. However, current ANN algorithms
only support similarity functions such as dot product, nega-
tive Euclidean distance. To apply ANN to the DDR model,
we first transform equation (15) as follows:

−k

2
log(2π)− 1

2

k∑
i=1

log(σ2
i )−

1

2

k∑
i=1

(qi − µi)
2

σ2
i

, (17)
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where qi represents the i-th component of the query vector
q, and ui and σ2

i denote the i-th components of the docu-
ment mean vector µ and variance vector σ2, respectively.

Since our focus is solely on the relative magnitudes of the
scores, we eliminatethe constant terms from equation (17)
and simplify as follows:

− 1

2

k∑
i=1

log(σ2
i )−

1

2

k∑
i=1

(qi − µi)
2

σ2
i

=− 1

2

k∑
i=1

log(σ2
i )−

1

2

k∑
i=1

q2i
σ2
i

+
k∑

i=1

qiµi

σ2
i

− 1

2

k∑
i=1

µ2
i

σ2
i

=− 1

2

k∑
i=1

(
log(σ2

i ) +
µ2
i

σ2
i

)
+

k∑
i=1

qiµi

σ2
i

− 1

2

k∑
i=1

q2i
σ2
i

(18)

We represent the query and document in the following
ways respectively:

−→vq = [1, q1, q2, · · · , qk, q21 , q22 , · · · , q2k], (19)

−→vd = [γ,
µ1

σ2
1

,
µ2

σ2
2

, · · · , µk

σ2
k

,
−1

2σ2
1

,
−1

2σ2
2

, · · · , −1

2σ2
k

], (20)

where γ = − 1
2

∑k
i=1

(
log(σ2

i ) +
µ2
i

σ2
i

)
.

In this manner, the dot product of −→vq and −→vd is equivalent
to the retrieval score as defined in equation (18). Besides
−→vq ∈ R1×(2k+1) is independent of the document, whereas
−→vd ∈ R1×(2k+1) is independent of the query. Consequently,
we can utilize existing approximate nearest neighbor algo-
rithms, such as HNSW (Malkov and Yashunin 2018), and
tools like FAISS (Johnson, Douze, and Jégou 2019), to in-
dex all −→vd vectors, facilitating efficient retrieval of any query
vector −→vq .

Discussion
In this section, we will discuss the differences of DDR com-
pared to existing methods.

In single vector retrieval methods, the similarity score be-
tween a query vector −→vq = [q1, q2, · · · , qk] and a docu-
ment vector −→vd = [d1, d2, · · · , dk] is calculated using the
dot product formula:

sim(q, d) =

k∑
i=1

qidi. (21)

The equation (21) can be interpreted as follows: the doc-
ument d defines a “plane” represented by the function
f(x) =

∑k
i=1 dixi. The similarity score between the query

and the document is determined by the value of the query
vector −→vq on the “plane”, which is represented by f(−→vq).

However, our proposed DDR enables the document d to
define a “quadratic surface”:

g(x) = γ +
k∑

i=1

(
µi

σ2
i

xi +
−1

2σ2
i

x2
i

)
, (22)

Dataset #Queries #Docs Avg. Len.
MSMARCO 6,980 8,841,823 56
TREC DL ’19 43 8,841,823 56
TREC DL ’20 54 8,841,823 56

NQ 3,452 2,681,468 79
FiQA 648 57,638 132
Touché-2020 49 382,545 292
Climate-FEVER 1,535 5,416,593 85

Table 1: Characteristics and statistics of the datasets in our
experiments. Here, “Avg. Len.” is the abbreviation of aver-
age document length.

where γ = − 1
2

∑k
i=1

(
log(σ2

i ) +
µ2
i

σ2
i

)
.

Furthermore, when the covariance matrices of two docu-
ments d and d′ are both identity matrices, we have:

sim(q, d)− sim(q, d′) =
1

2

k∑
i=1

(
(qi − µd′i)

2 − (qi − µdi)
2
)
.

(23)

This indicates that when the covariance matrix is the iden-
tity matrix, our proposed DDR method simplifies to a dense
retrieval method that measures similarity using negative Eu-
clidean distance.

Experiments
Datasets and Evaluation
We conducted experiments on MS MARCO (Nguyen et al.
2016), TREC Track 2019 and 2020 (Craswell et al. 2020),
followed by additional experiments on zero-shot datasets
(Thakur et al. 2021). MS MARCO, a substantial English
corpus created by Microsoft, is based on Bing search re-
sults and contains approximately 500k labeled queries and
8.8 million passages. The zero-shot datasets we used include
NQ, FiQA, Touché-2020, and Climate-FEVER. Their char-
acteristics and statistics are detailed in Table 1.

For evaluation, we employed various performance metrics
tailored to each dataset. For MS MARCO, we used Mean
Reciprocal Rank at 10 (MRR@10), Recall at 50 (R@50),
and Recall at 1000 (R@1k). For the TREC Deep Learning
(DL) track and the zero-shot datasets, we adopted Normal-
ized Discounted Cumulative Gain at 10 (NDCG@10) as our
primary evaluation metric. These metrics provide a robust
framework for assessing the retrieval performance across
different datasets and experimental setups.

Experimental Setup
We implemented and trained our model using PyTorch,
optimizing the network parameters with the AdamW
(Loshchilov and Hutter 2017) optimizer. We applied a lin-
ear learning rate schedule with a warmup phase of 1,000
steps, setting the learning rate to 2 × 10−5. The parame-
ter β was selected from {0.1, 0.2, 0.5, 1, 2, 5, 10}. The mean
and variance vectors of the document distribution are set to
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Model PLM Params Storage MS MARCO DEV TREC-DL’19 TREC-DL’20
MRR@10 R@50 R@1k NDCG@10 NDCG@10

Some Sparse Retrieval Models (For Reference)
BM25 - - 0.67GB 0.185 0.585 0.857 0.497 0.487
DeepCT - - 0.67GB 0.243 0.690 0.910 0.550 0.556
SPLADE - - 2.60GB 0.340 - 0.965 0.683 0.671

Single Vector Dense Retrieval Models
DPR BERT-Base 110M 26GB 0.319 - 0.941 0.611 0.591
ANCE BERT-Base 110M 26GB 0.330 - 0.959 0.645 0.646
ADORE BERT-Base 110M 26GB 0.347 - - 0.683 0.666
RocketQA ERNIE-Base 110M 26GB 0.370 0.855 0.979 - -
Contriever-FT BERT-Base 110M 26GB - - - 0.621 0.632
RocketQAv2 ERNIE-Base 110M 26GB 0.388 0.862 0.981 - -
Margin-MSE DistilBERT 66M 26GB 0.326 - 0.958 0.687 0.654
TAS-B DistilBERT 66M 26GB 0.347 - 0.978 0.717 0.686
CLDRD DistilBERT 66M 26GB 0.382 - - 0.725 0.687
MRL DistilBERT 66M 26GB 0.393 0.862† 0.977† 0.738 0.701
DDRk=383(ours) DistilBERT 66M 26GB 0.396 0.864 0.980 0.739 0.684

Multi Vector Dense Retrieval Model
MVR BERT-Base 110M 208GB 0.349† 0.828† 0.968† 0.687† 0.661†

COIL-full BERT-Base 110M 79GB 0.353 - 0.967 0.704 0.688
ColBERTv2 BERT-Base 110M 154GB 0.397 0.868 0.984 - -
CITADEL BERT-Base 110M 81GB 0.399 - 0.981 0.703 0.702
DDR(ours) DistilBERT 66M 52GB 0.402 0.874 0.984 0.731 0.698

Table 2: Main results on MS-MARCO passage and TREC. Results with † are from our reproduction, “-” denotes the results
that are not applicable or available. Storage refers to the disk space occupied by the Marco corpus index, without quantization.

768 dimensions. For fair comparison with existing single-
vector models, we add dense projection layers on mean
vector and variance vector to make their dimensions to be
768
2 − 1 = 383. This configuration in the results table is

referred to as DDRk=383. Following previous work(Zamani
and Bendersky 2023), we used the pre-trained checkpoints
provided by TAS-B (Hofstätter et al. 2021) for initialization
and used DistilBERT (Sanh et al. 2019) as our initial model.
We employed a model based on the ELECTRA (Clark et al.
2020) architecture as the re-ranking teacher model1.

Baseline
We conducted a comprehensive comparison between our
proposed approach and the previous state-of-the-art models
that utilize single-vector and multi-vector representations.
Specifically, the single-vector models we compared include
DPR (Karpukhin et al. 2020), ANCE (Xiong et al. 2021),
ADORE (Zhan et al. 2021), RocketQA (Qu et al. 2021),
RocketQAv2 (Ren et al. 2021), Margin-MSE (Hofstätter
et al. 2020), TAS-B (Hofstätter et al. 2021), Contriever-FT
(Izacard et al. 2022), CLDRD (Zeng, Zamani, and Vinay
2022), and MRL (Zamani and Bendersky 2023).

The multi-vector models for comparison include MVR
(Zhang et al. 2022), COIL (Gao, Dai, and Callan 2021), Col-
BERTv2 (Santhanam et al. 2022), and CITADEL (Li et al.
2023). Among these, CITADEL stands out for its excep-

1https://huggingface.co/intfloat/simlm-msmarco-reranker

tional performance, having achieved state-of-the-art results
across a variety of datasets.

We also compared with some sparse retrieval models such
as BM25 (Robertson et al. 1995), DeepCT (Dai and Callan
2019), docT5query (Nogueira, Lin, and Epistemic 2019) and
SPLADE (Formal, Piwowarski, and Clinchant 2021).

Main Results
We compared our model with previous state-of-the-art mod-
els. As shown in table 2, all dense retrieval models signifi-
cantly outperform BM25, DeepCT and SPLADE, highlight-
ing the superiority of these methods for in-domain passage
retrieval tasks. For single-vector models, DDRk=383 not only
matches the index storage space requirements of standard
single-vector models but also exceeds all baseline models in
terms of MRR@10 and R@50 metrics for the MS MARCO
DEV dataset. Among multi-vector models, DDR utilizes the
least storage space (with MVR requiring four times the stor-
age of DDR) yet exceeds all other multi-vector models. This
demonstrates that our DDR model can address the multi-
view problem while avoiding the shortcomings of multi-
vector approaches.

In the TREC DL dataset, there are instances where our
model exhibits slightly lower performance. It’s important to
note that this dataset includes only a limited number of test
queries: 43 for TREC DL ’19 and 54 for TREC DL ’20. We
observed that using different random seeds results in approx-
imately 2% variation on this test set. Consequently, we be-
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Figure 3: Retrieval latency per query on GPU as measured
on the MS MARCO Passages development dataset.

Model NQ FiQA Touché- Climate-
2020 FEVER

Sparse Retrieval Models (For Reference)
BM25 0.329 0.236 0.367 0.213
DeepCT 0.188 0.191 0.156 0.066
DocT5query 0.399 0.291 0.347 0.201

Dense Retrieval Models
DPR 0.474 0.112 0.131 0.148
ANCE 0.446 0.295 0.284 0.198
TAS-B 0.463 0.300 0.173 0.228
RocketQAv2 0.505 0.302 0.247 0.180
CITADEL 0.510 0.298 0.294 0.191
DDR 0.514 0.307 0.315 0.193

Table 3: The zero-shot retrieval results achieved by DDR
and the baseline models, evaluated using NDCG@10 met-
rics. The highest value is highlighted in bold.

lieve that these occasional discrepancies in performance are
not statistically significant and do not undermine the overall
effectiveness of our model.

Efficiency Analysis
In online search scenarios, achieving high retrieval effi-
ciency is crucial. As shown in Figure 3, single vector mod-
els, such as DPR, are the most efficient in terms of inference
speed among dense retrieval models and are also the most
popular in practical applications. Despite the fact that multi-
vector methods (e.g., COIL-full, ColBERTv2) achieve bet-
ter results compared to single-vector methods, their retrieval
latency is significantly higher. The retrieval latency of our
proposed DDR is nearly as low as that of single vector mod-
els, and it is significantly faster than multi-vector models.

Zero-Shot Retrieval Results
We conducted a zero-shot retrieval evaluation on four di-
verse datasets from the BEIR benchmark (Thakur et al.
2021): NQ, FiQA, Touché-2020, and Climate-FEVER. In
this experiment, we employed the model checkpoint trained
on the MS MARCO dataset for evaluation. As shown in
Table 3, our model outperforms all single-vector models
and CITADEL on NQ, FiQA and Touché-2020 datasets.
However, the overall improvements achieved by the best-
performing models over traditional sparse retrieval models

Figure 4: Sensitivity analysis of the parameter β when
smoothing the variance vector σ2 on MS MARCO dataset.

like BM25 are less significant than those noted in Table 2.
This highlights the challenges that neural retrieval models
encounter when adapting to different domains.

Parameter Sensitivity Analysis

To assess the sensitivity of DDR performance to the value
of β, we conducted a series of experiments where β was
systematically varied within the range of 0.1 to 10. As il-
lustrated in Figure 4, the results indicate that the model
is not sensitive to the value of β, as its performance re-
mains consistently stable. Even when β is set to 0.1 or 10,
the model still maintains good performance. Therefore, the
model demonstrates robust and strong performance with β
ranging from 0.1 to 10.

Conclusion
In this paper, we proposed modeling queries and documents
using vectors and multivariate Gaussian distributions, re-
spectively. The relevance score of a document to a query was
then determined by evaluating the likelihood of the query
vector within the probability density function representing
the document distribution. Through theoretical analysis, we
demonstrated that this method can seamlessly integrate with
existing efficient ANN algorithms. Extensive experiments
validated the effectiveness of our proposed method. We be-
lieve this modeling approach is worthy of further exploration
in the field of information retrieval.
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