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Abstract

In information retrieval (IR), learning-to-rank (LTR) methods have
traditionally limited themselves to discriminative machine learning
approaches that model the probability of the document being rele-
vant to the query given some feature representation of the query-
document pair. In this work, we propose an alternative denoising
diffusion-based deep generative approach to LTR that instead mod-
els the full joint distribution over feature vectors and relevance
labels. While in the discriminative setting, an over-parameterized
ranking model may find different ways to fit the training data, we
hypothesize that candidate solutions that can explain the full data
distribution under the generative setting produce more robust rank-
ing models. With this motivation, we propose DiffusionRank that
extends TabDiff, an existing denoising diffusion-based generative
model for tabular datasets, to create generative equivalents of clas-
sical discriminative pointwise and pairwise LTR objectives. Our
empirical results demonstrate significant improvements from Diffu-
sionRank models over their discriminative counterparts. Our work
points to a rich space for future research exploration on how we
can leverage ongoing advancements in deep generative modeling
approaches, such as diffusion, for learning-to-rank in IR.

CCS Concepts

• Information systems → Learning to rank; • Computing

methodologies→ Learning to rank; Neural networks.
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1 Introduction

In information retrieval (IR), Learning-to-Rank (LTR) [38] is the task
of constructing a model to estimate the relevance of an item (e.g., a
document) with respect to an information need (e.g., expressed as a
query by the user) so that the IR system can sort the items by their
estimated relevance scores for presentation to the user. These rank-
ing models are typically trained on labeled datasets containing a set
of query-document pairs and corresponding ground-truth relevance
labels. Traditionally, the ranking model is trained discriminatively
to predict a real-valued score given the feature-vector. Various ob-
jectives for training ranking models have been explored for LTR
that Liu et al. [38] broadly categorize under: (i) pointwise, (ii) pair-
wise, and (iii) listwise loss functions. Under these three categories,
different loss functions and machine learning (ML) approaches—
including support vector machines [70], neural networks [6], and
boosted decision trees [63]—have been explored. However, these
explorations have historically been limited to discriminative ML ap-
proaches, where the ranker models the probability of the relevance
label conditioned on the feature vector.

In this work, we propose an alternative deep generative approach
to LTR that instead models the joint distribution over feature vec-
tors and relevance labels. Deep generative LTR opens up new av-
enues to explore how we can leverage recent advancements in deep
generative modeling approaches, such as diffusion [22, 53, 54], for
ranking in IR. Unlike discriminative training, where the model is
trained only to predict relevance labels conditioned on the features,
generative training requires the model to learn the full underlying
data distribution, including the conditional distribution of subsets
of features given other features (and optionally the label). In the
discriminative setting, an over-parameterized ranking model may
find different ways to fit to the training data. In the presence of a
choice between these alternative solutions, we hypothesize that
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the solution that fits the full joint distribution under the generative
setting produces a more robust ranking model.

Generative modeling of different data modalities—incl. text [41],
images [33], video [65], speech [12], and tabular data [58]—have
recently demonstrated significant improvements in downstream
applications. Generative modeling of tabular datasets has found
applications inmissing value imputation [72], training data augmen-
tation [15], and data privacy protection [1, 21]. Several deep genera-
tive models have been proposed for modeling tabular datasets with
autoregressive models [2], Variational Autoencoders (VAEs) [37],
Generative Adversarial Networks (GANs) [66], and diffusion mod-
els [27–30, 51, 71, 72]. In this work, we extend generative approaches
to modeling tabular data to LTR datasets to jointly model numerical
LTR features and categorical relevance labels. Specifically, we build
on TabDiff’s [51] continuous-time diffusion process to propose a
family of diffusion-based LTR models that we call DiffusionRank.

Tabular data presents unique challenges for generative mod-
eling because they comprise heterogeneous columns with varied
distributions and data types—e.g., in the LTR datasets, numerical fea-
tures are continuous while categorical relevance labels are discrete.
TabDiff [51] employs a joint diffusion process to simultaneously
perturb continuous and discrete data, and learns a joint denoising
model for all modalities. We extend TabDiff to LTR datasets where
we consider the ranking features as continuous and the relevance
label—which maybe either pointwise or a preference label between
a pair of documents for a query—as discrete data. This formulation,
that we refer to as DiffusionRank, allows us to flexibly extend TabD-
iff’s mixed-type diffusion process to develop generative equivalents
to traditional discriminative LTR objectives. Furthermore, TabDiff
employs a masked diffusion process for categorical data that in-
volves a single-step denoising (i.e., unmasking) at inference time.
This has important efficiency implications for DiffusionRank as we
need to run the inference of the model only once to estimate the
query-document relevance score, identical to their discriminative
LTR counterparts. Unlike TabDiff, which employs Transformers for
the denoising model, we parameterize DiffusionRank with a feed-
forward network with a negligible increase in learnable parameters
over an equivalent discriminative model, further ensuring that in-
ference time costs are comparable for generative and discriminative
LTR. Furthermore, DiffusionRank does not mandate any specific
base model and can flexibly incorporate new advances in neural
architecture design.

To summarize our contributions: We propose DiffusionRank,
a diffusion-based deep generative LTR model, that scouts a po-
tential path forward to leverage the emerging advancements in
diffusion modeling for the LTR task. Our contributions include
the formalization of DiffusionRank and extensive empirical analy-
sis demonstrating the improved accuracy of relevance estimation
from generative LTR approaches. We believe that this work lays a
foundation towards developing more expansive generative research
agendas in IR.

Next, we formally introduce some of the foundational concepts
in LTR and diffusion processes that we build on in our current
work, and discuss related literature, in Section 2. Then, we describe
the DiffusionRank model in Section 3. In Section 4, we describe
our experimental methodology and evaluation protocols, before
presenting our results and analysis in Section 5. Finally, we conclude

in Section 6 with a discussion on potential new research directions
for future work on generative approaches to ranking in IR.

2 Preliminaries and Related Work

In order to situate our work within the broader landscape of genera-
tive approaches to learning-to-rank, we first establish the necessary
background for our proposed approach; this section therefore both
introduces the key preliminaries we build on and clarifies how our
method relates to—and differs from—prior work.

2.1 Learning-to-Rank

Formally, let a rankable document 𝑑 in context of the query 𝑞
be represented by a feature vector ®𝑥𝑞,𝑑 ∈ R𝑛 , and its ground-
truth relevance label with respect to 𝑞 be represented as 𝑦𝑞,𝑑 ∈
{0, 1, . . . , 𝑅 − 1}, assuming a 𝑅-point labeling scheme. The fea-
ture vector representing a query-document pair may comprise of
manually-designed numeric features—e.g., BM25 [50] and PageR-
ank [3]—or, one-hot encoding of query and document tokens, in
representation-learning ranking models [43]. The labeling scheme,
in its simplified form, may use binary relevance assessments, i.e.,
𝑅 = 2 and 𝑦𝑞,𝑑 ∈ {0, 1}, categorizing each document to be either
nonrelevant or relevant to the query. Or alternatively, it can employ
graded-relevance assessments—e.g., the 5-point labeling scheme
from Bing [40] that categorizes each document’s relevance to the
query as one of {Perfect, Excellent, Good, Fair, Bad}. The ranking
model 𝑓 : ®𝑥𝑞,𝑑 → R takes the feature-vector ®𝑥𝑞,𝑑 as input and pre-
dicts a real-valued score 𝑠𝑞,𝑑 ∈ R commensurate with its estimate
of the document’s relevance to the query. The ranking model may
be trained with pointwise, pairwise, or listwise objectives [38, 43].

2.1.1 Pointwise objectives. In pointwise training, the rankingmodel
is optimized to predict the ground-truth label for a query-document
pair. If the relevance label is categorical, then its prediction can
be treated as a multiclass classification problem [34]. The model
under this setting estimates the probability distribution over label
categories and can be trained using the cross-entropy (CE) loss.

Lpointwise-CE = −log
(
𝑝 (𝑦𝑞,𝑑 | ®𝑥𝑞,𝑑 )

)
(1)

If the relevance labels are binary, then the predicted probability
of the document being relevant to the query can be directly used
for ranking. However, for graded-relevance labeling schemes, the
probability distribution over the label categories must be aggregated
to generate a single ranking score.

Pointwise ranking models can also be trained using regression
objectives, such as the squared loss, where 𝑦𝑞,𝑑 and 𝑠𝑞,𝑑 are either
represented as absolute values [11] or as one-hot encodings [17].

Lpointwise-squared = ∥𝑦𝑞,𝑑 − 𝑠𝑞,𝑑 ∥2 (2)

2.1.2 Pairwise objectives. In contrast, pairwise training [6, 9, 16,
20] optimizes the ranking model to minimize the number of pref-
erence errors between pairs of documents for the same query (i.e.,
when 𝑦𝑞,𝑑𝑖 > 𝑦𝑞,𝑑 𝑗 but 𝑠𝑞,𝑑𝑖 < 𝑠𝑞,𝑑 𝑗 ) in the training data. Pairwise
ranking losses generally take the following form‘[9].

Lpairwise = 𝜙 (𝑠𝑞,𝑑𝑖 − 𝑠𝑞,𝑑 𝑗 ) (3)

Where, 𝜙 can be the Hinge function [20], the exponential func-
tion [16], or the logistic function [6]. When the logistic function is
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used, the resulting loss function is referred to as RankNet [6]. If we
sort the pair of documents, such that 𝑦𝑞,𝑑𝑖 > 𝑦𝑞,𝑑𝑖 , then

LRankNet = −log
(
1 + 𝑒−(𝑠𝑞,𝑑𝑖 −𝑠𝑞,𝑑𝑗 )/𝜏

)
(4)

2.1.3 Listwise objectives. Lastly, in listwise training [5, 7, 62, 64]
the ranking model is tuned to maximize specified rank-based tar-
get metrics, such as e.g., Normalized Discounted Cumulative Gain
(NDCG) [25] or Mean Average Precision (MAP) [73]. Listwise ob-
jectives are motivated by the fact that due to strong position-based
discounting in IR measures like NDCG and MAP, errors at higher
ranks are much more problematic than at lower ranks. Optimizing
for these metrics is challenging because they are typically non-
continuous and non-differentiable. Several different listwise loss
functions have been proposed in the literature, including Lamb-
daRank [5], ListNet [7], ListMLE [64], and SmoothDCG [62].

LambdaRank [5] recognizes that to train the model we do not
need the metric itself to be differentiable, just the ability to compute
the gradients of the loss with respect to the model scores; and that it
is desirable that the gradient for a document pair is commensurate
with the magnitude of the impact on the target IR measure if the
two documents are to swap their positions in the ranked list. Based
on this intuition, LambdaRank is defined as a weighted RankNet
loss, where the weight for each document pair is a function of the
change in the target metric by swapping the rank positions of the
two documents.

LLambdaRank = LRankNet · |ΔMetric|
SmoothDCG [62], another listwise objective, approximates the

rank 𝜚𝑖 of a document 𝑑𝑖 using a differentiable function that com-
pares the document score 𝑠𝑞,𝑑𝑖 with the score of all the other candi-
date documents, as follows:

𝜚𝑖 = 1 +
∑︁
𝑗≠𝑖

𝐺𝛼 (𝑠𝑞,𝑑𝑖 − 𝑠𝑞,𝑑 𝑗 ) (5)

Where, 𝐺𝛼 (𝑢) =
1

1 + 𝑒𝛼𝑢 (6)

This “smooth” rank can be plugged into a ranking metric—such
as DCG—to produce a smooth ranking loss.

In Section 3, we define diffusion-based generative LTR objectives
corresponding to the discriminative lossesLpointwise-CE andLRankNet.

Specialized LTR. There is also an extensive body of work specializ-
ing LTR to different settings. This includes LTR trained with differ-
ent sources of supervision (e.g., online interactions with users [23]
and biased feedback data [26]), LTR with specific attributes (e.g.,
stochasticity [4, 14], uncertainty-awareness [10], and interpretabil-
ity [75]), and LTR with additional constraints (e.g., diversity [47]
and fairness [14, 52]). These topics are out of scope for our current
discussion but the application of generative LTR to these special-
ized settings may offer interesting future directions for research.

2.2 Diffusion modeling

2.2.1 Denoising Diffusion Probabilistic Models. Denoising Diffu-
sion Probabilistic Models (DDPMs) [22, 53] are a class of latent
variable generative models inspired by non-equilibrium thermo-
dynamics. Unlike GANs that learn an implicit generative function,

diffusion models are likelihood-based and learn to reverse a gradual
noise-adding process. The framework consists of two processes: a
forward diffusion process and a reverse denoising process.

Forward Process. The forward process is a fixed Markov chain
that gradually adds Gaussian noise to the data x0 ∼ 𝑞(x0) over 𝑇
steps. At each step 𝑡 , the transition is defined as:

𝑞(x𝑡 |x𝑡−1) =N(x𝑡 ;
√︁

1 − 𝛽𝑡x𝑡−1, 𝛽𝑡 I) (7)

where {𝛽𝑡 }𝑇𝑡=1 is a predefined variance schedule. Crucially, this
process allows us to sample x𝑡 at any arbitrary time step 𝑡 directly
from x0 in closed form:

𝑞(x𝑡 |x0) =N(x𝑡 ;
√
𝛼𝑡x0, (1 − 𝛼𝑡 )I) (8)

where 𝛼𝑡 = 1 − 𝛽𝑡 and 𝛼𝑡 =
∏𝑡

𝑠=1 𝛼𝑠 . As 𝑇 → ∞, the data x0 is
transformed into pure Gaussian noise x𝑇 ∼ N(0, I).

Reverse Process. The goal of the generative model is to reverse
this process, starting from pure noise x𝑇 and sequentially denoising
it to recover a sample from the data distribution. Since the true
posterior 𝑞(x𝑡−1 |x𝑡 ) is intractable, DDPMs learn a parameterized
approximation 𝑝𝜃 (x𝑡−1 |x𝑡 ):

𝑝𝜃 (x𝑡−1 |x𝑡 ) =N(x𝑡−1; 𝝁𝜃 (x𝑡 , 𝑡), 𝚺𝜃 (x𝑡 , 𝑡)) (9)

To train the model, Ho et al. [22] simplified the variational lower
bound on the negative log-likelihood. Instead of predicting the
mean 𝝁𝜃 directly, the model 𝝐𝜃 (x𝑡 , 𝑡) is typically trained to predict
the noise 𝝐 that was added to x0 to generate x𝑡 . The simplified
training objective is a mean-squared error loss:

Lsimple = E𝑡,x0,𝝐
[
∥𝝐 − 𝝐𝜃 (x𝑡 , 𝑡)∥2] (10)

While originally formulated for continuous data using Gaussian
noise, this framework has recently been extended to continuous-
time stochastic differential equations (SDEs) [55] and other data
types [67]. In this work, we leverage these advancements to model
the joint distribution of ranking features and relevance labels.

2.2.2 Modeling Tabular Data With TabDiff. TabDiff [51] operates
on mixed-tabular datasets containing numerical and categorical
features. Let ®𝑧 = [®𝑥, ®𝑦] represent a data sample consisting of a
concatenation of vectors of 𝐶num continuous numerical features ®𝑥
and 𝐶cat categorical features ®𝑦. The vector of categorical features
®𝑦 is in turn are a concatenation of the 𝐶cat individual categorical
features ®𝑦𝑖 ∈ {0, 1} (𝑐𝑖+1) which are one-hot encoded, with 𝑐𝑖 as
the number of categories in feature ®𝑦𝑖 . The one-hot encoding of ®𝑦𝑖
includes an additional dimension to indicate the [MASK] state for
features during the masked diffusion process.

TabDiff, like other diffusion models, is a likelihood-based gen-
erative model that learns the data distribution using forward and
backward Markov processes. TabDiff gradually corrupts the data
in the forward process and learns a denoising model to recover the
original data in the reverse process. Let {®𝑧𝑡 : 𝑡 ∼ [0, 1]} denote
a sequence of data in the diffusion process where 𝑡 ∈ [0, 1] is a
continuous time variable, such that ®𝑧0 ∼ 𝑝0 is a real data sample and
®𝑧1 ∼ 𝑝1 is pure noise from a prior distribution. We can represent
the forward diffusion process as follows:

𝑞(®𝑧𝑡 |®𝑧0) = 𝑞( ®𝑥𝑡 | ®𝑥0, 𝜎num) · 𝑞( ®𝑦𝑡 | ®𝑦0, 𝜎cat) (11)
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Figure 1: Overview of DiffusionRank (pointwise). We model learning-to-rank as denoising diffusion process over tabular

feature-label tuples: a forward process progressively corrupts the input (Gaussian noise for numerical features and mask-

ing/noising for categorical variables, including relevance labels), and a learned reverse process denoises to recover clean

samples.

Where, 𝜎num and 𝜎cat are the diffusion schedules for numerical
and categorical features, respectively. The true reverse process can
consequently be represented as:

𝑞(®𝑧𝑠 |®𝑧𝑡 , ®𝑧0) = 𝑞( ®𝑥𝑠 |®𝑧𝑡 , ®𝑧0) · 𝑞( ®𝑦𝑠 |®𝑧𝑡 , ®𝑧0) (12)

Where, 𝑠 and 𝑡 represent two arbitrary time steps such that 0 < 𝑠 <

𝑡 < 1. TabDiff learns a denoising model 𝑝𝜃 (®𝑧𝑠 |®𝑧𝑡 ) to approximate
the true posterior 𝑞(®𝑧𝑠 |®𝑧𝑡 , ®𝑧0). This denoising model is learnt by
minimizing the following loss:

LTabDiff = 𝜆num · Lnum + 𝜆cat · Lcat (13)

WhereLnum andLcat represent the loss components corresponding
to the numerical and categorical features, respectively, and 𝜆num
and 𝜆cat are two weight terms. Let, ®𝜒 and ®𝜓 denote the numerical
and categorical part of the denoising model’s output, respectively.
We next describe how we compute Lnum and Lcat with respect to
the denoising model outputs ®𝜒 and ®𝜓 .

Gaussian diffusion for numerical features. TabDiff’s forward dif-
fusion process gradually corrupts the numerical features by adding
sampled noise to them, as represented below:

®𝑥𝑡 = ®𝑥0 + 𝜎num (𝑡) · ®𝜖, ®𝜖 ∼ N(®0,®I𝐶num ) (14)

The numerical part of the denoising model then tries to predict the
noise that was added, and trains by minimizing the following loss:

Lnum = E𝑡∼𝑈 [0,1]E(®𝑧𝑡 ,®𝑧0 )∼𝑞 (®𝑧𝑡 ,®𝑧0 ) ∥ ®𝜒 (𝑡) − ®𝜖 ∥2
2 (15)

Masked diffusion for categorical features. For categorical features,
the forward diffusion process is defined as a masking process, rep-
resented as follows:

𝑞( ®𝑥𝑡 | ®𝑥0) = Cat
(
®𝑥𝑡 ;𝛼𝑡 · ®𝑥0 + (1 − 𝛼𝑡 )m

)
(16)

Where, Cat
(
;𝜋) is a categorical distribution over the classes with

probabilities given by 𝜋 , and 𝛼𝑡 ∈ [0, 1] is a strictly-decreasing
function of 𝑡 , with the additional constraints that 𝛼0 ≈ 1 and 𝛼1 ≈ 0.
At each diffusion step, the feature is corrupted by being changed to
the [MASK] state with a probability of (1−𝛼𝑡 ) and then remains as
such till 𝑡 = 1. At time 𝑡 = 0, all categorical features are unmasked;
and at 𝑡 = 1, all of them are masked.

In the reverse denoising process, the model aims to recover
the original feature values from the masked state. When a feature
is masked in the input, the model predicts it conditioned on the
remaining noisy features at time 𝑡 . During training, the loss is com-
puted only on predictions corresponding to inputs in the masked
state, ensuring that the model learns to unmask corrupted features
rather than trivially copying unmasked ones. The categorical part
of the denoising model is trained by minimizing the following loss,
where 𝛼 ′𝑡 is the first order derivative of 𝛼𝑡 :

Lcat = E𝑡∼𝑈 [0,1]E(®𝑧𝑡 ,®𝑧0 )∼𝑞 (®𝑧𝑡 ,®𝑧0 )

[ 𝛼 ′𝑡
1 − 𝛼𝑡

· log⟨ ®𝜓 (𝑡), ®𝑦0⟩
]

(17)

We point the reader to Shi et al. [51] for further details about TabDiff.
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2.3 Alternative Approach(es) to Generative LTR

While the LTR research community has focused almost exclusively
on discriminative ML approaches, IRGAN Wang et al. [59] and
subsequent follow up works—e.g., [13, 24, 31, 32, 39, 44, 68, 69]—
constitute one strand of IR research that has explored Generative
Adversarial Networks (GANs) [19] for ranking. However, that line
of work has focused more on the adversarial aspects of GAN, rather
than its generative aspects. The IRGAN formulation involves two
models: (a) a generator model 𝑝𝜃 (𝑑 |𝑞,𝑦) which identifies non-rel-
evant documents for a query from a candidate pool that closely
resemble relevant documents in some feature space, and (b) a dis-
criminatormodel that tries to discriminate between the relevant and
the adversarially selected non-relevant document. Unlike our work,
IRGAN does not learn a joint distribution over query-document
features ®𝑥𝑞,𝑑 and the relevance label 𝑦𝑞,𝑑 . Therefore, further com-
parisons with IRGAN are out of scope for our work.

The other strand of related work includes the use of genera-
tive large language models (LLMs) for ranking [18, 46, 56, 60, 74].
These approaches prompt LLMs trained with generative modeling
objectives to estimate query-document relevance. However, these
approaches do not focus on learning to rank, and hence are also
out of scope for our current work.

3 DiffusionRank

DiffusionRank extends TabDiff to LTR datasets by treating the rank-
ing features and the relevance labels (both pointwise or pairwise)
as numerical and categorical tabular data, respectively. Figure 1
shows the forward and reverse diffusion processes of our training
pipeline. Like TabDiff, we employ Gaussian diffusion over the LTR
features and masked diffusion for predicting the relevance label.

We parameterize the diffusion process with a feedforward net-
work, an architecture choice that is common in the LTR settings.
DiffusionRank can flexibly incorporate any alternative neural ar-
chitectures as long as they can be extended to: (i) Accept the label,
which may be masked or unmasked, and the time step 𝑡 of the
diffusion process as additional inputs, and (ii) predict the noise
over the features as an additional output of the model. Figure 2
sketches out these necessary modifications to the base model from
the discriminative LTR setting.

Next, we elaborate on how we instantiate this framework for
pointwise and pairwise LTR settings.

3.1 Pointwise DiffusionRank

Pointwise DiffusionRank is a straightforward application of the
framework just described. The LTR model 𝑓 : ®𝑥𝑞,𝑑 → R from the
discriminative setting is modified to operate as a denoising model
𝑓 : [®𝑥𝑞,𝑑 , 𝑦𝑞,𝑑 , 𝑡] → [R𝐶num ,R𝐶cat+1] as shown in Figure 2b, where
𝐶num is the number of LTR features in the dataset and 𝐶cat = 𝑘 for
a 𝑘-point relevance labeling scheme. The relevance label, as both
input to and output of the model, is one-hot encoded with an extra
[MASK] dimension. As part of the diffusion process, the model is
trained to predict the relevance label, given (i) the features corrupted
by adding noise, (ii) time step 𝑡 , and (iii) the label as masked in the
input. This is equivalent to training a discriminative model with the
Lpointwise-CE loss, where the features have been corrupted and two
additional features (the masked label and the time step 𝑡 ) are added
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Label TimeFeatures

LabelFeatures

feedforward network

(b)
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Label#2 TimeFeatures#2
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Figure 2: Architectural differences between discriminative

and DiffusionRank models. (a) Standard discriminative LTR

model, which takes only query-document features as input

and predicts a relevance score or label. (b) Pointwise Diffu-

sionRank, where the model additionally conditions on the

(possibly masked) relevance label and diffusion time step,

and jointly predicts the relevance label and the noise added

to features. (c) Pairwise DiffusionRank, which applies the

pointwise denoising model independently to a document

pair with tied label masking, producing scores for both doc-

uments while learning from noisy feature representations.

as input. Furthermore, the model also predicts the estimated noise
with respect to the feature vector which encourages the model to
learn the joint distribution of features and labels in the dataset.

At inference time, we provide as input (i) the uncorrupted fea-
tures, (ii) time step 𝑡 = 0, and (iii) [MASK] as the label; and use the
model to directly predict the relevance of the query-document pair.
The part of the final layer of the model that predicts the feature
noise can be safely ignored at inference time to keep the runtime
cost almost exactly similar as that of its discriminative counterpart.
To further ensure comparable inference-time compute and time
costs between the generative and discriminative settings, we do
not use the backward stochastic sampler and the guidance classifier
employed by Shi et al. [51] in their original work.
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Table 1: Summary statistics of the LTR datasets. All numbers

refer to Fold 1.

MQ2007 MQ2008 MSLR-WEB10K

Queries (Train) 1,017 471 6,000
Queries (Val) 339 157 2,000
Queries (Test) 336 156 2,000

Data Points (Total) 69,623 15,211 1,200,192
Per Query (avg.) 41.14 19.40 120.01

Features (𝐹 ) 46 46 136
Relevance Labels (𝑅) 3 3 5

3.2 Pairwise DiffusionRank

Unlike in the pointwise setting, in pairwise training we have two
feature vectors ®𝑥 ′

𝑞,𝑑𝑖
and ®𝑥 ′

𝑞,𝑑 𝑗
corresponding to the pair of docu-

ments for the same query, and a preference label𝑦 denotingwhether
document 𝑑𝑖 is more relevant than 𝑑 𝑗 , or not. From the TabDiff per-
spective, we consider ®𝑥𝑡 = [®𝑥 ′

𝑞,𝑑𝑖 ,𝑡
, ®𝑥 ′

𝑞,𝑑 𝑗 ,𝑡
] as the concatenation of

the two feature vectors; and in the Gaussian diffusion process, the
noise added to the two feature vectors are sampled independently.

In spite of the pairwise setting, we employ a pointwise model
𝑓 : [®𝑥𝑞,𝑑 , 𝑦𝑞,𝑑 , 𝑡] → [R𝐶num ,R] for the denoising. This is similar to
standard discriminative pairwise settings, where the loss is pairwise
(i.e., considers ⟨𝑞, 𝑑𝑖 , 𝑑 𝑗 ⟩) but the models themselves are typically
pointwise (i.e., they take ⟨𝑞, 𝑑⟩ as input). This pointwise model is
applied to ®𝑥 ′

𝑞,𝑑𝑖
and ®𝑥 ′

𝑞,𝑑 𝑗
independently in parallel. The labels for

the documents are tied-masked—i.e., they are either both masked
or unmasked at the same time. When unmasking the label as part
of the reverse diffusion process, the preference label prediction
®𝜓 = [𝑠𝑞,𝑑𝑖 , 𝑠𝑞,𝑑 𝑗 ] is a concatenation of the scores 𝑠𝑞,𝑑𝑖 and 𝑠𝑞,𝑑 𝑗 . This
is similar to training the model with LRankNet with the addition of
noise to the features and the additional Gaussian diffusion loss as a
component of the overall optimization objective.

3.3 Listwise DiffusionRank

While we do not principally explore listwise generative objectives
in this current work, we present a brief sketch for designing a diffu-
sion based counterpart to LLambdaRank here by updating the overall
training objective for Pairwise DiffusionRank to the following:

LTabDiff = 𝜆num · Lnum + 𝜆cat · Lcat,pairwise · |ΔMetric| (18)

We reserve further exploration of listwise objectives using denois-
ing diffusion models, and the empirical evaluation of LLambdaRank,
for future work.

In this work, we designed diffusion-based counterparts toLpointwise-CE
and LRankNet to demonstrate the generality of our method and its
relevance to different LTR approaches. We leave similar adaptation
of other discriminative LTR objectives, including listwise losses,
into the DiffusionRank framework for future work.

4 Experiments

4.1 Data

We evaluate our approach on three widely used Learning to Rank
datasets: LETOR 4.0, which consists of the MQ2007 and MQ2008
benchmarks, and MSLR-WEB10K [45]. Both LETOR 4.0 and MSLR-
WEB10K are constructed from real Bing search logs, with MSLR-
WEB10K being approximately fourteen times larger than LETOR
4.0.

Each query-document pair in LETOR 4.0 is represented by 46
numerical features, and relevance labels are graded from 0 to 2. In
MSLR-WEB10K, each pair has 136 features, and relevance labels
range from 0 (irrelevant) to 4 (perfectly relevant). Table 1 summa-
rizes dataset statistics.

For pointwise training, relevance labels were binarized: for LETOR
4.0, 0 → 0 and 1,2 → 1; for MSLR-WEB10K, 0,1 → 0 and 2,3,4 → 1.
The original labels were retained for evaluation. All features were
transformed using a Quantile Transformer. The same transforma-
tion was also applied when training the baseline models to ensure
a fair comparison.

For experiments analyzing the effect of training data size, we
randomly sampled subsets of the training data and used the same
samples across all runs. This ensures that all models were trained on
exactly the same data, while the validation and test sets remained
unchanged.

4.2 Models

To ensure a principled and fair comparison between generative and
discriminative approaches, we adopt the same base neural architec-
ture across all models. This design choice allows us to isolate the
effect of the learning paradigm itself without confounding factors
arising from architectural differences.

Both discriminative and generative models are implemented us-
ing a feedforward network (FFN) backbone with four hidden layers.
The hidden layer size is set to 256 for the LETOR 4.0 datasets and
1,024 for MSLR-WEB10K. Each hidden layer applies SiLU activa-
tion followed by Layer Normalization and a dropout rate of 0.1.
As previously mentioned in Section 3, DiffusionRank differs from
discriminative models due to its nature in that both features and la-
bels are input and predicted, while discriminative models only take
features and predict labels. Figure 2 illustrates these differences.

The XGBoost baseline [8] is trained with the ’binary:logistic’
objective for pointwise and ’rank:pairwise’ for pairwise tasks. Max-
imum tree depth is set to 6 for LETOR 4.0 and 32 for MSLR-WEB10K,
matching the scale of the neural models.

4.3 Training

Neural models are trained using AdamW. DiffusionRank employs a
continuous-time diffusion process with 50 steps for numeric and cat-
egorical features. For the categorical loss, we set 𝜆cat = 1 and apply
an annealing scheduler on 𝜆num to gradually reduce its importance
during training, following the TabDiff settings [51].

The diffusion process is further parameterized with noise sched-
ulers: ’power_mean’ for numeric features and ’log_linear’ for cat-
egorical features. At each step, noise is added to the features and
labels, with the diffusion time variable 𝑡 sampled from a uniform
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Table 2: Main results on MSLR-WEB10K, MQ2007, and MQ2008. We compare discriminative baselines and DiffusionRank under

pointwise and pairwise training, for multiple training data fractions 𝐾 (smaller 𝐾 corresponds to less training data). The highest

metric value under each 𝐾 is bolded.

MSLR-WEB10K MQ2007 MQ2008
NDCG@10 MAP@10 NDCG@10 MAP@10 NDCG@10 MAP@10

K=1.0

XGBoost (pointwise) 0.4866 0.7374 0.4397 0.5221 0.4707 0.4571
XGBoost (pairwise) 0.4143 0.6504 0.4005 0.4926 0.4753 0.4611

Discriminative (pointwise) 0.5123 0.7568 0.4640 0.5403 0.4794 0.4549
Discriminative (pairwise) 0.5227 0.7692 0.4582 0.5262 0.4660 0.4441
DiffusionRank (pointwise) 0.5202 0.7676 0.4751 0.5377 0.4626 0.4438
DiffusionRank (pairwise) 0.5288 0.7751 0.4810 0.5512 0.4615 0.4392
K=2−2

XGBoost (pointwise) 0.4761 0.7321 0.4076 0.4794 0.4408 0.4252
XGBoost (pairwise) 0.3844 0.6216 0.4358 0.5271 0.4531 0.4368
Discriminative (pointwise) 0.5015 0.7508 0.4468 0.5345 0.4712 0.4520
Discriminative (pairwise) 0.5044 0.7589 0.4469 0.5181 0.4622 0.4469
DiffusionRank (pointwise) 0.5066 0.7563 0.4614 0.5377 0.4795 0.4726

DiffusionRank (pairwise) 0.5133 0.7613 0.4623 0.5315 0.4628 0.4493
K=2−4

XGBoost (pointwise) 0.4562 0.7137 0.4134 0.4852 0.4529 0.4310
XGBoost (pairwise) 0.4098 0.6468 0.4210 0.4973 0.4573 0.4435
Discriminative (pointwise) 0.4791 0.7370 0.4458 0.5226 0.4754 0.4550
Discriminative (pairwise) 0.4762 0.7377 0.4121 0.4892 0.4371 0.4250
DiffusionRank (pointwise) 0.4816 0.7391 0.4475 0.5183 0.4821 0.4607

DiffusionRank (pairwise) 0.4947 0.7499 0.4109 0.4840 0.4400 0.4245
K=2−6

XGBoost (pointwise) 0.4390 0.7080 0.3618 0.4487 0.4057 0.3712
XGBoost (pairwise) 0.3600 0.5902 0.3934 0.4753 0.3815 0.3440
Discriminative (pointwise) 0.4610 0.7252 0.3908 0.4813 0.4150 0.3921
Discriminative (pairwise) 0.4265 0.6992 0.3487 0.4334 0.4269 0.4042
DiffusionRank (pointwise) 0.4557 0.7210 0.3979 0.4840 0.4182 0.4058
DiffusionRank (pairwise) 0.4405 0.7133 0.3464 0.4233 0.4355 0.4073

K=2−8

XGBoost (pointwise) 0.4024 0.6700 0.3661 0.4459 0.3465 0.3180
XGBoost (pairwise) 0.3462 0.5779 0.3815 0.4538 0.3666 0.3287
Discriminative (pointwise) 0.4227 0.6877 0.3655 0.4495 0.3751 0.3504
Discriminative (pairwise) 0.3586 0.6385 0.3255 0.4114 0.3766 0.3568

DiffusionRank (pointwise) 0.4253 0.6839 0.3731 0.4626 0.3593 0.3371
DiffusionRank (pairwise) 0.3787 0.6624 0.3248 0.4097 0.3011 0.2647

distribution. These settings allow the model to balance feature and
label denoising effectively throughout the diffusion process.

Hyperparameter tuningwas performed once using random search
over: Data Transformer, learning rate, number of hidden layers,
hidden layer size, activation function, dropout rate, and loss-weight
schedules (for generative models). The best model was selected
based on NDCG@10 on the validation set. All models and baselines
were trained on a single NVIDIA RTX A6000 GPU with 48GB of
memory. Note that we built our framework on top of TabDiff’s
code1. To support reproducibility and facilitate future research, we
made all code publicly available on GitHub2.

1https://github.com/MinkaiXu/TabDiff
2https://anonymous.4open.science/r/DiffusionRank-1E51/

4.4 Evaluation

We evaluate all models using standard ranking effectiveness metrics
commonly adopted in Learning-to-Rank research. Specifically, we
report Normalized Discounted Cumulative Gain (NDCG) and Mean
Average Precision (MAP) at a cutoff of 10, with all scores averaged
over queries in each dataset. While pointwise models are trained
using binarized relevance labels, all evaluations are conducted using
the original graded relevance judgments provided by the datasets
to ensure a fair and standard assessment of ranking quality across
all settings. To assess statistical significance between models, we
apply a paired t-test with a significance threshold of 𝑝 < 0.05.
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Figure 3: Training dynamics on validation data (NDCG@10) for discriminative vs. DiffusionRank models. We plot validation

effectiveness over training steps for (left) MSLR-WEB10K and (right) MQ2007. Across both datasets, DiffusionRank shows

smoother, more stable trajectories and less pronounced degradation at later training stages, consistent with improved robustness

to overfitting compared to discriminative baselines.

5 Results

In this section, we first present the overall effectiveness of Diffu-
sionRank compared to standard discriminative learning-to-rank
baselines. We then drill down into two factors that help explain
when and why generative training is beneficial: (i) the impact of
training data size on DiffusionRank’s relative advantage, and (ii) an
ablation that perturbs input features during discriminative train-
ing to test whether DiffusionRank’s gains could be attributed to
robustness induced by noisy inputs rather than to modeling the
joint feature-label distribution.

5.1 Generative vs. Discriminative LTR

We report the performance of different methods across all datasets
in terms of NDCG@10 and MAP@10 in Table 2. Different sections
of the paper illustrate results for multiple values of 𝐾 , reflecting
different fractions of the training data used to train the model.
As shown in this table, when training with full data (i.e., 𝐾=1),
DiffusionRank consistently outperforms its discriminative counter-
parts in both pointwise and pairwise formulations on MQ2007 and
MSLR-WEB10K. In particular, generative pointwise models achieve
higher effectiveness than discriminative pointwise models, and
generative pairwise models similarly outperform discriminative
pairwise baselines. These improvements are statistically signifi-
cant based on paired 𝑡-tests with 𝑝 < 0.05. On MQ2008 the results
are more mixed which may at least be partially explained by the
substantially smaller size of this dataset compared to MQ2007 and
MSLR-WEB10K, which make these results less trustworthy.

Table 2 also reports performance as we progressively reduce
the amount of training data (smaller 𝐾 ). As expected, effectiveness
generally degrades for all methods as 𝐾 decreases. However, on
MSLR-WEB10K, DiffusionRank typically retains an advantage over
the corresponding discriminative baselines across a wide range of
data fractions (both pointwise and pairwise), suggesting improved
robustness in the low-to-moderate data regime. On the MQ datasets,

the trends are more mixed: DiffusionRank tends to match or im-
prove upon discriminative baselines at moderate fractions (e.g.,
𝐾 = 2−2 and 𝐾 = 2−4), but differences become noisier as 𝐾 becomes
very small. Overall, these results indicate that DiffusionRank’s gains
are most consistent when sufficient training data is available; in this
regime, it consistently outperforms its discriminative counterparts.

To better understand these gains, Figure 3 illustrates the train-
ing dynamics of discriminative and generative models. A notable
observation is that DiffusionRank exhibits more stable training
behavior and appears less prone to overfitting compared to discrim-
inative models. While discriminative models often show widening
gaps between training and validation performance, the generative
models maintain closer alignment between the two. This increased
robustness to overfitting may partially explain the consistent perfor-
mance improvements observed for DiffusionRank across datasets
and training paradigms.

5.2 Effect of training data size

We analyze the impact of training data size on ranking effectiveness
in Figure 4 for both pointwise and pairwise approaches. Across
datasets, the relative gap between generative and discriminative
training is not strictly monotonic and varies by dataset and regime,
indicating that the benefits of generative training depend on both
data scale and the intrinsic difficulty/noise characteristics of the
dataset. OnMSLR-WEB10K, the separation between the solid (Diffu-
sionRank) and dashed (discriminative) curves becomes increasingly
consistent as the training set grows. This pattern suggests that
DiffusionRank is able to better exploit additional supervision, po-
tentially because modeling the joint distribution over features and
relevance labels benefits from richer coverage of the feature-label
space and reduces overfitting as the model sees a wider range of
query-document configurations. In other words, in the larger-data
regime, the generative objective appears to act as a stronger induc-
tive bias: it encourages solutions that explain the data distribution
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Figure 4: Effect of training set size on ranking effectiveness in terms of NDCG@10. Colors indicate datasets; solid lines denote

DiffusionRank and dashed lines denote the corresponding discriminative baseline.

more globally rather than fitting idiosyncrasies of limited training
samples, leading to more reliable gains.

In contrast, on MQ2007 and MQ2008, the curves exhibit no-
ticeably higher variance, with occasional crossings in the low- to
moderate-data regime. Moreover, in this regime, the additional
modeling burden imposed by the generative objective may not al-
ways translate into improved ranking effectiveness, because there
may be insufficient data to robustly estimate the joint structure
that DiffusionRank is designed to capture. As a result, differences
can fluctuate across training sizes, and apparent advantages at one
subsample size may not persist at another.

Overall, while the trends are not fully conclusive for the smaller
subsets, the figure supports that DiffusionRank’s gains are most
stable and pronounced when sufficient training data is available
and any claims about data efficiency should be made cautiously. A
useful direction for future work would be to quantify this variabil-
ity explicitly to better distinguish systematic improvements from
sampling noise.

5.3 Training with noisy features

One potential explanation for DiffusionRank’s improvements is that
predicting relevance from perturbed inputs may act as an implicit
regularizer, improving generalization in a way that is not specific to
generative modeling. To test this hypothesis, we train discrimina-
tive pointwise and pairwise models on artificially perturbed (noisy)
features and compare them against (i) their standard, non-perturbed
counterparts and (ii) DiffusionRank. Table 3 reports NDCG@10 and
MAP@10 for each dataset under these conditions. We note that in
perturbed setting, we inject controlled random noise into the input
feature vector of each query–document instance during training,
while keeping the ground-truth relevance labels unchanged. This
perturbation is applied only as a training-time augmentation and
is intended to isolate whether the observed gains could be attrib-
uted to regularization from noisy inputs rather than the generative
training objective.

As shown in Table 3, introducing feature perturbations does
not consistently improve discriminative learning-to-rank. In fact,
discriminative models trained with noisy features perform com-
parably to their clean-feature counterparts. In contrast, Diffusion-
Rank remains stronger than the discriminative models trained with
noisy features, with statistically significant improvements onMSLR-
WEB10K and MQ2007 (𝑝 < 0.05, paired 𝑡-test). On MQ2008, the
results are again mixed which might be due to the small size of the
datasets. Overall, these results indicate that DiffusionRank’s gains
cannot be explained solely by a regularization effect from noisy
inputs. Instead, they support the conclusion that explicitly learning
the joint distribution over features and relevance labels is an impor-
tant contributor to the effectiveness of generative learning-to-rank
in our setting.

6 Conclusion and Future Work

In this work, we demonstrate how diffusion modeling for tabular
data presents an exciting new direction for generative LTR. We
introduce diffusion-based counterparts for selected pointwise and
pairwise discriminative LTR objectives. We hope this motivates
future work to translate other discriminative LTR objectives, in-
cluding listwise losses, to the generative setting.

Research questions for future work also include studying these
approaches under large training data regimes, which may be par-
ticularly interesting as generating large volumes of training data
becomes increasingly cheaper using LLMs-as-Judges [57] and other
techniques for synthetic data generation [48, 49]. Generative LTR
approaches may also be able to leverage unlabeled LTR datasets
consisting only of feature vectors as part of the Gaussian diffusion
process, which presents another potentially promising direction for
exploration. While our focus in this work has been on manually-
designed numerical features, generative LTR may also be extended
to representation-learning neural IR models where the inputs are
query and document tokens. This would require us to deal with
additional modalities as part of our diffusion process; which may
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Table 3: Impact of training models with perturbed data reported on MSLR-WEB10K, MQ2007, and MQ2008. We compare

discriminative baselines trained on clean features vs. perturbed features (training-time noise injection) and DiffusionRank.

MSLR-WEB10K MQ2007 MQ2008
NDCG@10 MAP@10 NDCG@10 MAP@10 NDCG@10 MAP@10

Discriminative (pointwise) 0.5123 0.7568 0.4640 0.5403 0.4794 0.4549
Discriminative (pointwise) perturbed 0.5141 0.7581 0.4539 0.5212 0.4817 0.4584
DiffusionRank (pointwise) 0.5202 0.7676 0.4751 0.5377 0.4626 0.4438
Discriminative (pairwise) 0.5227 0.7692 0.4582 0.5262 0.4660 0.4441
Discriminative (pairwise) perturbed 0.5214 0.7645 0.4599 0.5303 0.4678 0.4449
DiffusionRank (pairwise) 0.5288 0.7751 0.4810 0.5512 0.4615 0.4392

benefit from exploring emerging approaches for diffusion over
structured datasets like DiSK [28].

While the IR community has not been immune to the excitement
around emerging advancements in generative AI [61], the focus
has largely been centered on the applications of LLMs, with some
notable exceptions [35, 36]. We hope that work, such as ours, will
uncover a broader space of opportunities to explore and apply
generative modeling algorithms in IR that do not simultaneously
carry the baggage of the societal risks associated with LLMs [42].
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