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Abstract
CLAX is a JAX-based library that implements classic click mod-
els using modern gradient-based optimization. While neural click
models have emerged over the past decade, complex click models
based on probabilistic graphical models (PGMs) have not systemati-
cally adopted gradient-based optimization, preventing practitioners
from using modern deep learning frameworks while preserving
the interpretability of classic models. CLAX addresses this gap by
replacing EM-based optimization with direct gradient-based opti-
mization in a numerically stable manner. The framework’s modular
design enables the integration of any component, from embeddings
and deep networks to custom modules, into classic click models
for end-to-end optimization. We demonstrate CLAX’s efficiency
by running experiments on the full Baidu-ULTR dataset [53] com-
prising over a billion user sessions in ∼ 2 hours on a single GPU,
orders of magnitude faster than traditional EM approaches. CLAX
implements ten classic click models, serving both industry practi-
tioners seeking to understand user behavior and improve ranking
performance at scale and researchers developing new click models.
CLAX is available at: https://github.com/philipphager/clax
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1 Introduction
Click models are integral to web search as tools for understanding
and predicting user interactions [9]. Click models are used to de-
termine user behavior on search engine result pages [5, 11, 17, 37],
predict clicks in advertising [8, 34, 51], estimate click biases for
counterfactual learning-to-rank [44, 46], simulate users [14, 25],
evaluate new ranking systems [10], and as ranking models [49].
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Listing 1: A minimal example of training a UBM in CLAX.
1 from clax import Trainer , UserBrowsingModel
2 from flax import nnx
3 from optax import adamw
4

5 model = UserBrowsingModel(
6 query_doc_pairs =100 _000_000 ,
7 positions =10,
8 rngs=nnx.Rngs (42),
9 )
10 trainer = Trainer(
11 optimizer=adamw (0.003) ,
12 epochs =50,
13 )
14 train_df = trainer.train(model , train_loader , val_loader)
15 test_df = trainer.test(model , test_loader)

Early click models can be represented as probabilistic graphi-
cal models [PGMs, 9] that explicitly model latent variables such
as document attractiveness, user satisfaction, and rank examina-
tion. Popular models, including the position-based model [PBM,
37], user browsing model [UBM, 17], and dynamic Bayesian net-
work [DBN, 5], are traditionally optimized using expectation maxi-
mization (EM). EM optimizes probabilistic models with latent vari-
ables by alternately imputing missing values and updating parame-
ters, and is widely used in click modeling libraries such as PyClick1
or ParClick [27]. The iterative nature of EM scales poorly with
dataset size, motivating specialized algorithms [27, 43] and online
optimization procedures [33].

Over the last decade, neural clickmodels have emerged along two
directions. The first uses neural architectures such as recurrent neu-
ral networks [2, 6], attention [52], and graph neural networks [31]
to improve click prediction, potentially at the expense of the inter-
pretability of traditional PGMs. The second parameterizes simple
PGMs with deep neural networks [13, 49]. A prominent example is
the two-tower model, a neural parameterization of the PBM [37],
popular for position bias correction in industry [21, 23, 49, 50].

Gradient-based optimization has not been systematically applied
to complex PGM-based click models [9], preventing practitioners from
using modern deep learning frameworks while preserving the inter-
pretability and theoretical foundations of classic models. Given that
simple two-tower models already demonstrate strong empirical per-
formance [21–23, 49], parameterizing more sophisticated models
like the DBN [5] and UBM [17] may yield significant benefits.

Building on Google’s JAX [3] and Flax NNX [24], we introduce
CLAX, a neural click modeling library that bridges traditional PGM-
based click models with modern gradient-based optimization, re-
placing EM with direct optimization of marginal log-likelihoods.

1 https://github.com/markovi/PyClick
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CLAX is designed aroundmodularity and scale. By default, CLAX
uses embeddings to represent model components such as query-
document attractiveness, making it equivalent to classic click mod-
eling libraries [9]. Listing 1 shows a minimal example of training a
UBMwith CLAX. CLAX’s modular design enables broad customiza-
tion: linear models, deep networks, deep cross networks [45], or
custom Flax modules can be plugged in for end-to-end optimiza-
tion [24]. This modularity even allows meta-models, e.g., mixture
models over multiple click models for datasets where users exhibit
different behaviors across sessions [49].

To achieve scale, CLAX uses baseline correction and embedding
compression from the deep recommender systems literature [41, 47],
combined with JAX’s computational efficiency to train on billions
of query-document pairs on a single GPU. We demonstrate this by
training and evaluating on the complete Baidu-ULTR dataset [53]
containing over 1 billion user sessions in under 2 hours.

Our contributions are fourfold:
• We demonstrate that gradient-based optimization can replace
EM for training traditional PGM-based click models and achieve
comparable empirical click prediction performance.

• We introduce CLAX, a JAX-based click modeling library with a
highly modular design allowing any neural components to be
plugged into classic PGM structures.

• We showcase the computational efficiency of CLAX by training
and evaluating on over 1 billion user sessions of the Baidu-ULTR
dataset on a single GPU.

• We find that neural parameterizations of sophisticated PGMs can
surpass the ranking performance of prevalent two-tower models,
potentially providing practitioners with a powerful new tool.

CLAX is a tool for practitioners and researchers alike. Practition-
ers may go beyond two-tower models to cascade-like models. Re-
searchers benefit from the direct optimization of the marginal log-
likelihood of many PGMs using SGD and autograd frameworks,
simplifying the creation of new models. CLAX’s core paradigm is
not tied to JAX; all models can be implemented in PyTorch or Ten-
sorFlow. We chose JAX for its speed and growing ecosystem [12].

2 Related Work
2.1 Click models
Click models emerged as PGMs for predicting user clicks on search
results [9]. Most are extensions of two models: the position-based
model [PBM, 37], which assumes users click on documents only
after observing their position and finding the document attractive.
The cascade model [11] assumes users sequentially examine docu-
ments and click on the first relevant item. Extensions to the cascade
model include the DCM [20], which assumes a rank-dependent
probability of users continuing after their first click, the CCM [19],
where continuation depends on a document’s attractiveness, and
the DBN [5], separating document attraction (before click) and
satisfaction (after clicking). The UBM [17] extends the PBM by
assuming that examination depends on the last clicked position.
CLAX implements seven foundational PGM-based click models and
three CTR baselines using gradient-based optimization [9].2

2 We provide the complete derivation of each model and its marginal log-likelihood
in our documentation: https://philipphager.github.io/clax/2-models/

2.2 Neural click models
Click models have incorporated neural networks in two ways. First,
new click models based on neural architectures, such as recurrent
neural networks, graph networks, and attention have emerged [2, 6,
31, 52]. These methods demonstrate strong empirical performance
though are less interpretable than PGM-based click models.

Second, neural implementations of classic click models have
emerged. Two-tower models based on the PBM are prevalent in
industry ranking settings [21, 23, 49], using query-document fea-
tures and bias features beyond position to predict examination and
attractiveness. CLAX provides the logical next step by enabling
easy parameterization of more advanced click models.

We are not the first to apply gradient-based optimization to PGM-
based click models beyond the PBM. Deffayet et al. [13] implement
the PBM, UBM, and DBN using gradient-based optimization in Py-
Torch while investigating robustness to distributional shift. Their
work focuses on robustness analysis rather than validation against
EM baselines or providing a general-purpose library. CLAX extends
this by (i) empirically demonstrating equivalent click prediction
performance to EM baselines, (ii) providing a comprehensive li-
brary with an API that enables flexible neural parameterization,
and (iii) scaling to massive datasets.

2.3 Existing frameworks
The standard library for click modeling is PyClick [9], using maxi-
mum likelihood estimation and EM. PyClick can be accelerated with
the PyPy [1] interpreter, but it remains too slow even for medium-
scale datasets (see Section 6.1). Specialized libraries have emerged
to address this. ParClick [27] is a C++ library that parallelizes EM
across multiple CPU cores on a single machine. MassiveClicks [43]
extends ParClick to support multi-node and GPU-based training.
These libraries enable fast training but are difficult to extend with
custom neural modules.

Rather than competing with specialized libraries on speed, CLAX
replaces EM with gradient-based optimization using a general-
purpose deep learning framework. This enables end-to-end opti-
mization of customizable models while benefiting from JAX’s speed
through just-in-time compilation and GPU support [3, 24]. CLAX
integrates with the JAX ecosystem, including Flax [24] for neural
networks, Optax for optimization, and Rax [26] for ranking metrics.
Our implementation demonstrates a paradigm that translates to
other deep learning frameworks, such as PyTorch or TensorFlow.

3 From EM to Gradient-based Optimization
In the following, we theoretically compare expectation maximiza-
tion [15] and gradient ascent3 for inferring parameters in click
models, using the position-based model (PBM) [11, 37] as an exam-
ple. We focus on a single query with documents 𝑑 ∈ 𝐷 at positions
𝑘 ∈ {1, . . . , 𝐾}. The PBM assumes a user clicks on document 𝑑 if
they examine position 𝑘 and find it attractive. We define binary
random variables for click 𝐶 , examination 𝐸, and attractiveness 𝐴,
with realizations 𝑐, 𝑒 and 𝑎. The click probability of the PBM is:

𝑃 (𝐶 = 1 | 𝑑, 𝑘) = 𝑃 (𝐸 = 1 | 𝑘) · 𝑃 (𝐴 = 1 | 𝑑) = 𝜃𝑘𝛾𝑑 , (1)

3 Here, we frame the problem as likelihood maximization, although in practice we
minimize the negative log-likelihood using gradient descent.

3221

https://philipphager.github.io/clax/2-models/


CLAX: Fast and Flexible Neural Click Models in JAX SIGIR ’26, July 20–24, 2026, Melbourne, VIC, Australia

where 𝜃𝑘 is the examination probability of rank 𝑘 and 𝛾𝑑 is the at-
tractiveness probability of document 𝑑 . Like many click models, the
PBM contains latent variables. We only observe clicks, not exami-
nation or attractiveness. This means we cannot directly optimize
the complete-data log-likelihood. Instead, we must maximize the
marginal log-likelihood of the data we can actually observe:

L(𝜃,𝛾 ;D) =
∑︁

(𝑑,𝑘,𝑐 ) ∈D
[𝑐 log(𝜃𝑘𝛾𝑑 ) + (1 − 𝑐) log(1 − 𝜃𝑘𝛾𝑑 )] . (2)

3.1 Expectation-maximization (EM) algorithm
EM [15] is a prominent method for optimizing likelihoods with
latent variables. Starting from an initial guess of our parameters,
EM cycles between two steps until convergence. In the expectation
step, we compute posterior expectations of latent variables using
current parameters and observed data. In the maximization step,
we find new parameters that maximize the expected complete-data
log-likelihood. In the following, we showcase EM for the PBM.

E-step: Given PBM parameters (𝜃 (𝑡 ) , 𝛾 (𝑡 ) ) at iteration 𝑡 and ob-
served clicks, we compute the posterior expectation of each latent
variable for each observation (𝑑, 𝑘, 𝑐) ∈ D. For binary variables 𝐸
and 𝐴, this equals their posterior probability given click 𝑐:

𝑒𝑑,𝑘,𝑐 = E[𝐸 | 𝑐, 𝑑, 𝑘 ;𝜃 (𝑡 ) , 𝛾 (𝑡 ) ]
= 𝑐 · 𝑃 (𝐸 = 1 | 𝐶 = 1) + (1 − 𝑐) · 𝑃 (𝐸 = 1 | 𝐶 = 0)

= 𝑐 · 1 + (1 − 𝑐) · 𝑃 (𝐶 = 0 | 𝐸 = 1, 𝑑, 𝑘)𝑃 (𝐸 = 1 | 𝑘)
𝑃 (𝐶 = 0 | 𝑑, 𝑘)

= 𝑐 + (1 − 𝑐) ·
(1 − 𝛾 (𝑡 )

𝑑
)𝜃 (𝑡 )

𝑘

1 − 𝜃 (𝑡 )
𝑘
𝛾
(𝑡 )
𝑑

, (3)

𝑎𝑑,𝑘,𝑐 = E[𝐴 | 𝑐, 𝑑, 𝑘 ;𝜃 (𝑡 ) , 𝛾 (𝑡 ) ]

= 𝑐 + (1 − 𝑐) ·
(1 − 𝜃 (𝑡 )

𝑘
)𝛾 (𝑡 )

𝑑

1 − 𝜃 (𝑡 )
𝑘
𝛾
(𝑡 )
𝑑

. (4)

M-step: In the maximization step, we use the posterior expecta-
tions (𝑒𝑑,𝑘,𝑐 , 𝑎𝑑,𝑘,𝑐 ) at time 𝑡 to find new model parameters by maxi-
mizing the expected complete-data log-likelihood (Q-function):

Q
(
𝜃 (𝑡+1) , 𝛾 (𝑡+1) | 𝜃 (𝑡 ) , 𝛾 (𝑡 )

)
=∑︁

(𝑑,𝑘,𝑐 ) ∈D

[
𝑒𝑑,𝑘,𝑐 log(𝜃 (𝑡+1)𝑘

) + (1 − 𝑒𝑑,𝑘,𝑐 ) log(1 − 𝜃 (𝑡+1)𝑘
)
]
+∑︁

(𝑑,𝑘,𝑐 ) ∈D

[
𝑎𝑑,𝑘,𝑐 log(𝛾 (𝑡+1)𝑑

) + (1 − 𝑎𝑑,𝑘,𝑐 ) log(1 − 𝛾 (𝑡+1)𝑑
)
]
.

(5)

Note that the Q-function is commonly much simpler than our
marginal log-likelihood. For the PBM, it decouples the estimation of
𝜃 and 𝛾 . Taking derivatives with respect to each parameter, setting
to zero, and solving yields the following closed-form updates:

𝜃
(𝑡+1)
𝑘

=

∑
(𝑑,𝑘′,𝑐 ) ∈D,𝑘′=𝑘 𝑒𝑑,𝑘,𝑐∑

(𝑑,𝑘′,𝑐 ) ∈D,𝑘′=𝑘 1
, 𝛾

(𝑡+1)
𝑑

=

∑
(𝑑′,𝑘,𝑐 ) ∈D,𝑑′=𝑑 𝑎𝑑,𝑘,𝑐∑

(𝑑′,𝑘,𝑐 ) ∈D,𝑑′=𝑑 1
. (6)

3.2 Gradient-based optimization
An alternative to EM is to optimize the marginal log-likelihood L
in Eq. 2 using gradient-based methods. This involves computing
the partial derivative of L w.r.t. each parameter and taking a step

in the direction of the gradient [38]:
𝜕L
𝜕𝛾𝑑

=
∑︁

(𝑑′,𝑘,𝑐 ) ∈D,𝑑′=𝑑

(
𝑐

𝛾𝑑
− (1 − 𝑐)𝜃𝑘

1 − 𝜃𝑘𝛾𝑑

)
, (7)

𝜕L
𝜕𝜃𝑘

=
∑︁

(𝑑,𝑘′,𝑐 ) ∈D,𝑘′=𝑘

(
𝑐

𝜃𝑘
− (1 − 𝑐)𝛾𝑑

1 − 𝜃𝑘𝛾𝑑

)
. (8)

We update model parameters iteratively using learning rate 𝜂:

𝜃
(𝑡+1)
𝑘

= 𝜃
(𝑡 )
𝑘

+ 𝜂 𝜕L
𝜕𝜃𝑘

and 𝛾
(𝑡+1)
𝑑

= 𝛾
(𝑡 )
𝑑

+ 𝜂 𝜕L
𝜕𝛾𝑑

. (9)

3.3 Comparison and discussion.
Both EM and gradient-based optimization are valid methods for
finding maximum likelihood estimates when dealing with marginal
log-likelihoods [29, Chapter 19]. While both can become trapped in
local optima, they differ in their optimization characteristics. EM
guarantees monotonic improvement in the marginal log-likelihood
and circumvents the complexity of directly optimizing the marginal
likelihood by optimizing a simpler auxiliary function [15, 39, 48].
However, EM can be slow to converge with high missing infor-
mation [15, 48] and classical implementations require full dataset
passes, motivating online and stochastic variants [4, 35, 42].

Gradient-based methods offer different trade-offs, using general-
purpose optimization advances (e.g., adaptive learning rates [16,
28, 32], momentum [36]) that can lead to fast convergence, without
monotonic improvement guarantees. Their advantage lies in mini-
batch processing, which scales well to large datasets and modern
parallel hardware. For click models with tractable marginal log-
likelihoods, automatic differentiation eliminates manual E and M
step derivations while offering computational efficiency gains.

The relationship between EM and gradient methods runs deeper
than their shared objective: the gradient of the expected complete-
data log-likelihood (Q-function), evaluated at current parameter
estimates, equals the gradient of the marginal log-likelihood [39]:

∇Q(𝜃,𝛾 | 𝜃 (𝑡 ) , 𝛾 (𝑡 ) )
���
𝜃=𝜃 (𝑡 ) ,𝛾=𝛾 (𝑡 )

= ∇L(𝜃,𝛾)
���
𝜃=𝜃 (𝑡 ) ,𝛾=𝛾 (𝑡 )

. (10)

In fact, EM can be viewed as gradient ascent with an adaptive,
parameter-dependent step size [39]. We verify this equality explic-
itly for the PBM. The gradient of the auxiliary function Q with
respect to 𝛾𝑑 , evaluated at 𝜃𝑘 = 𝜃

(𝑡 )
𝑘

and 𝛾𝑑 = 𝛾
(𝑡 )
𝑑

, is:

𝜕Q (𝜃𝑘 , 𝛾𝑑 | 𝜃𝑘 , 𝛾𝑑 )
𝜕𝛾𝑑

=
∑︁

(𝑑′,𝑘,𝑐 ) ∈D,𝑑′=𝑑

(
𝑐

𝛾𝑑
− (1 − 𝑐)𝜃𝑘

1 − 𝜃𝑘𝛾𝑑

)
=
𝜕L
𝜕𝛾𝑑

. (11)

While we verify Eq. 10 only for the PBM for brevity, the fundamental
property holds for any click model optimized using EM, including
complex models like the DCM, UBM, and DBN [39].

This has important practical consequences. If one implements
EM using the most recent parameters in the E-step and performs
only a single gradient update for a batch the M-step, EM effectively
becomes direct gradient-based maximization of the marginal log-
likelihood. E.g., the TensorFlow Ranking library implements an
EM-based objective for the PBM [46],4 but their gradient-based
optimization produces the same gradient for each batch as directly
minimizing the binary cross-entropy loss in Eq. 2, demonstrating
4 https://www.tensorflow.org/ranking/api_docs/python/tfr/keras/losses/ClickEMLoss
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Listing 2: The CLAX model API.
1 batch = {
2 "positions": [[1, 2, 3, ...]],
3 "query_doc_ids": [[101, 205, 847, ...]],
4 "clicks": [[0., 1., 0., ...]],
5 "mask": [[True , True , True , ...]],
6 }
7

8 loss = model.compute_loss(batch)
9 log_probs = model.predict_clicks(batch)
10 cond_log_probs = model.predict_conditional_clicks(batch)
11 relevance_scores = model.predict_relevance(batch)
12 output = model.sample(batch , rngs=nnx.Rngs (42))

that some practitioners have implicitly adopted direct gradient-
based optimization while framing it as EM. Nevertheless, classical
implementations typically differ: EM may perform full maximiza-
tion in each M-step or aggregate the entire dataset in the E-step,
while gradient-based methods exploit stochasticity and adaptive
optimization. Gradient-based optimization is a theoretically sound
alternative to EM for PGM-based click models with tractable mar-
ginal likelihoods, motivating CLAX, a JAX-based library for flexible
neural parameterization and scalable optimization.

4 An Overview of CLAX
CLAX builds on three principles: (i) numerically stable gradient-
based log-likelihood optimization; (ii) decoupling model logic and
parameterization for flexible model composition; and (iii) speed and
memory efficiency to support scale. Below, we give an overview of
the CLAX API and detail decisions that enable flexible parameteri-
zation and scale. We enhance numerical stability by performing all
calculations with log-probabilities.5

4.1 The CLAX model API
All models in CLAX share a unified interface of five methods that
accept a batch of data, as demonstrated in Listing 2. A batch in
CLAX is a Python dictionary of 2D NumPy arrays of shape (batch
size, max. positions). By default, CLAX expects arrays of document
positions, query-document-ids, clicks, and a binary mask indicating
valid (non-padded) entries. Padding queries to a fixed shape enables
vectorizing operations across variable-length sessions and reduces
JIT recompilation in JAX [3, 26]. Each CLAX model implements
five methods:
• compute_loss(...) Computes the training objective, typically the
negative log-likelihood of observed clicks, but can be customized.

• predict_clicks(...) Returns log-probabilities of a click for each
document 𝑑 at rank 𝑘 : 𝑐 = 𝑃 (𝐶 = 1 | 𝑑, 𝑘).

• predict_conditional_clicks(...)Returns click log-probabilities con-
ditioned on clicks at previous ranks: 𝑐 = 𝑃 (𝐶 = 1 | 𝑑, 𝑘, 𝑐<𝑘 ).

• predict_relevance(...) Returns a ranking scores for each docu-
ments, typically the document attractiveness.

• sample(...) Samples clicks and latent variables (e.g., examination,
attractiveness, satisfaction) on the current bactch.

5 For interested readers, we introduce standard operations between log-probabilities
in our documentation: https://philipphager.github.io/clax/4-numerical-stability/

Listing 3: Adding hashing and baseline correction to a CCM.
1 model = ClickChainModel(
2 attraction=EmbeddingParameterConfig(
3 use_feature="query_doc_ids",
4 parameters =100 _000_000 ,
5 add_baseline=True ,
6 embedding_fn=partial(
7 HashEmbedding ,
8 compression_ratio =10
9 ),
10 ),
11 rngs=nnx.Rngs (42),
12 )

4.2 Flexible parameterization
By decoupling a click model’s structure from its parameterization,
CLAX enables flexible model composition with embeddings, neural
networks, or custom Flax modules.

CLAX uses embedding tables by default, allocating separate
parameters for model components (e.g., attractiveness per query-
document pair). CLAX optionally uses a shared baseline parameter
so embeddings encode offsets from a global embedding rather than
absolute values. Parameters start at the baseline and gradually adapt
with more observations, improving predictions on long-tailed data.

To reduce the memory footprint of embedding tables, CLAX
provides two embedding compression techniques: (i) The hash-
ing-trick [47] maps multiple indices to the same embedding using
hash functions and (ii) the quotient-remainder trick [41] splits each
embedding into components from two smaller tables based on the
quotient and remainder of the embedding index. The final repre-
sentation is a combination of both embeddings, reducing memory
usage and embedding collisions. Listing 3 shows how to configure
the hashing-trick for the click chain model (CCM). Section 6.2 eval-
uates both compression techniques and demonstrates training on
datasets with billions of query-document pairs on a single GPU.

In many cases, allocating separate embedding parameters for
models might not be optimal. Instead, we may want to general-
ize over shared feature representations, such as two-tower models
that use feature representations for examination and attractive-
ness [21, 49, 50]. CLAX supports configuring any model parameter
to use features, with built-in support for linear layers, deep-neural
networks, and DeepCrossV2 networks [45]. Listing 4 shows a two-
tower model using a linear combination of bias features and a
DeepCrossV2 network to predict attractiveness:

Listing 4: Building a two-tower model in CLAX.
1 model = PositionBasedModel(
2 examination=LinearParameterConfig(
3 use_feature="bias_features",
4 features=8,
5 ),
6 attraction=DeepCrossParameterConfig(
7 use_feature="query_doc_features",
8 features =136,
9 cross_layers =2,
10 deep_layers =2,
11 combination=Combination.STACKED ,
12 ),
13 rngs=nnx.Rngs (42),
14 )
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Figure 1: CLAX matches or exceeds the click predictions of PyClick over three folds of 10M training sessions on WSCD-2012.

Finally, model parameters can be any Flax module, as long as the
output shape of the module matches the expectations of the click
model as we demonstrate in the examples in our online repository.

4.3 Mixture models
The power of modular design and gradient-based optimization be-
comes more apparent when exploring meta-modeling approaches
that combine multiple click models to capture diverse user behav-
iors. Building on [49], we implement an example mixture model
that can be used like any other CLAX model. A distribution over a
collection of click models is learned, to account for different brows-
ing patterns across sessions. Listing 5 shows how to implement a
mixture distribution over a PBM and DBN model.

Yan et al. [49] share attractiveness parameters between click
models, which is not necessary in CLAX, but easy to do as we
can supply the same parameter to both models, as shown in List-
ing 5. We evaluate a mixture model as part of our experiments in
Section 6.3.

Listing 5: A mixture model with parameter sharing.
1 rngs = nnx.Rngs (42)
2 attraction = EmbeddingParameter(
3 EmbeddingParameterConfig(
4 use_feature="query_doc_ids",
5 parameters =100 _000_000
6 ),
7 rngs=rngs ,
8 )
9 pbm = PositionBasedModel(
10 attraction=attraction , positions =10, rngs=rngs
11 )
12 dbn = DynamicBayesianNetwork(
13 attraction=attraction , positions =10, rngs=rngs
14 )
15 model = MixtureModel(models =[pbm , dbn])

4.4 Evaluation
Two aspects of click models are commonly evaluated [9, 18]: click
prediction and ranking quality. For click prediction, CLAX imple-
ments three standard metrics: log-likelihood, conditional, and un-
conditional perplexity. Conditional perplexity measures how well
a model fits observed data by incorporating previous clicks in the
session (using conditional click predictions 𝑐 = 𝑃 (𝐶 = 1 | 𝑑, 𝑘, 𝑐<𝑘 )),
while unconditional perplexity reflects prediction accuracy on com-
pletely unseen rankings without session context. This distinction

matters when evaluating models like the UBM [17] that adapt pre-
dictions based on previous clicks in the same session. Conditional
perplexity assumes top-down browsing behavior; if this assump-
tion is violated, unconditional perplexity is preferable. For rank-
ing evaluation, CLAX uses metrics from Rax [26], a JAX library
for learning-to-rank, supporting standard metrics such as DCG,
MRR, and AP computed against expert relevance judgments. We
list metric definitions and usage examples in our documentation:
https://philipphager.github.io/clax/3-metrics/

5 Experimental Setup
We conduct experiments in three settings. (i) We compare CLAX
models to EM-based counterparts from PyClick. (ii) We scale CLAX
to large datasets and investigate the effects of embedding compres-
sion. (iii) We evaluate CLAX models as unbiased ranking models.

5.1 Datasets
We use two real-world datasets of user interactions with search en-
gines: The WSCD-2012 dataset by Yandex is a foundational bench-
mark in click modeling [9, 40]. It contains 146,278,823 user ses-
sions and 346,711,929 unique query-document pairs. The dataset
provides query and document identifiers without additional docu-
ment features, allowing only for a direct comparison of embedding-
based click models. We generate a unique identifier for each query-
document combination as the only preprocessing step.

The Baidu-ULTR dataset is the largest publicly-available real-
world dataset for unbiased learning-to-rank, comprising over 1.2
billion user sessions and a test set of 397,572 annotated query-
document pairs [53]. This scale allows us to verify CLAX’s scala-
bility and ranking performance. We employ hashing to generate
query-document IDs from query IDs and document URLs, yield-
ing 2,147,483,647 unique identifiers. We are the first to train on
the entire Baidu-ULTR dataset, rather than just a subset [7, 22,
30, 53, 54]. For ranking performance comparison, we use the sub-
set of Baidu-ULTR from [22] with pre-computed 768-dimensional
MonoBERT features for 2,372,947 sessions.6 We publish all pre-
processed datasets and efficient dataloaders using Apache Parquet
under: https://huggingface.co/datasets/philipphager/clax-datasets.

5.2 Implementation
All CLAX experiments use the default trainer with the AdamW
optimizer [32] (learning rate 0.003, weight decay 0.0001) over 100
6 https://huggingface.co/datasets/philipphager/baidu-ultr_baidu-mlm-ctr
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Figure 2: Kendall’s 𝜏 between ranking models trained with
and without embedding compression on WSCD-2012.

epochs, stopping early after the first epoch without improvement
of the validation loss. Beyond our preliminary experiments, hy-
perparameters should be tuned per model and dataset. All experi-
ments run over three dataset splits and random seeds; we plot boot-
strapped 95% confidence intervals. CLAX experiments use a single
NVIDIA RTX A6000 GPU (48GB RAM) and PyClick experiments
use an Intel Xeon Gold 5118 CPU (2.30GHz). As recommended,
we run PyClick on the PyPy interpreter with JIT-compilation. To
ensure a fair comparison with CLAX, we adjust PyClick’s param-
eter initialization from 1

2 to 1
9 to better reflect the mean CTR on

WSCD-2012, improving click prediction on long-tailed items. We
publish all experimental configurations in our code repository:
https://github.com/philipphager/clax.

6 Results
6.1 Comparing EM and gradient-based

optimization
We validate CLAX against PyClick, the prevailing click modeling
library, to ensure our implementation produces equivalent click
predictions. Due to the scalability limitations of PyClick, we train
on three folds of 10M user sessions from the WSCD-2012 dataset,
using 5M sessions each for validation and testing. Fig. 1 compares
the click prediction performance and training times across both
libraries. The (unconditional) perplexity matches closely between
the two libraries. For conditional perplexity, simple models, such
as the PBM and CTR-based models, achieve identical performance.
CLAX sometimes achieves better conditional perplexity despite
both libraries optimizing the same objectives. We attribute this
improvement to CLAX’s enhanced numerical stability, as we find
improved click predictions at lower ranks. Regarding training time,
PyClick excels for MLE-based models, which just require counting.
Training the EM-based models on 10M sessions requires from 172
minutes (PBM) to 36 hours (CCM).7 In contrast, all CLAX mod-
els complete training in under 5 minutes. Overall, CLAX matches
PyClick’s unconditional click prediction performance while match-
ing or exceeding conditional prediction accuracy, potentially lead-
ing to different conclusions about optimal model selection for a
specific dataset.

7 The DCM in PyClick is actually a simplified DCM (SDCM) to use faster MLE while
CLAX implements the original latent-variable version [20].

Figure 3: Embedding-based CLAXmodels on the Baidu-ULTR
dataset (three folds of 800M/200M/200M sessions for training,
validation, testing) [53]. All models complete training in
under 2 hours using the hashing-trick with 10x compression.

Figure 4: CLAX models generalizing over BERT features on
the Baidu-ULTR-UVA dataset [22] using a deep-cross net-
work achieve strong ranking performance and a different
model fit compared to embedding-based models.

6.2 Scaling up CLAX
Next, we evaluate CLAX on large datasets. To begin, we evaluate
the hashing trick and quotient-remainder embedding compressions.
To assess how compression might change our conclusions about
model fit, we compare the obtained model ranking when training
with compression vs. training on the full embedding table. We train
on WSCD-2012 using three splits of 80M training sessions and eval-
uate five compression ratios, reducing the full embedding table with
346M entries by factors of 2× to 1,000×. Fig. 2 compares click pre-
diction rankings for models trained with and without compression
using Kendall’s tau. The compression methods behave similarly,
maintaining remarkably high correlation up to very high compres-
sion ratios of 10–100×. Unconditional perplexity is more susceptible
to compression. As Fig. 1 reveals, many models perform similarly
on this dataset, so small changes can alter rankings while preserv-
ing the overall conclusion that many models are nearly equivalent.
Compression reduces overall click prediction performance (higher
perplexity). As some CTR baselines, e.g., the RCTR and GCTR, do
not use compression, comparing compressed and uncompressed
models can lead to wrong conclusions at high compression rates.
Beyond reducing the memory footprint, compression decreases the
average training time from 14 minutes for uncompressed models
to around four minutes for 10x compression and higher.

Second, we evaluate scale by training CLAX models using the
hashing-trick with 10x compression on three folds of the full Baidu-
ULTR dataset containing over 1B user sessions. Fig. 3 shows the
resulting models, all trained in under 2 hours.

6.3 Generalizing over features
Lastly, we parameterize CLAX’s attractiveness and satisfaction pa-
rameters with a deep-cross network to investigate click prediction
and ranking performance when generalizing over query-document
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features. Fig. 4 shows the results on the Baidu-ULTR-UVA sub-
set [22]. While click prediction performance remains similar to
that of embedding-based training, the performance gap between
individual models narrows considerably when generalizing over
features, leading to different conclusions about model relation-
ships. For ranking performance, we focus on the DCTR model
(corresponding to a naive model without bias correction in unbi-
ased learning-to-rank) and PBM (corresponding to a two-tower
model). Ranking performance on Baidu-ULTR does not directly cor-
relate with click prediction performance, a known problem on this
dataset [22]. Nevertheless, cascade-based models achieve strong
ranking performance, comparable to listwise LTR loss functions
trained in previous work [22, Fig. 3]. Thus, complex click models
can be effective ranking models in real-world settings.

We also assess the effectiveness of our mixture model, which
combines a PBM, DCTR, and GCTR model following the setup from
[49] but excludes the RCTR as it cannot be applied to the Baidu-
ULTR test set (Fig. 4). The mixture model achieves better click
prediction and ranking performance than its individual components.

7 Conclusion
We have introduced CLAX, the first JAX-based click modeling
library enabling end-to-end gradient-based optimization for PGM-
based click models. CLAX demonstrates that gradient-based opti-
mization can replace EM for training click models while achieving
comparable performance. The framework provides orders of mag-
nitude speedup over established implementations, training and
evaluating on over 1B user sessions in ∼2 hours on a single GPU.

CLAX’s modular design decouples model logic from parame-
terization, supporting embeddings, deep networks, and custom
modules. Through embedding compression techniques, the frame-
work scales to billions of query-document pairs. Our experiments
show that neural parameterizations of complex PGMs and mixture
models can surpass widely-used two-tower models in ranking tasks.

The CLAX framework serves both industry practitioners seeking
to understand user behavior at scale and researchers developing
new click models. All code and datasets are open-source, enabling
reproducible research and practical adoption.

Our implementation currently lacks support for sparse embed-
dings, which can negatively impact performance on CPUs. In the
future, we will support sparse embeddings, neural click models
beyond classical PGMs, and distributed training across GPUs.
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