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ABSTRACT

In online marketplaces like Airbnb, users frequently engage in
comparison shopping before making purchase decisions. Despite
the prevalence of this behavior, a significant disconnect persists
between mainstream e-commerce search engines and users’ com-
parison needs. Traditional ranking models often evaluate items in
isolation, disregarding the context in which users compare multi-
ple items on a search results page. While recent advances in deep
learning have sought to improve ranking accuracy, diversity, and
fairness by encoding listwise context [7], the challenge of aligning
search rankings with user comparison shopping behavior remains
inadequately addressed. In this paper, we propose a novel ranking
architecture—Learning-to-Comparison-Shop (LTCS) System—that
explicitly models and learns users’ comparison shopping behav-
iors. Through extensive offline and online experiments, we demon-
strate that our approach yields statistically significant gains in key
business metrics—improving NDCG by 1.7% and boosting booking
conversion rate by 0.6% in A/B testing—while also enhancing user
experience. We also compare our model against state-of-the-art
approach and demonstrate that LTCS significantly outperforms it.
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1 INTRODUCTION

Online marketplaces such as Amazon, eBay, Walmart, and Airbnb
provide search functions that help users discover products or ser-
vices tailored to their preferences. Despite offering different ser-
vices, from retail goods to food delivery and rental accommodation,
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these platforms share a common goal: their ranking models are
designed to present the most relevant items to users. However, from
the user’s perspective, the need for comparison shopping often per-
sists before arriving at a final decision. Comparison shopping helps
users achieve an optimal balance of price, quality, and convenience
when making purchase decisions.

Despite users’ need for comparison shopping, mainstream rank-
ing models are typically designed without accounting for this be-
havior. Traditional learning-to-rank models are primarily built to
learn a scoring function that computes a relevance score for each
item independently. In other words, these models lack the abil-
ity to directly compare items with one another during inference,
even though such comparisons are often incorporated into offline
training through pairwise [2] [3] or listwise loss functions [4]. Re-
cent efforts [10] [1] [9] have introduced attention mechanisms to
capture cross-item interactions in learning-to-rank models. These
approaches encode ranking context, enabling the model to directly
compare items during inference. However, merely encoding rank-
ing context is insufficient to accurately capture and learn users’
comparison shopping behavior.

To better understand this behavior, we can take a step back
and consider how users engage in comparison shopping;: initially,
users browse the top results returned by a search ranking model,
evaluating each item independently to determine whether to click
on it (a pointwise approach). After selecting items, users compare
the clicked items by examining various details, including descrip-
tions, prices, reviews, images, and more. This process often involves
several rounds of back-and-forth deliberation, which may span min-
utes, hours or days before users reach a final decision.

Encoding ranking context can certainly enhance the compari-
son stage. In a traditional multi-stage ranking system, one might
train a ranking model (initial ranker) to learn users’ pointwise
clicking behavior, while a separate re-ranker [7] employs ranking
context encoding to learn users’ comparison behavior. However,
this approach is fundamentally distinct from actual user compar-
ison shopping behavior. From the user’s perspective, pointwise
clicking and comparison behavior are highly interconnected, with
the rationale behind pointwise clicking significantly influencing the
comparison process. Training the ranker and re-ranker separately
risks disrupting this connection; in some instances, they may even
conflict with one another.

In this paper, we propose a novel model that efficiently learns
users’ comparison shopping behavior. To the best of our knowledge,
this work represents the first attempt to address the comparison
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shopping problem within the learning-to-rank domain. Our major
contributions include:

e We decompose users’ comparison shopping behavior into
two distinct stages: a pointwise evaluation stage and a set-
wise comparison stage.

e We propose a novel framework that models and learns users’
two-stage comparison shopping behavior as an integrated
process.

e Behavior-aligned co-training: We propose a novel co-trained
architecture that mirrors users’ two-stage comparison behav-
ior by combining a pointwise initial ranker with a setwise
self-attention re-ranker.

o We successfully applied this framework to a large-scale sys-
tem, such as Airbnb’s search ranking system. Additionally,
we conducted thorough analyses to validate our design as-
sumptions and choices.

While both self-attention mechanisms and co-training approaches
have been individually explored in ranking models, our key contri-
bution lies in their behavior-aligned integration to simulate the two-
stage comparison shopping process common in online marketplaces.
Specifically, our LTCS framework jointly trains a lightweight, point-
wise initial ranker and a self-attention-based setwise re-ranker to
reflect how users first evaluate listings independently, then compare
top candidates before making a decision. This co-trained architec-
ture not only improves ranking performance but also enhances
consistency between initial and final ranking stages—something
prior work such as SetRank and other neural re-rankers do not
address, as they typically model listwise interactions without an
intermediate filtering stage or coordinated training. To our knowl-
edge, LTCS is the first LTR architecture that explicitly models and
learns from this comparison-driven user behavior, leading to both
significant offline gains and measurable business impact in produc-
tion.

2 RELATED WORK

Learning to rank (LTR) has been a popular research topic for
decades, with one important area of study focused on evolving
loss functions. The pointwise loss predicts action probability (e.g.
pCTR, pCVR) for each item independently[8]. The pair-wise loss
looks at two items each time, and converts ranking to a binary
classification problem : whether item A is better than item B. [2, 3].
The list-wise loss considers the whole list of items and try to ap-
proximate the optimal order [4].

As demonstrated, researchers have progressively advanced from
pointwise to pair-wise and list-wise loss functions, continually re-
fining these methods to more effectively optimize ranking metrics
such as NDCG. A key insight is that the more explicitly the rela-
tive order of items is modeled, the better the alignment between
the loss function and ranking metrics. However, despite these ad-
vancements in loss function research, the learned scoring functions
remain pointwise, meaning that during inference, the model can
only compute relevance scores independently. On another note,
it is well established that users’ choices are influenced by both
item position (positional bias [6]) and ranking context (contextual
bias [5, 18]). Attention mechanisms have been widely adopted to ad-
dress contextual bias [17, 18] and, more generally, to encode ranking
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context. For instance, self-attention networks have been employed
to model ranking context or cross-document interactions [1, 9-11].
In this approach, the learned contextual embeddings, combined
with each item’s own features, are fed into the scoring function,
making the resulting relevance score context-dependent.

The application of self-attention networks to encode ranking
context, as demonstrated in [1, 9-11], has advanced learning-to-
rank approaches to the next level, resulting in setwise ranking
models. However, these efforts have primarily focused on devel-
oping standalone rankers or re-rankers aimed solely at improving
ranking metrics. None have addressed the comparison shopping
problem, which holds the potential to not only enhance business
metrics but also improve user experience.

3 PROPOSED FRAMEWORK
3.1 Problem Statement

Given a search query g; , there are n matched items returned from
retrieval stage. The objective of learning to rank is to assign a score
sj to j* h item x;, j such that those items could be ranked in descend-
ing order of scores. In ML terms, the training example is represented
as {q;, Xi, Yi}, where X; = {x,-,j};.’:l, with x; ; € R™%1 denoting the
feature vector. Y; = {y; ; };.’:1 where y; j = {0, 1} represents the la-
bel. In traditional learning-to-rank setup, the goal is to train a model
to minimize the loss function Loss(f) = % 2 1(f(gi, Xi), Yi). Here,
f(qi, X;) is an univariate scoring function that depends solely on
individual item. To model users’ comparison shopping behavior,
we maintain a similar setup, but modify both the scoring function
(model) and the approach used for training and serving the models.

3.2 Introduction to Comparison Shopping

Before diving into the modeling of comparison shopping, it is impor-
tant to first understand how users engage in comparison shopping.
Our logs indicate that users generally follow these steps when
making their final purchase decisions:

e Initial search and evaluation (pointwise Thinking)

— At this stage, users initiate a search query and are presented
with a list of items retrieved by the search engine.

— Users typically evaluate each of the top-ranked items inde-
pendently, considering key factors such as price, ratings, and
descriptions, etc

— Users may click on individual items to obtain detailed infor-
mation for subsequent comparisons.

e Comparative Evaluation (Set-wise Thinking)

— Once a set of potential items has been identified, users enter
the comparison stage, where they evaluate the clicked items
relative to one another.

— Factors like price differences, feature variations, and user re-
views are weighed against each other.

— Moreover, the initial impression formed during the pointwise
evaluation stage plays a significant role, as users continue to
factor in their first impressions when making comparisons.

— Users typically go back and forth between items, comparing
them on various dimensions to determine the best value for
their needs.

e Decision Making
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Figure 1: Top: An illustration of how users book listings on Airbnb, encompassing two stages: evaluation and comparison. In
the evaluation stage, users quickly browse through the available listings to identify those that pique their interest. During the
comparison stage, they compare a small selection of candidate listings across various dimensions to make a final decision.
Bottom: We model this comparison shopping behavior using pointwise and set-wise self-attention networks for the above two
stages, respectively. These two networks are co-trained to predict users’ booking probabilities.

— After a few rounds of comparisons, users make a final decision
based on the information gathered.

— This decision could be influenced by specific preferences (e.g.,
budget, features) and may take place immediately or after
additional rounds of research over multiple days.

Early research efforts [2] [3] [4] [8] primarily focused on mod-
eling users’ pointwise thinking behavior, irrespective of the loss
function employed, as the scoring functions remain univariate at
inference time. More recent studies [1] [9] [10] [11] have incorpo-
rated attention mechanisms to capture item interactions, which can
be seen as an attempt to model users’ set-wise thinking. Although
attention-based methods often employ a re-ranker built on top of
a ranker that learns pointwise behavior[7], these components are
trained independently. While this strategy mimics certain aspects
of comparison shopping, it treats the processes as separate rather
than integrated, ultimately leading to sub-optimal outcomes.The
rationale behind this is that, during the comparison shopping stage,
users continue to apply reasoning and information gained through
pointwise thinking. As a result, decoupling the re-ranker from the
initial ranker would create a substantial disconnect between the
model’s behavior and the actual decision-making process of users.

In the following section, we will demonstrate this more rig-
orously through mathematical formalization and introduce our
Learning-to-Comparison-Shop (LTCS) framework. Figure 1 offers
an overview: the top part illustrates how an Airbnb user engages
in comparison shopping to make a booking decision, while the

bottom part depicts how our proposed LTCS framework models
this behavior.

3.3 Learning to Comparison-Shop Framework

As demonstrated by [7], re-rankers that leverage self-attention
mechanisms to encode ranking context have seen widespread adop-
tion in multi-stage ranking systems. In this approach, an initial rank-
ing model is trained to estimate the purchase probability P(E; j|qi, xi j)
for each item x; j retrieved in response to a query g;, here E; j de-
notes the observed instance of a user purchasing the j-th item.
Subsequently, a re-ranker is independently trained to predict the
purchase probability P(E; j|qi, xi,j, C; j ) for each item x; j among
the top-K items returned by the initial ranking model, with C; ; r
representing the context of x; j relative to the surrounding items
in the top-K items.
To enhance this framework, we first demonstrate that:

P(Ei jlqi, xi,j, Ci j k) o« P(Eijlqi> xi,j)P(Eijlgi. Cijx) (1)

Here, P(E; j|gi, x; j) denotes the ranking score produced by the
initial ranker, P(E; j|qi, xi,j, Cj j k) represents the ranking score gen-
erated by the re-ranker, and P(E; j|qi, C; j ) models the contextual
ranking bias.

According to Bayesian rule, we could rewrite right side of (1) as

P(E;j, xi,j1qi)P(Eij, Cy j kqi)
P(xijlqi)P(Cy j k1qi)

P(Ei jlqi, xi,j)P(Eij|qi, Cij i) =
()
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Assuming that the items {x; ;} are independent of each other
under the condition of query g; can be a reasonable approximation
in certain contexts. Retrieved items often share similar features due
to the query g;, which may introduce dependencies among these
features. However, when modeling users’ comparison-shopping
behavior, these common features may not significantly influence the
decision-making process. Instead, it is the uncorrelated or unique
features that make an item stand out to users. Therefore, assuming
independence among items with respect to these distinctive features
could be justified, as it emphasizes the attributes most influential
in differentiating items during comparison shopping.

Under this assumption, we have:

k
P(Cijlg) = [ ] Plrilg) ®)

I=1,1#]
P(xijlqi)P(Cy j k1q:)

k
(@)
= P(xijla) [ | Plrislas) = PCxijCojilan)

I=1,1%]

Similarly, assuming items x; ; are independent of each other
under condition of query ¢; and purchase event E; j, we have

P(xij|Ei j, q:)P(Cyjk|Eij. qi) = P(xij, Cijk|Eij.qi)  (5)
Thus, applying Bayes’ rule and incorporating Eq(4) and Eq(5), Eq
(2) could be rewritten as

P(Ei jlqi, xi,j)P(Ei,j1qi, Ci j i)

_ P(Eij. xi jlqi)P(Eij, Ci j i 14i)

P(xijlgi)P(Cy j klqi)

_ P(xij|Eij, qi)P(Ei jl9i)P(C; j k|Ei j» i) P(Eijlqi)

- P(xij, Ci jxlqi)

_ P(xij> Ci jk|Eij» qi)P(Ei jl9i) P(Ei,j|q:)

N P(xij, Ci jk1qi)

_ P(xi,j, Cij ko Eijlai) P(Ei jlqi)

- P(xij, Ci jx1qi)

= P(Ei jlqi, xi j, C; j k)P(Ei j1qi)
InEq (6), P(E;,j|g;) is a prior which could be considered as constant,
so we could prove Eq(1)

(6)

P(Eijlqi, xi,j, Cy j k) o P(Ei,jlqi, xi,j)P(Ei j|qi, Cy j )

From Eq(1), we could infer 1) the re-ranker’s score is highly
correlated with that of the initial ranker, and 2) the re-ranker’s
learning objective inherently encompasses the initial ranker’s ob-
jective. These two points are consistent with our intuition and
observations in 3.2, where we argue that users’ set-wise thinking is
not independent of pointwise thinking; rather, they are integrated
components of the decision-making process. These insights suggest
a clear direction for improving the modeling of users’ comparison
behavior: co-training the initial ranker and the set-wise re-ranker.
This approach offers several potential benefits:

(1) As demonstrated earlier, the initial ranker and the set-wise re-
ranker are highly correlated. Co-training them can allow the
models to complement each other, mitigating concerns about
negative transfer.
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(2) By learning a shared representation of items, reasoning from the
pointwise evaluation can be seamlessly transferred to set-wise
comparison. Additionally, understanding how users engage in
set-wise reasoning enables the initial ranker to more effectively
select the top-K items for comparison shopping.

4 LEARNING-TO-COMPARISON-SHOP (LTCS)
SYSTEM

4.1 System Overview

As outlined in Section 3.3, we propose an innovative ranking sys-
tem that co-trains the initial ranker alongside a set-wise re-ranker.
This system is specifically designed to emulate users’ comparison
behavior, with the dual objectives of optimizing key business met-
rics and improving the overall user experience. The architecture of
the model is depicted in Figure 2:

(1) The initial ranker is designed as a simple Multi-Layer Perceptron
(MLP) network.

(a) The input to the network comprises item features and query
features.

(b) The network outputs two components: (i) a logit representing
the predicted purchase probability, and (ii) an initial ranking
embedding. The initial ranking embedding is derived from
the final hidden layer of the initial ranker, encapsulating
information from each {query, item} pair.

(c) The initial rankers in Figure 2 are actually same ranker, all of
them share same parameters.

(2) The set-wise re-ranker is jointly trained with the initial ranker.

(a) The initial ranking embeddings of the top-K items (sort by
their initial ranker logit scores) are transmitted from the
initial ranker to the re-ranker. Within the re-ranker, these
embeddings are input into a self-attention layer to produce a
context embedding.

(b) Finally, for each item, the re-ranking logit is computed by
passing its individual initial ranking embedding and the gen-
erated context embedding through the re-ranker’s multilayer
perceptron (MLP) network.

For the purpose of model training, the loss function is defined
as follows: Let N denote the number of training examples, where
each example corresponds to a single search query. Each training
example contains the top K listings returned by the ranking system
for that query.

loylttmttal ij

Lossinitial = Z Z y”log( loglt tial ik @)
l 1 ] 1 initia l
Iogltrerankzj
LoSSyerank = — Z Z Yijlog( o —— K el0Gitrerank.ik ®
l 1 j 1 rerank,i,
Loss = (1 — a)Lossjpjtial + ¢LOSSeranks ©)

where

(1) logitinisial; j is logit output from initial ranker.

(2) logitrerank,i,j is logit output from reanker.

(3) embedding; j is extracted from last hidden layer of initial
ranker.
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Figure 2: Overall system diagram: For a given candidate item,
initial ranker computes its initial ranking logit and also ini-
tial ranking embedding based on query and item features.
To compute the context embedding, a self-attention network
is employed over top-k items’ initial ranking embeddings.
Finally the candidate item’s initial embedding and context
embedding are concatenated and passed through a MLP to
generate re-ranker logit. The loss is computed by weighted
sum of initial ranker loss and re-ranker loss.

(4) context_embedding; is computed using a self-attention net-
work, which takes as input the top-K item embeddings pro-
duced by the initial ranker as illustrated in Figure 2.

As shown in Eq(7), Eq(8), a list-wise loss function [4] is applied
to both the initial ranker and the re-ranker. The total loss is then
obtained by combining these two components through a weighted
sum, as described in Eq(9). Additionally, as previously mentioned,
the embedding of the j—th item (embedding; ;) is extracted from the
final hidden layer of the initial ranker. To compute the re-ranking
logit for each item, its embedding embedding; j is concatenated with
ranking context embedding context_embedding;. The concatenated
embedding is then passed through the re-ranker MLP for further
processing. Consistent with prior set-wise ranking approaches [1,
7,9, 10], a self-attention network [15] is employed to effectively
encode the ranking context as context_embedding;.

It is evident that the proposed model structure and training
schema are well-aligned with the learning-to-comparison-shop
framework outlined in 3.3:

(1) The initial ranker and re-ranker are co-trained, facilitating the
learning of shared item representations.

(2) Knowledge gained from the initial ranker can be transferred
to the re-ranker through shared embeddings, while the initial
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ranker benefits from improved collaboration with the set-wise
re-ranker, enabled by these shared embeddings.

4.2 Model Serving

In our Learning-to-Comparison-Shop (LTCS) framework, the initial
ranker and re-ranker are exported separately from the training
graph (Figure 2) for deployment. To improve serving efficiency, we
adopt two key designs:

e Hierarchical model deployment. The lightweight, pointwise
initial ranker scores all candidates across distributed leaf nodes.
The more complex, set-wise re-ranker operates at the master
node, refining the top results. This structure enables scalable
handling of large candidate pools by expanding leaf nodes.

e Representation Reuse: To avoid redundant computation, query-
listing representations computed by the initial ranker are reused
by the re-ranker via direct transmission from leaf to master nodes,
improving efficiency.

5 EXPERIMENTAL RESULTS
5.1 Experiment Setup

The Airbnb ranking system operates as a multi-stage ranking frame-
work. Given a query, the retrieval stage may initially return thou-
sands of listings which are then passed to the initial ranking stage.
At this stage, the initial ranker reduces the candidate set, for ex-
ample, to a few hundred listings. Finally, in the re-ranking stage,
few re-rankers further refines this set to optimize for business con-
straints and objectives.

We have successfully deployed the Learning-to-Comparison-
Shop (LTCS) framework into our ranking system. However, since
the re-ranker employs a self-attention network to encode the rank-
ing context, its time complexity is O(K?), where K represents the
number of listings fed into the re-ranker. As a result, K cannot be
set too large, as it would substantially increase the search engine’s
latency. Therefore, we limit the re-ranking process to the top 40
listings, meaning that only the top 40 results are re-ranked, while
the remaining listings retain their original order.

The proposed LTCS models were trained on approximately 360
million examples collected over last one year, using a dataset con-
sisting exclusively of booking labels. The structures of both the
initial ranker and re-ranker were defined based on careful hyper-
parameter tuning to select optimal primary parameters (details
provided in Section 5.5).

e As previously mentioned, the initial ranker is implemented as
a Multi-Layer Perceptron (MLP) network, with hidden layers
consisting of 2048, 1024, 512, 256, and 64 neurons, respectively.
The activation function used is Smelu [13]. The model is fed with
de-identified set of hundreds of listing, query, and user features,
and is trained to optimize multiple objectives, as outlined in [14].
Under the LTCS framework, the model produces two outputs:
a booking probability logit and an initial ranking embedding,
which is extracted from the final hidden layer.

As depicted in Fig 2, re-ranker’s input consists of the initial rank-
ing embeddings of the top-K listings returned from the initial
ranking stage. These embeddings are fed into a self-attention
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network to generate context embedding. The self-attention net-
work consists of 30 stacked layers, each incorporating residual
connections and an intermediate normalization layer. Each layer
includes 4 attention heads. The input to the network is the em-
bedding sequence of the top 40 listings generated by the initial
ranker. Since, at the comparison-shopping stage, users often
browse through all top listings irrespective of their initial rank-
ing order, positional embeddings are not required in this context.
For each listing, the initial ranking embedding and the context
embedding are concatenated and passed through the re-ranker
MLP network with hidden layers consisting of 256, 128, and 64
neurons. The activation function used is also Smelu [13]. The final
order of the top40 listings is determined based on the re-ranker’s
logits.

o The training loss is computed as the average of the initial ranker
loss and the re-ranker loss: Loss = 0.5L0sS;piziql + 0-5L0SSperank-

The model is trained in a distributed manner using 10 A10G GPUs,
with a total training time of approximately 20 hours. Prior to de-
ploying LTCS into our ranking system, a three-week online A/B
test was conducted, with the control model being our existing multi-
objective learning-to-rank model [14].

5.2 Baselines

To the best of our knowledge, LTCS is the first attempt to explicitly
address user comparison shopping behavior in an industrial ranking
system. As such, there are no direct existing baselines tailored to
this specific objective. Therefore, in this study, we compare LTCS
against the following strong alternative baselines:

e attn-DIN [10] is a state-of-the-art neural re-ranking model[7].
It has been shown to outperform several influential neural re-
rankers, including SetRank [9], Deep Listwise Context Model
(DLCM) [12], and Groupwise Scoring Functions (GSF) [1]. These
methods typically treat reranking as an isolated stage applied to
a fixed candidate set, optimizing for relevance within that subset.

e To ensure a fairer comparison to our LTCS framework—which
first uses a pointwise initial ranker(identical to that in LTCS) to
filter top-K candidates before applying a setwise re-ranker—we
additionally implement a modified version—attn-DIN+—which
includes a separately trained initial ranker to simulate a two-stage
pipeline. However, unlike LTCS, attn-DIN+ trains the rankers
independently, without any shared parameters or coordinated
optimization, and does not model the transition from broad item
evaluation to focused comparison.

e MO-LTR [14], our current production model, is a multi-objective
learning-to-rank framework designed for one-step, end-to-end
optimization across multiple business goals. While it has largely
replaced traditional re-rankers in our existing ranking stack by
learning a unified objective, our evaluation demonstrates that
the additional value provided by the LTCS re-ranker cannot be
fully captured by MO-LTR alone.

5.3 Offline evaluation

Table 1 presents the offline evaluation results in terms of NDCG
and its standard deviation across four ranking models. Among the
baselines, attn-DIN and MO-LTR achieve similar NDCG scores
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Model NDCG | NDCG STDEV
attn-DIN 0.6856 0.01
attn-DIN+ | 0.6918 0.008
MO-LTR 0.6860 0.0004
LTCS 0.6982 0.0003

Table 1: Offline evaluation results comparing NDCG and its
standard deviation across four ranking models

(0.6670 and 0.6667 respectively), while attn-DIN+—a two-stage vari-
ant with a separately trained initial ranker—improves performance
slightly to 0.6757. In contrast, LTCS achieves the highest NDCG
score of 0.6909 (+1.76% comparing to MO-LTR), outperforming all
baselines by a clear margin. Notably, LTCS also exhibits the low-
est standard deviation (0.0003), indicating highly stable training
dynamics. These results demonstrate that co-training a pointwise
initial ranker with a setwise re-ranker not only yields higher rank-
ing effectiveness, but also leads to significantly improved robustness
over independently trained or single-stage models.

5.4 Online Evaluation

We evaluate the performance of our new system, Learning-to-
Comparison-Shop (LTCS) System with online A/B tests. We con-
ducted a 3-week A/B test, where the control model was multi-
objective learning to ranking model (MO-LTR) [14], and the treat-
ment model was the proposed LTCS system. This A/B test demon-
strated a +0.6% increase in booking conversion rate (CVR) with
a p-value of 0.0, marking one of the largest CVR gains for a core
ranking model that we have observed in recent years.

In addition to optimizing core business metrics, such as book-
ing conversion rate (CVR), LTCS aims to enhance user experience
by learning and modeling users’ comparison behaviors during the
shopping process. Our A/B tests confirmed improvements in key
user engagement metrics. Specifically, the Average Unique Listing
Detail Pages Viewed in the Same Location Before Booking Request
metric decreased by 0.88% with a p-value of 0.001. This finding
indicates that, compared to the control group, users in the treat-
ment group viewed significantly fewer listing detail pages before
submitting a booking request than users in the control group. Since
this metric is often regarded as an indicator of search efficiency, the
findings imply that the ranking model improves the comparison-
shopping process, reducing the time and effort required to evaluate
multiple listings and ultimately enhancing the user experience.

booking conversion rate +0.6%
Listings viewed before booking | -0.88%
Table 2: Online Evaluation Result

5.5 Hyper-parameter tuning

The primary hyperparameters of the LTCS framework are the
re-ranker input length and the number of stacked self-attention
layers. We conducted the following hyperparameter tuning process
to select optimal values for these parameters in our deployed model.
o Impact of Re-Ranker Input Length: We first examined how vary-

ing the re-ranker input length affects model performance. As
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Figure 3: Left: Impact of Re-Ranker Input Length on NDCG
Gain: Increasing Input Length Leads to Higher NDCG Gains.
Right: Effect of Self-Attention Layers on NDCG Gain: Increas-
ing Layers Improves Performance.
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Figure 4: Effect of Re-Ranker Loss Weight on NDCG Gain:
Higher Weights Improve Re-Ranker Performance and Ben-
efit the Initial Ranker. The X-axis represents the re-ranker
loss weight o, while the Y-axis shows the NDCG gain relative
to a ranking system using only the initial ranker.

shown in the left pf Figure 3, increasing the input length from
10 to 40, while keeping the number of self-attention layers fixed
at 30, leads to a consistent improvement in NDCG gain (Unless
otherwise specified, NDCG gain in this paper refers to the end-
to-end NDCG of the full ranking system, encompassing both
the initial ranker and the re-ranker). However, beyond an input
length of 40, the gain plateaus, indicating diminishing returns.
Based on this observation, we selected top-40 as the re-ranking
threshold for our deployed model, striking a balance between
performance gains and computational efficiency.

Impact of Self-Attention Layers: Next, we investigated the effect
of stacking more self-attention layers in the re-ranker. The right-
hand side of Figure 3 illustrates that increasing the number of
layers from 1 to 30, while keeping the input length fixed at 20,
results in a steady NDCG improvement. However, beyond 30
layers, the performance gains saturate, suggesting that additional
layers provide limited benefit. Consequently, we selected 30 self-
attention layers for the deployed model to optimize performance
while maintaining computational efficiency.
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o Impact of Re-Ranker Loss Weight a: Lastly, we evaluated the role
of re-ranker loss weight « (introduced in Equation 9) in model
performance. As shown in Figure 4, where we consider & = 0 as
the baseline (equivalent to a ranking system using only the initial
ranker), increasing a from 0.1 to 0.9 improves the setwise-re-
ranker NDCG. Interestingly, co-training also benefits the initial
ranker due to the correlation between the two tasks. The initial
ranker achieves its peak gain at @ = 0.5, but further increas-
ing a causes the gain to decline. At & = 0.9, the initial ranker
no longer shows any improvement, even though the setwise re-
ranker reaches its peak. This analysis highlights the trade-off
in co-training: further increasing « enhances setwise re-ranker
performance but reduces the initial ranker’s effectiveness as the
model prioritizes setwise learning. Based on Figure 4, & = 0.7
appears optimal in balancing the two models. However, in our
online A/B test, we found that « = 0.5 performed better when
considering other business metrics (This falls outside the scope
of this paper and will not be further discussed). Therefore, in
our deployed model, we set a = 0.5. A notable exception occurs
when o = 1.0, where only the setwise re-ranker is trained. In
this scenario, we observed a significant NDCG drop and highly
unstable training dynamics when the same model was trained
multiple times. On average, the NDCG gain is 0% compared to
the baseline « = 0, and the standard deviation of NDCG change
increased sharply: 0.01 for « = 1 vs. 0.0004 for ¢ < 1. This fur-
ther demonstrates an additional benefit of co-training the initial
ranker and re-ranker: improved training stability. One possible
explanation is that during co-training, the initial ranker loss helps
regularize the re-ranker’s updates, and vice versa, leading to a
more stable optimization process.[16]

These studies demonstrate that a larger context window and a
deeper self-attention network enable the model to more effectively
learn comparison shopping behaviors. This finding aligns with sim-
ilar observations in the deep learning community and supports our
intuition: by reviewing more listings and engaging in deeper cogni-
tive processing, users are likely to make more informed choices or
better trade-offs between price and quality. However, it is impor-
tant to note that users may lose patience with an overly extensive
comparison process, the model does not face such limitations.

6 CONCLUSION

In this study, we introduce the Learning-To-Comparison-Shop
(LTCS) system, practiced in Airbnb to model comparison shopping
behaviors. First, we ground our design in observations from Airbnb,
emphasizing the importance of user initial preferences in compari-
son shopping. Following this, we detail the efficient implementation
of LTCS within a production environment. Through comprehen-
sive experiments and analysis of hyperparameters, we demonstrate
that LTCS significantly enhances both ranking and core business
metrics in online A/B testing.
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