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Abstract
Understanding user intent is central to effective search and recom-
mendation systems. However, user queries are often ambiguous
and can reflect multiple possible needs. This challenge becomes
more pronounced in multi-vertical marketplaces, where each query
may relate to items from several distinct categories. In such set-
tings, uneven supply and legacy relevance patterns can result in
overexposure of established categories, while newer or smaller ones
are overlooked. Addressing query intent in the context of multiple
categories is therefore crucial for ensuring fair and relevant results.
This study examines the issue in the context of Vinted’s Electronics
vertical and addresses it using an online query-aware re-ranking
framework that integrates a Query Intent Model with Query-Level
Multinomial Blending (MB) to rebalance exposure. The approach
predicts each query’s category intent and uses the resulting prob-
ability distribution to guide exposure across verticals in the final
ranked list while preserving relevance within each vertical. In a
large-scale online A/B test, Query-Level MB calibrates exposure
across categories in response to dynamic user intent, increasing
visibility and engagement for target categories without necessitat-
ing modifications to the existing retrieval, ranking, or post-ranking
stack.

CCS Concepts
• Information systems→ Retrieval models and ranking.

Keywords
Marketplace Search, Query Intent Modeling, Re-ranking, Exposure
Control, Multinomial Blending

ACM Reference Format:
Beatrice Musizza and Thorsten Krause. 2026. Addressing Intent-Impression
Misalignment in Multi-Vertical Marketplaces via Query-Level Multinomial
Blending. In Proceedings of Online & Adaptive Recommender System (OARS)
@ ACM RecSys 2026 (OARS@RecSys ’26). ACM, New York, NY, USA, 7 pages.

1 Introduction
Inmodern search and recommendation systems, ranking algorithms
must balance the relevance objective with diverse stakeholder re-
quirements [8, 9]. Because these systems are typically optimized
on historical user interactions [1], they can systematically favor
items with abundant past engagement [12]. Accurate search results
depend on understanding user intent, yet user queries often re-
flect multiple possible intents. For instance, a query for a phone
model may indicate interest in either the device or its accessories.
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In customer-to-customer (C2C) marketplaces, uneven supply across
categories exacerbates this challenge. Prioritizing established ver-
ticals can transfer legacy relevance patterns to newer categories,
where such patterns may not generalize effectively.

This challenge became apparent at Vinted following the launch
of the Electronics vertical. Internal analyses revealed that, for many
high-intent queries, the distribution of impressions across cate-
gories did not correspond to downstream engagement signals such
as clicks and transactions. This phenomenon is termed intent-
impression misalignment. For example, queries like “iPhone 14” or
“Nintendo Switch” frequently resulted in significant visibility for
accessories and other non-target categories, whereas user engage-
ment was concentrated on the intended device categories. Although
users could often adjust results through additional filtering and
sorting, the initial search experience remained inconsistent with
inferred intent.

Several families of re-ranking approaches have been developed
to address impression-engagement misalignment; however, none
proved practical or feasible in the present context: diversity-based
rerankers, such as MMR [4] or intent-aware diversification [2], op-
timize for inter-item dissimilarity or intent coverage rather than
calibrating to a target category distribution. For the queries in
question, results were often already diverse but misallocated, and
these methods do not provide a mechanism to enforce a specific
category mix. Additionally, re-scoring individual items would over-
ride within-category serving logic established by existing post-
ranking interventions. An alternative considered was incorporat-
ing the query-intent signal as a feature in the final-stage ranker.
However, this approach was ineffective in this context: Electronics
represented only a small portion of training interactions, leading
the ranker to overgeneralize from dominant verticals, and offline
NDCG remained largely unchanged, both overall and for Electron-
ics queries.

MB offers a promising approach for aligning impressions and
engagement while meeting business requirements. MB enables
practical control over inter-category-level visibility in rankings
without altering intra-category visibility [12]. However, its original
formulation assumes a single static target exposure distribution
for all queries. In marketplace search, the optimal category mix is
highly dependent on query-specific intent (for example, “iPhone
14” versus “iPhone 14 case” ), necessitating a query-conditioned
solution. In a C2C marketplace where inventory turns over rapidly
and category supply shifts continuously, a serving-time, query-
conditioned mechanism is better suited than a statically tuned one.

In this work, we propose a query-aware re-ranking framework
that combines a Query Intent Model with Query-Level MB. The
Query Intent Model predicts a probability distribution over catalog
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categories for each query, which Query-Level MB then uses to guide
category-level exposure in the final ranked list while preserving the
original ranking order within each category bucket. The method
is lightweight, compatible with existing post-ranking rules, and
can be deployed on top of a production ranking pipeline. Unlike
static exposure-control schemes that fix a single target distribution,
our method re-parameterizes the blending distribution per query
at serving time, adapting category exposure online to the intent
inferred for each incoming request.

The proposed approach is implemented and evaluated at Vinted,
one of Europe’s largest C2C re-commerce marketplaces with a
catalog comprising billions of items. The evaluation focuses on
Electronics-related queries to assess the impact of MB on category
visibility, user engagement, and downstream transaction metrics.
The contributions of this work are as follows: (1) documentation
of intent–impression misalignment in a newly introduced vertical
within a large multi-vertical marketplace; (2) introduction of a
query-aware re-ranking framework that combines a Query Intent
Model with MB, deployed as a self-contained post-ranking layer;
and (3) validation of the approach through online A/B testing in
Vinted’s large-scale production environment.

2 Empirical Motivation
To understand the extent of intent-impression misalignment in our
platform, we analyzed search performance in Vinted’s Electronics
vertical, focusing on four product types: mobile phones, tablets, lap-
tops, and consoles. For each product type, we identified the top 100
queries by search-attributed transactions and compared the distri-
bution of impressions, clicks, and search-attributed transactions
across catalog categories.

The analysis revealed a consistent gap between which categories
users see and which they actually engage with. In mobile-phone-
related queries, phone accessories commanded the largest share
of visibility; however, actual devices received a disproportionately
higher share of engagement. The phone device click share was
2.2 times its impression share, indicating substantial misalignment.
A similar pattern appeared in the video game console category,
where actual device items drew a click share over 1.5 times greater
than non-devices. Users often compensated for this misalignment
through additional refinement actions. Compared with the platform
average, high-intent Electronics sessions showed nearly six times
higher usage of the price filter, almost double the usage of the
category filter, and a 27% relative increase in sorting by “newest
first”. Because accessories are both more abundant and substantially
cheaper than the devices they complement, the elevated price-filter
usage is consistent with users manually correcting for this low-price
bias.

Taken together, these findings suggest that the desired inventory
was underexposed in the initial ranking, motivating a query-aware
mechanism for category-level exposure control.

3 Problem Setting
In this section, we introduce our notation and formally define the
problem and the objective.

First, we consider a search system that, given a query 𝑞, retrieves
an initial ranking of items.

𝐿(𝑞) = (𝑑1, 𝑑2, . . . , 𝑑𝑛),
where each item 𝑑𝑖 belongs to a catalog category 𝑐 (𝑑𝑖 ) ∈ C. In
our setting, C denotes a set of category buckets used for exposure
control (e.g., mobile phones, phone cases, consoles, and laptops). The
initial ranking 𝐿(𝑞) is produced by the production ranking pipeline,
which can include multiple stages such as retrieval, learned ranking,
and post-ranking interventions [11, 14]. Then, for a given category
𝑐 ∈ C, let

𝐿𝑐 (𝑞) = (𝑑𝑐,1, 𝑑𝑐,2, . . . , 𝑑𝑐,𝑛𝑐 )
denote the subsequence of items from category 𝑐 , preserving their
original order in 𝐿(𝑞). Thus, each category defines a bucket of items
whose internal ranking is inherited from the baseline system. Our
goal is to construct a final ranking

𝐿̃(𝑞) = (𝑑1, 𝑑2, . . . , 𝑑𝑛)
such that category-level exposure, particularly in the top-ranked
positions, better reflects query-specific intent. To represent this
intent, we associate each query with a target distribution

𝑝 (𝑞) =
(
𝑝1 (𝑞), 𝑝2 (𝑞), . . . , 𝑝 | C | (𝑞)

)
,

where 𝑝𝑐 (𝑞) ≥ 0 and
∑

𝑐∈C 𝑝𝑐 (𝑞) = 1. Each component 𝑝𝑐 (𝑞) speci-
fies the desired share of exposure for category 𝑐 for query 𝑞.

The objective is not to rescore individual items, but to transform
the initial ranking 𝐿(𝑞) into a final ranking 𝐿̃(𝑞) such that:
• the category composition of the top-ranked results is guided
by 𝑝 (𝑞);
• the original within-category ordering 𝐿𝑐 is preserved for all
categories.

In other words, we seek a query-aware mechanism that con-
trols how categories are interleaved in the final ranking without
reordering items within each category bucket. In the next section,
we describe how the Query Intent Model estimates 𝑝 (𝑞) and how
Query-Level MB constructs the final ranking.

4 Method
We present the proposed query-aware exposure-control framework,
which comprises two components: a Query Intent Model that esti-
mates a query-specific target exposure distribution over categories,
and Query-Level MB, which utilizes this distribution to interleave
category buckets in the final ranking while maintaining within-
category order.

4.1 Query Intent Model
The original MB application assumed a fixed set of available cate-
gories and a predefined exposure share for each category. In con-
trast, within the search context, both the item categories present
in a ranking and the desired exposure shares are query-dependent.
Furthermore, the set of possible queries is unbounded, making it
infeasible to define exposure shares in advance. Consequently, ex-
tending MB to search necessitates a method capable of predicting
the desired exposure for any incoming query on an ad hoc basis.

To address this challenge, we developed a Query Intent Model
that predicts a click-based category intent distribution 𝑝 (𝑞) for any
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incoming query 𝑞. Similar models have been successfully applied in
industrial contexts to address various problems. For instance, some
approaches estimate the likelihood of different user behavioral
intents, such as exploration [3, 10, 15]. Chang et al. [5] predict a dis-
tribution over expected item regions for serving international users.
Zhou et al. [16] and Lin et al. [13] estimate user intents across cate-
gories using laboratory study data to improve relevance predictions.
Ahmadvand et al. [3] propose an approach that predicts relevant
categories rather than returning a distribution. While overall query
intent models are common in large-scale search applications, to our
knowledge, there is no existing application of such models to MB.

Consistent with existing approaches, our implementation mod-
els query intent as a multi-class classification task. Given our focus
on integration with the MB framework, we prioritized identifying a
simple architecture that achieves sufficient query intent prediction
accuracy, followed by evaluation within the MB framework. The
resulting system first tokenizes the input query using the BERT
tokenizer [7], then processes the tokens through a recurrent neural
network with gated recurrent units [6] to obtain a latent query
representation. This representation is linearly transformed to pro-
duce a vector of category-level logits 𝑠 , and the final probability
estimate 𝑝 (𝑞) is obtained by applying the softmax function to 𝑠 . The
model is trained on labels derived from historical search-to-click
logs: each query with at least ten clicks is mapped by majority vote
to its most-clicked catalog category, with all non-electronics clicks
consolidated into a single NON_ELECTRONICS class. The training
set was composed of over 1 billion search interactions and 3 mil-
lion unique queries, with a heavily skewed distribution in which
NON_ELECTRONICS accounts for >95% of queries. Because this distri-
bution is heavily imbalanced, aggregate accuracy is correspondingly
inflated; we therefore rely on macro-averaged F1 (Table 1), which
weights all classes equally, to confirm that the minority electronics
categories are learned rather than ignored. During inference, the
model dynamically predicts the expected choice distribution.

We evaluated the model on a golden set of 13,500 queries selected
from frequent and rare electronic queries, as well as queries we
previously found to be sensitive to user intent. The set is dominated
by no single class: NON_ELECTRONICS accounts for 36% of queries
and video games 22%, with the remaining categories (phone cases,
headphones, mobile phones, smartwatches, and various minor sub-
categories each below 6%). Each query intent was manually classi-
fied by human reviewers. Table 1 shows the query intent model’s
performance on the golden set. In addition to the quantitative evalu-
ation on the golden set, we conducted extensive qualitative analysis
into the query intent model’s performance and which queries it
could not accurately classify, finding that most mis-classification
occurred in the context of brands that are popular in one segment
and less popular in another, such as the term “Spiderman”, which
refers to movies most of the time and sometimes to games or mer-
chandise. Other instances where the model failed to predict the
human-annotated label were queries that different annotators la-
beled differently. Another challenge was queries that could relate
to both fashion and non-fashion items such as the query “snow
runner” which can relate to a video game or running shoes for the
winter season. Overall, we concluded that the model’s performance
is sufficient to proceed with the downstream MB task.

Averaging F1 Score Precision Recall
Weighted 98.13 98.25 98.12
Micro 98.12 98.12 98.12
Macro 89.24 91.65 93.69

Table 1: Query intent model performance on the golden eval-
uation set in percent.

4.2 Query-Level Multinomial Blending
To enforce the predicted intent distribution 𝑝 (𝑞) at serving time,
we propose Query-Level MB. While prior applications of MB have
typically relied on static, global target exposure [12], our approach
dynamically parameterizes the blending distribution based on the
query-specific exposure returned by the Query Intent Model in-
troduced in the previous section. In this section, we present our
implementation of Query-Level MB, and discuss the compatibility
with existing business rules.

4.2.1 Implementation. We assume that for some incoming query
𝑞, the serving system retrieved the baseline ranking 𝐿(𝑞) and the
Query Intent Model computed the target exposure distribution 𝑝 (𝑞).
The first step of the MB procedure is to partition the baseline rank-
ing 𝐿(𝑞) into category-specific buckets 𝐿𝑐 (𝑞). The final ranking
𝐿̃(𝑞) is then constructed sequentially by sampling, at each position,
a category 𝑐 according to the target distribution 𝑝 (𝑞) and append-
ing the next available item from the corresponding bucket 𝐿𝑐 (𝑞).
Because items are always drawn from the front of their category
bucket, the original within-category ordering induced by 𝐿(𝑞) is
preserved.

Formally, let 𝐴𝑡 (𝑞) ⊆ C denote the set of categories with non-
empty buckets before position 𝑡 is filled. For each position 𝑡 , a
category is sampled according to

Pr(𝑐𝑡 = 𝑐 | 𝑞) = 𝑝𝑐 (𝑞)∑
𝑐′∈𝐴𝑡 (𝑞) 𝑝𝑐′ (𝑞)

for 𝑐 ∈ 𝐴𝑡 (𝑞).

Let
𝑚𝑐 (𝑡) =

∑︁
𝜏<𝑡

I[𝑐𝜏 = 𝑐]

denote the number of items from category 𝑐 that have already been
placed before position 𝑡 . If category 𝑐𝑡 is selected at position 𝑡 , the
next item in the final ranking is

𝑑𝑡 = 𝑑𝑐𝑡 ,𝑚𝑐𝑡 (𝑡 )+1 .

Thus, the algorithm always selects the next not-yet-placed item
from the chosen category bucket. The procedure continues until
the desired ranking length is reached or all buckets are exhausted.

Algorithm 1 summarizes the serving-time procedure, and Fig-
ure 1 illustrates the same mechanism on a simplified example.

4.2.2 Compatibility with Existing Business Rules. A critical chal-
lenge in industrial search systems is that the baseline ranking 𝐿(𝑞)
is rarely the strict output of a single semantic relevance model.
Instead, 𝐿(𝑞) may already reflect a combination of model scores
and post-ranking interventions, such as sponsored item insertions,
policy constraints, or other business rules. To preserve the integrity
of these downstream business rules, our blending mechanism does
not operate on rawmodel scores. Rather, it treats the items’ final po-
sitions in 𝐿(𝑞) as the proxy for overall utility and only controls how
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Figure 1: Query-Level MB partitions 𝐿(𝑞) into buckets ordered by baseline position and interleaves them according to 𝑝 (𝑞).

Algorithm 1 Query-Level MB
(1) Input: initial ranking 𝐿 (𝑞) , category function 𝑐 ( ·) , target distribu-

tion 𝑝 (𝑞) , ranking length 𝑛.
(2) Output: blended ranking 𝐿̃ (𝑞) .
(3) Partition 𝐿 (𝑞) into category buckets {𝐿𝑐 (𝑞) }𝑐∈C , preserving the

original order within each bucket.
(4) Initialize 𝐿̃ (𝑞) ← [ ].
(5) For 𝑡 = 1, . . . , 𝑛:

(a) Set 𝐴𝑡 (𝑞) ← {𝑐 ∈ C : 𝐿𝑐 (𝑞) ≠ ∅}.
(b) If 𝐴𝑡 (𝑞) = ∅, stop and return 𝐿̃ (𝑞) .
(c) Set 𝑍𝑡 (𝑞) ←

∑
𝑐′∈𝐴𝑡 (𝑞) 𝑝𝑐′ (𝑞) .

(d) Set 𝜋𝑐 (𝑞) ← 𝑝𝑐 (𝑞)/𝑍𝑡 (𝑞) for all 𝑐 ∈ 𝐴𝑡 (𝑞) .
(e) Sample 𝑐𝑡 ∼ Categorical({𝜋𝑐 (𝑞) }𝑐∈𝐴𝑡 (𝑞) ) .
(f) Select the next not-yet-placed item from 𝐿𝑐𝑡 (𝑞) and append it to

𝐿̃ (𝑞) .
(6) Return 𝐿̃ (𝑞) .

category buckets are interleaved. In this way, query-level exposure
can be adjusted while preserving both within-category relevance
and pre-existing within-category serving logic.

5 Experimental Setup
The real-world impact of the proposed query-aware exposure-
control framework was evaluated by deploying the Query Intent
Model and Query-Level MB in a large-scale online A/B test at
Vinted.

The control group received the standard search experience, with
ranked lists generated by the production retrieval pipeline, followed
by deep-funnel relevance re-rankers and existing post-ranking busi-
ness rules, without explicit intent-based category blending. The
treatment group received search results processed through the
standard pipeline, with the final slate additionally processed using
Query-Level MB. The category exposure proportions for MB were
generated dynamically by the Query Intent Model for each query.

The scope of queries affected by the treatment was dynami-
cally determined by the Query Intent Model, which was trained
specifically on the Electronics vertical. For any given search query,
the model outputs intent probabilities for specific Electronics cate-
gories, and a NON_ELECTRONICS class. MB was applied based on a
confidence threshold. If the Query Intent Model assigned a proba-
bility greater than 80% to the NON_ELECTRONICS class, the MB step
was bypassed. In these cases, category blending was expected to

have minimal effect on the final slate and could introduce unnec-
essary serving cost or noise when the model was not sufficiently
confident. For all other queries, MB was applied using the predicted
probabilities over the Electronics categories. The threshold was set
as a conservative operating point. Misapplying MB degrades the
slate, while bypassing MB preserves the baseline performance.

The evaluation focused on whether the framework increased
visibility and engagement for the newly introduced Electronics
vertical and its higher-value subverticals, including mobile phones
and consoles. Visibility was measured by impression share, and
engagement was measured by click share. Global guardrail metrics,
including overall Buyer Transactions per Active User, Search Buyer
Transactions per Active User and Electronics Buyer Transactions
per Active User, were monitored to verify that the intervention did
not reduce user satisfaction or introduce friction within the broader
marketplace ecosystem. Statistical significance of metric changes
was assessed using a threshold of 𝑝 < 0.05.

The experiment was conducted over a three-week period on live
production traffic using a randomized A/B testing framework.

6 Results and Discussion
In this section, we present and analyze the effects of our Query-
Level MB implementation on category visibility, user engagement,
and transaction-level guardrails.We also highlight practical insights
from the experiment and outline directions for future research.

6.1 Experiment Results
The online effects of Query-Level MB are reported for the subset
of relevance-sorted search traffic where the Query Intent Model
identified Electronics-related intent. Unless otherwise specified, the
MB treatment is compared against the control condition. All lifts
reported in this section are statistically significant unless explicitly
stated otherwise. Table 2 summarizes the results.

Before analyzing aggregate lifts, we verified that Query-LevelMB
effectively translated the predicted intent distribution into realized
exposure. For treated queries, the Query Intent Model predictions
and observed category exposure in the top three search results were
strongly correlated, with a Pearson correlation coefficient of 0.89
over category shares. This result validates the serving mechanism
by confirming that categories with higher predicted intent received
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Table 2: Relative changes in impression and click shares un-
der MB.

Metric Lift

Visibility
Electronics impression share, top 24 +5.5%
Electronics impression share, overall +3.5%
Mobile phones, within phone subvertical +18.5%
Phone cases, within phone subvertical −11.1%

Engagement
Electronics click share, top 24 +6.0%
Electronics click share, overall +4.4%
Mobile phones, within phone subvertical +3.8%
Phone cases, within phone subvertical −5.2%

proportionally higher exposure, and that the candidate pool gener-
ally contained sufficient items per category for MB to approximate
the target distribution.

Query-Level MB increased the visibility of Electronics items, par-
ticularly in the most prominent positions of the ranking. Overall,
Electronics impression share increased by +3.5% relative to the con-
trol group. The shift was targeted within Electronics: mobile-phone
impression share increased by +18.5%, while phone-case impres-
sion share decreased by 11.1%. This indicates that MB changed the
exposure structure in the intended direction, increasing visibility
for higher-intent device categories while reducing exposure for less
intent-aligned accessory categories.

The visibility gains also translated into higher engagement with
Electronics. Overall, Electronics click share increased by +4.4%
relative to the control group. Within the phone subvertical, mobile-
phone click share increased, while phone-case click share decreased
by 5.2%. These results suggest that Query-Level MB shifted user
engagement toward the categories predicted to better match query
intent.

Transaction-level guardrails remained stable throughout the
three-week experiment. We did not observe statistically signifi-
cant changes in Electronics Buyer Transactions per Active User,
Search Buyer Transactions per Active User, or overall Buyer Trans-
actions per Active User. By design, MB has limited impact on non-
electronics inventory. Queries confidently classified as non-elec-
tronics bypass blending, and within treated queries, non-electronics
items retain exposure proportional to their predicted intent share,
losing visibility only when the query is predicted to target Electron-
ics categories. Consistent with this, overall Buyer Transactions per
Active User remained stable, indicating no measurable degradation
outside the Electronics vertical.

Query-LevelMB increased click share for target device categories
while leaving Electronics and overall Buyer Transactions per Active
User statistically unchanged. We read this as evidence that the in-
tervention redistributes engagement toward under-exposed, intent-
aligned categories rather than generating additional purchases. A
transaction lift was neither the objective nor a precondition for
success: the goal was to serve intent-aligned inventory more promi-
nently without degrading the downstream funnel, which the stable
guardrails confirm.

The Electronics lift was consistent across markets. Electronics
impression share increased across several large markets, including
France, Italy, and Germany, with relative lifts of approximately 3%–
6%. Electronics click share showed a similar pattern, increasing in
France, Italy, the United Kingdom, and Germany, again with relative
lifts of approximately 3%–6%. Similar positive shifts were observed
in several smaller markets, including Ireland, Lithuania, Portugal,
Romania, and Sweden. Overall, the results suggest that the effect of
Query-Level MB is not driven by a single country, but generalizes
across markets with different baseline Electronics shares.

6.2 Discussion and Limitations
We studied intent-impression misalignment in a large multi-vertical
marketplace, where abundant accessory inventory can receive dis-
proportionate exposure even when user intent is directed toward
higher-value device categories. To address this problem, we pro-
posed a query-aware exposure-control framework that combines a
Query Intent Model with Query-Level MB. The method uses the
predicted query-specific intent distribution to interleave category
buckets while preserving the original within-category ranking and
existing post-ranking business logic.

In a large-scale online A/B test on Electronics-related search
traffic, the intervention increased Electronics visibility and engage-
ment, especially in the top-ranked positions. The gains were not uni-
form across categories: MB shifted exposure and clicks away from
accessories such as phone cases and toward more intent-aligned
device categories, such as mobile phones. These effects were ob-
served across multiple markets, suggesting that query-conditioned
exposure control can generalize beyond a single country or traffic
segment. Similar increases in engagement and alignment with tar-
get exposure metrics have been previously observed when applying
MB under static target exposure [12]. We therefore conclude that
MB retains its robustness and effectiveness even when applied at
a query level where target exposure is estimated based on logged
user feedback.

We also note that the three-week window and the granularity of
the transaction guardrails limit our ability to detect small transac-
tion effects, and transaction impact may also lag exposure changes.
We therefore frame our contribution as improving engagement
alignment for less-exposed verticals without harming transactions,
rather than as a transaction-driving intervention.

Nonetheless, we encountered several practical challenges during
implementation. First, Query-Level MB depends on an accurate
Query Intent Model. If the model assigns probability mass to incor-
rect categories, MB may reduce ranking quality by increasing expo-
sure to mismatched buckets. We address this risk by bypassing MB
when the model confidently classifies a query as NON_ELECTRONICS.
A systematic sensitivity analysis of this threshold remains for fu-
ture work, and future deployments should continue to monitor
calibration, query drift, and vertical-specific failure modes.

Second, the method is constrained by the candidates produced
by the upstream retrieval stage [12]. Since Query-Level MB only
reorders items present in the retrieved list 𝐿(𝑞), the target distribu-
tion 𝑝 (𝑞) can be fully realized only if sufficient candidate items are
available for each category. Otherwise, the renormalization step in
Algorithm 1 redistributes probability mass across the remaining
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categories, aligning results with intent as much as the retrieved
pool allows.

Third, the current Query IntentModel is trained on hard category
labels, so each training example is associated with a single target
category. This can produce overly concentrated intent distributions
for exploratory or multi-intent queries. For example, “Nintendo
Switch” may express intent for the console, but also for games or
accessories; if the model assigns nearly all of its probability mass
to consoles, Query-Level MB may reduce the useful category vari-
ety more than desired. Moreover, when the Query Intent Model is
substantially less complex than the final-stage ranker, the ranker
can sometimes return more aligned exposures itself than when
combined with MB. For example, for the query “iPhone 14 Pro”, a
personalized ranker could know that a user is also interested in
phone cases based on their recent related searches, while a non-
personalized query-intent model would still return mostly phones,
potentially negatively impacting transactions. Finally, Query-Level
MB is stochastic: repeated issuances of the same query may pro-
duce different category interleavings. In our context, result slates
already vary across users and over time due to personalization
and rapid C2C inventory turnover, while within-category order
is always preserved. Deterministic variants, such as quota-based
interleaving that matches 𝑝 (𝑞) in aggregate, can be used where
reproducibility is required. The stochastic formulation, however,
offers the advantage of closed-form propensities for off-policy eval-
uation [12], enabling offline tuning of intent distributions and the
bypass threshold without additional A/B cycles.

These challenges suggest several directions for future work.
The present Query Intent Model is quite simple (it uses a GRU
on BERT token representations) and has been trained on logged
clicks without taking position bias into account. There is there-
fore scope for improvement, for example by investigating more
advanced model architectures or by applying debiasing methods.
On the one hand, it might be possible to include additional con-
text such as market-specific supply conditions, user preferences,
or session-level refinement behaviour in order to make exposure
control more adaptive and so that the system can better tell the
difference between general exploratory queries and those with a
strong purchase intent. On the other hand, future work could in-
volve the development of uncertainty-aware blending and fallback
strategies in order to minimise the risk of over-correcting when
the query intent is unclear. Thirdly, training the model with softer
target distributions could result in smoother intent estimates and
would allow the blended ranking to keep some of the useful vari-
ability for exploratory queries. Lastly, a promising approach would
be to jointly optimise retrieval, ranking, and blending in order to
ensure that intent-aligned categories are better represented in the
candidate set before the post-ranking exposure control is applied.

Overall, our findings demonstrate that query-conditioned blend-
ing offers a practical and deployable mechanism for controlling
category exposure in multi-vertical marketplaces. By integrating
lightweight intent prediction with order-preserving bucket inter-
leaving, this approach enhances the alignment between displayed
results and inferred user intent. It also functions as a self-contained
post-ranking layer that can be launched, tuned, and rolled back
independently of the existing retrieval and ranking stack.
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