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Abstract
Calibration is the degree to which a recommender system is able to
match the distribution of a certain item attribute among the items
consumed by a user with their respective recommendations. Recent
work suggests that many recommenders tend to provide miscali-
brated recommendations. Furthermore, most approaches aimed at
improving calibration adopt the post-processing paradigm, making
them computationally costly at the inference time. This work pro-
poses CaliTune, a fine-tuning approach applied to collaborative
filtering based recommenders to allow them generate better cali-
brated recommendations without relying on costly post-processing.
We compare CaliTune to an established post-processing approach
on two backbone models and datasets from movie and music do-
mains, focusing on popularity calibration. Our results suggest that
CaliTune can offer a competitive accuracy–calibration trade-off
in several settings, particularly when the backbone model exhibits
high miscalibration and accuracy remains important, making it a
promising inference-efficient alternative in such cases.

CCS Concepts
• Information systems→ Recommender systems; Personal-
ization; • Social and professional topics→ User characteristics.
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1 Introduction
A recommender is considered calibrated with respect to an attribute
(e.g., genre, release decade, or item popularity) if the distribution of
the attribute in every user’s recommendations matches its distri-
bution in their consumption history. Certain aspects of calibration
are being studied broadly, e.g., possible causes and temporal dy-
namics of miscalibration [18, 19], or alternative formulations such
as rank-aware calibration [10]. Other studies focus on specific do-
mains and attributes, for example, genre calibration in movies [25],
country representation and calibration in music [15], and a grow-
ing body of research on popularity calibration [2, 3, 11, 12, 22],
often studied alongside popularity bias [13]. The studies show that
accuracy-optimized recommenders often provide miscalibrated rec-
ommendations [3, 14, 16].

Most calibration methods in the literature rely on post-
processing, an additional step in the recommendation pipeline,
where recommendations provided by a backbone recommender
are re-ranked according to a certain rule. While effective, post-
processing generally has to be performed individually for each user
at the time of recommendation, thus introducing additional com-
putational overhead at the inference time. Some hybrid approaches
involving both in- and post-processing steps [8] or extending the
backbone architecture [5] have been proposed for sequential recom-
mendation. Nonetheless, for the classical top-K recommendation
task, post-processing remains the dominant approach [3, 4, 22–
25]. In particular, Calibrated Popularity [3] has proven effective
for calibrating recommendations to users’ popularity preferences
[11, 12].

In this work, we explore whether calibration can be improved
solely through fine-tuning, without introducing inference-time over-
head or altering the recommender’s architecture. As calibration is a
slate-level property, improving it would require list-wise optimiza-
tion. Yet, many established recommenders are trained with point-
and pair-wise objectives, making the direct incorporation of list-
wise calibration goals into their training process challenging. From
this perspective, fine-tuning provides a flexible middle ground. We
introduce CaliTune, a fine-tuning method designed to improve cal-
ibration of collaborative filtering based recommenders. The method
combines large-scale dynamic sampling of candidate items per
user, a heuristic list-wise loss, and a utility-aimed objective. In our
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experiments, we apply CaliTune to two standard recommenders:
Bayesian Personalized Ranking [20] (BPR), and Deep Matrix Factor-
ization [26] (DMF). We evaluate CaliTune in two domains, music
and movies, with a focus on popularity calibration, assessing its
ability to align recommendations with users’ individual preferences
over item popularity. We address the following research questions:

• RQ1: (Effectiveness) Can CaliTune match the accuracy-cali-
bration trade-off achieved by a SotA post-processing method?
• RQ2: (Sensitivity) To what extent does the accuracy–calibration
trade-off of CaliTune vary across different fine-tuning configura-
tions and user groups?

To the best of our knowledge, this is the first work to address
calibration purely through fine-tuning, without modifying the back-
bone model or the recommendation pipeline. While here we ex-
periment with calibrating popularity distributions, our broad goal
is to spark the discussion around fine-tuning as a general strategy
for calibration, beyond post-processing or pipeline changes. The pro-
posed approach is not bound to popularity and can be applied
to other calibration dimensions (e.g., genre), a larger number of
attribute categories, other application domains and other model
architectures.

2 Fine-tuning for calibration
In this paper, we introduce CaliTune, a fine-tuning approach for
improving calibration of recommender systems, designed with de-
ployment efficiency inmind. Commonly, calibration is implemented
in the post-processing step as re-ranking, e.g. Calibrated Popularity
(CP) [3]. However post-processing introduces additional computa-
tional overhead at the inference time, a major limitation for latency-
sensitive applications or low-resource deployments. While post-
processing approaches only affect the model’s output, CaliTune
integrates calibration as a fine-tuning step, allowing flexible up-
dates to either the whole model or specific parts. This training-time
integration eliminates the need for post-hoc adjustments, enabling
fast and scalable deployment.

Our proposed fine-tuning procedure adjusts a pre-trained rec-
ommender to improve item-attribute calibration of its output.
CaliTune uses the same train-validation-test split used for train-
ing the backbone model, ensuring a consistent evaluation frame-
work. At each fine-tuning epoch, CaliTune dynamically generates
top-𝑚𝑐𝑎𝑛𝑑 candidate items for each user. The selection of these
candidate items is based on the recommendation scores generated
by the current state of the fine-tuned model. Here, 𝑚𝑐𝑎𝑛𝑑 >= 𝑛,
where 𝑛 represents the length of the recommendation list used for
the final evaluation. We denote the full item collection I, where
each item belongs to one of 𝑐𝑐 categories (e.g., popularity categories
𝑐 ∈ {𝐻𝑖𝑔ℎ𝑃𝑜𝑝,𝑀𝑖𝑑𝑃𝑜𝑝, 𝐿𝑜𝑤𝑃𝑜𝑝}, 𝑐𝑐 = 3). This is encoded in ma-
trix 𝐶 ∈ {0, 1} | I |×𝑐𝑐 . For each user 𝑢, we define 𝑡𝑢 ∈ {0, 1} | I |×1

(vector encoding the consumption history of 𝑢), 𝑠𝑢 ∈ {Q}𝑚𝑐𝑎𝑛𝑑×1

(vector of recommendation scores for 𝑢’s candidate items of the
epoch), and matrix 𝐶𝑢 ∈ {0, 1}𝑚𝑐𝑎𝑛𝑑×𝑐𝑐 of one-hot encoded cate-
gory assignments, for each candidate item of 𝑢.

The fine-tuning objective is to minimize the user-specific loss,
balancing accuracy and calibration: L𝑢 = (1 − 𝜆) · LA𝑢 + 𝜆 ·
LC𝑢 . We define a heuristic calibration loss term LC𝑢 (Eq. 1) as the

Kullback-Leibler (KL) divergence between the target distribution
𝐻𝑢 and the score-weighted attribute distribution 𝑅∗𝑢 over the𝑚𝑐𝑎𝑛𝑑

candidate items recommended to 𝑢. We compute 𝐻𝑢 , the attribute
distribution over the user’s history, as in Eq. 2. The score-weighted
distribution of the attribute over the candidates 𝑅∗𝑢 is computed
as in Eq. 3, where ˜𝑠𝑢 is a min-max normalized version of 𝑠𝑢 . The
contribution of each candidate item to its corresponding attribute
category 𝑐 in 𝑅∗𝑢 is weighted by its recommendation score. This
formulation aims to encourage the model to surface items from
categories that are underrepresented in the recommendations (in
relation to the consumption history) of the user𝑢 by increasing their
recommendation scores relatively to items from other categories.

LC𝑢 =
∑︁
𝑐

𝐻𝑢 (𝑐) · log
𝐻𝑢 (𝑐)
𝑅∗𝑢 (𝑐)

(1) 𝐻𝑢 =
𝐶𝑇 𝑡𝑢∑

𝑐
(𝐶𝑇 𝑡𝑢 )𝑐

(2) 𝑅∗𝑢 =
𝐶𝑇𝑢 ˜𝑠𝑢∑

𝑐
(𝐶𝑇𝑢 ˜𝑠𝑢 )𝑐

(3)

We define the accuracy-aimed loss term following [27], using the
KL divergence between the softmax-normalized versions of 𝑠𝑢 and
𝑡𝑐𝑢 (denoted 𝑠𝑢 and ˆ𝑡𝑐𝑢 respectively), where 𝑡𝑐𝑢 ∈ {0, 1}𝑚𝑐𝑎𝑛𝑑×1 is
a vector encoding which of the candidate items are present in the
user’s consumption history (training positives). The accuracy loss
term LA𝑢 = 𝐾𝐿( ˆ𝑡𝑐𝑢 , 𝑠𝑢 ), encourages the model to assign higher
scores to the ground truth items relative to all other candidates.
During fine-tuning, we compute the total loss for a batch as the
sum of the user-level losses across all users in the batch.

The CaliTune hyper-parameters include the number of candi-
date items sampled at each epoch (𝑚𝑐𝑎𝑛𝑑 ), the weight given to the
calibration objective (𝜆), and the scope of fine-tuning (whether all
model parameters or, e.g., only the user embeddings are updated).

3 Experimental setup
Aiming to assess the feasibility of fine-tuning established recom-
menders for calibration, we conduct a series of exploratory experi-
ments1 featuring two backbone recommenders, two datasets from
different domains, a SotA baseline and a user-group level analysis,
targeting popularity as the calibration attribute2. The calibration
task, therefore, is to adjust every user’s individual recommenda-
tions such that items of every degree of popularity are represented
there in the same proportions as in the user’s consumption history,
as formulated in previous work [3].

Item popularity. Following previous work [3, 11, 14], we define
item popularity based on the total number of unique users who
interacted with the item in the dataset. Each item is assigned to one
of three popularity categories 𝑐 ∈ {𝐻𝑖𝑔ℎ𝑃𝑜𝑝,𝑀𝑖𝑑𝑃𝑜𝑝, 𝐿𝑜𝑤𝑃𝑜𝑝}.
Items are ranked by popularity, and those at the top of the list
cumulatively accounting for 20% of all interactions are labeled
as 𝐻𝑖𝑔ℎ𝑃𝑜𝑝 . Similarly, the least popular items comprising 20% of
interactions are labeled as 𝐿𝑜𝑤𝑃𝑜𝑝 . The remaining items fall into
the𝑀𝑖𝑑𝑃𝑜𝑝 category. This categorization allows us to represent a
user’s popularity distribution, whether based on their consumption
history (𝐻𝑢 ) or recommendations (𝑅𝑢 ), as a discrete three-bin. Each
bin reflects the proportion of items from the respective category.

Baseline and evaluation. Following previous work [3, 14, 15],
we quantify miscalibration at the user level using Jensen-Shannon

1Fostering reproducibility we share the experimental setup and results, including our
implementations of CaliTune and CP: https://github.com/hcai-mms/CaliTune
2Popularity was selected as a clear, interpretable attribute with real-world relevance
and a measurable trade-off with accuracy.
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Figure 1: Accuracy-calibration trade-offs of CaliTune for different backbones, datasets, and values of the hyper-parameter
𝜆. CaliTune is most effective on the AMBAR dataset, optimal settings vary between backbone-dataset combinations. Paler
markers (situated closer to the backbone) correspond to earlier fine-tuning epochs for CaliTune and lower values of 𝜆𝐶𝑃 for CP.

Table 1: Dataset statistics for AMBAR and ML-1M

Users Items Interactions Sparsity 𝐻𝑖𝑔ℎ𝑃𝑜𝑝 𝑀𝑖𝑑𝑃𝑜𝑝 𝐿𝑜𝑤𝑃𝑜𝑝

ML-1M 6,040 3,706 1,000,209 95.53% 113 1,069 2,524
AMBAR 30,618 69,372 1,739,596 99.92% 814 23,689 44,869

Divergence (𝐽𝑆𝐷) between the popularity distributions in the user’s
top-10 recommendations and consumption history (Eq. 4). We
choose it over 𝐾𝐿, used in the fine-tuning loss for its directional
optimization properties, for interpretability. In our formulation
with log2 base 𝐽𝑆𝐷 is bound to the [0, 1] interval [17] and is sym-
metric. The 𝐽𝑆𝐷 value of 0 indicates perfect alignment between
recommended and historically consumed category distributions.
We assess recommendation accuracy using 𝑛𝐷𝐶𝐺@10.

We compare CaliTune to Calibrated Popularity (CP), a SotA user-
centered post-processing method for popularity calibration [3]. It
relies on greedy submodular optimization algorithm to re-rank the
top-𝑚 candidate recommendations generated by a backbone rec-
ommender model, producing a final recommendation list of length
𝑛 (𝑛 << 𝑚) for each user. The procedure optimizes an objective bal-
ancing the relevance and calibration goals with a hyper-parameter
𝜆𝐶𝑃 . The computational cost of CP grows polynomially with the rec-
ommendation list length𝑛, making this method relatively expensive
at the inference time. In contrast, CaliTune integrates calibration
into the training process, producing calibrated recommendations
at the inference time without additional computational overhead.

𝐽 𝑆𝐷 (𝐻𝑢 , 𝑅𝑢 ) =
1
2

∑︁
𝑐

𝐻𝑢 (𝑐 ) · log2
2𝐻𝑢 (𝑐 )

𝐻𝑢 (𝑐 ) + 𝑅𝑢 (𝑐 )
+

1
2

∑︁
𝑐

𝑅𝑢 (𝑐 ) · log2
2𝑅𝑢 (𝑐 )

𝐻𝑢 (𝑐 ) + 𝑅𝑢 (𝑐 )

(4)

Datasets. We conduct our experiments on two datasets from
different domains: MovieLens 1M (ML-1M, movies) [7], containing
1M interactions between 6K users and 4K items, and AMBAR (mu-
sic) [6], which, after removing duplicate interactions and enforcing
5-core filtering, comprises 1.7M interactions between 31K users
and 69K items. See Table 1 for detailed statistics.

Backbone models. We compare CaliTune to the post-
proccesing baseline CP, applying both to the same backbone rec-
ommenders: BPR [21] and DMF [26], implemented in RecBole [28].
These two collaborative filtering approaches are widely used and

differ in architecture, offering a meaningful testbed for evaluating
CaliTune. While BPR learns separate embeddings for each user and
item, DMF uses shared multi-layer projection networks for users
and items.

For each dataset, we conduct a parameter grid search in the
following ranges: learning rate in [0.01, 0.005, 0.001, 0.0005, 0.0001],
embedding size in [32, 64, 128, 256] and for DMF hidden layers in
{[32, 32], [64, 64], [128, 128], [256, 256], [64, 64, 64, 64], [256, 128, 64,
64]}. For both datasets and models, the best performing embedding
size is 256, and hidden layers of size [256, 256] for DMF. The best
performing learning rate is 0.0005 for AMBAR and 0.0001 for ML-
1M. All models are trained on 80-10-10 data splits.

Calibration hyper-parameters. For CaliTune, we explore can-
didate set sizes𝑚𝑐𝑎𝑛𝑑 ∈ [25, 50, 100, 200, 400] (plus 1600 for AM-
BAR), calibration weight 𝜆 ∈ [0.0, 0.1, 0.25, 0.5, 0.75, 1.0], and learn-
ing rate in [1e-3, 5e-4, 1e-4] (plus 1e-5 for DMF). Fine-tuning is
performed on a single instance of BPR and DMF per dataset, using
batch size 16, learning rate decay every 20 epochs (𝛾 = 0.9), early-
stopping with patience of 40, and a maximum of 500 epochs. For
CP, we follow prior work [3, 9, 14], varying 𝜆𝐶𝑃 from 0.1 to 0.9
with step size 0.1, and setting the re-ranking depth𝑚 to 100 items.

We save the intermediate states of the recommenders as they
are gradually fine-tuned with CaliTune. After the procedure termi-
nates, we evaluate the 𝐽𝑆𝐷 and 𝑛𝐷𝐶𝐺 of every saved state on the
test set, allowing us to track the trade-off dynamics over time. For
CP, we similarly evaluate recommendations for each value of 𝜆𝐶𝑃 .

User groups. To better understand the effectiveness of our ap-
proach, we evaluate performance separately for three user groups.
Following previous work [1, 14], users are ranked by the propor-
tion of 𝐻𝑖𝑔ℎ𝑃𝑜𝑝 items in their profiles: the top 20% are labeled
Mainstream-focused (as most interested in popular items), the bot-
tom 20% as Niche-focused users (least interested in popular items),
and the remaining 60% as Diverse users.

4 Results
To evaluate how well CaliTune matches the accuracy-calibration
trade-off of the post-processing CP (RQ1), we analyze Figure 13.

3Due to space constraints, we present a representative selection of experiments that
highlight the effectiveness of CaliTune across various settings. Full experimental data
and additional plots are available in the companion repository.
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Each subplot corresponds to a specific backbone-dataset pair, with
𝐽𝑆𝐷@10 (lower is better) on the x-axis and 𝑛𝐷𝐶𝐺@10 (higher is
better) on the y-axis (thus the desired performance state in each plot
is in the top left corner, corresponding to 𝐽𝑆𝐷 = 0 and 𝑛𝐷𝐶𝐺 = 1).
Backbone’s original performance is marked as "x", while CP’s re-
sults across different 𝜆𝐶𝑃 values are shown as "+", darker sym-
bols reflect stronger calibration emphasis. Colored lines represent
CaliTune’s trade-off path across 𝜆 values: from red at 𝜆 = 0.0 for
pure accuracy objective, to blue at 𝜆 = 1.0 for pure calibration objec-
tive, with more saturated dots indicating later fine-tuning epochs.
For visual clarity, only epochs showing meaningful changes from
the previous epoch are displayed. Learning rate and candidate num-
ber𝑚𝑐𝑎𝑛𝑑 are noted in grey at the top of each plot. Additionally,
for each setting, we report the CaliTune model that achieves the
best calibration while keeping 𝑛𝐷𝐶𝐺 at or above4 the closest CP
point. We express CaliTune’s relative calibration improvement as
a percentage of the total improvement achieved by CP at 𝜆𝐶𝑃 = 0.9.

To assess the sensitivity of CaliTune across different hyper-
parameter settings and user groups (RQ2), we refer to Figure 2 and
Figure 3. Figure 2 shows the trade-offs achieved by CaliTune when
optimizing solely for accuracy (𝜆 = 0.0) or calibration (𝜆 = 1.0)
on the AMBAR dataset for BPR. Labels (such as𝑚400) indicate the
number of top-𝑚𝑐𝑎𝑛𝑑 candidates used during fine-tuning. The left
plots show results when all embeddings are fine-tuned, while the
right plots restrict updates to user embeddings only. Figure 3 breaks
down CaliTune’s performance over BPR by user type, highlighting
differences across 𝑁𝑖𝑐ℎ𝑒 , 𝐷𝑖𝑣𝑒𝑟𝑠𝑒 ,𝑀𝑎𝑖𝑛𝑠𝑡𝑟𝑒𝑎𝑚 users.

4.1 RQ1: Effectiveness
From Figure 1, we see several cases where CaliTune matches or
outperforms the post-processing baselines in terms of accuracy-
calibration trade-off. On ML-1M with BPR, CaliTune performs on
par with CP at 𝜆𝐶𝑃 = 0.1, achieving 31% of CP’s total calibration
without a significant drop in 𝑛𝐷𝐶𝐺 . On AMBAR, CaliTune cali-
brates 74% of CP’s total, significantly improving 𝑛𝐷𝐶𝐺 from CP
at 𝜆𝐶𝑃 = 0.4. For DMF on ML-1M CaliTune reaches 61% of CP’s
maximum calibration, losing only 8.3% in 𝑛𝐷𝐶𝐺 compared to CP
at 𝜆𝐶𝑃 = 0.3. On AMBAR, CaliTune matches CP’s trade-off at
𝜆𝐶𝑃 = 0.9 with no significant 𝑛𝐷𝐶𝐺 difference. When prioritizing
calibration over accuracy, CaliTune consistently achieves over 65%
of CP’s total calibration across all backbone-dataset combinations,
albeit sometimes at a less favorable trade-off.
Key findings. Our experiments suggest that CaliTune can serve
as a competitive, inference-efficient alternative to CP across differ-
ent backbone-dataset combinations. Notably, the optimal hyper-
parameters settings vary across these combinations, and further
experiments are needed to assess whether CaliTune can consis-
tently match CP under stronger calibration objectives.

4.2 RQ2: Sensitivity
As shown in Figure 1, combining accuracy and calibration objectives
generally produces a smoother trade-off across all settings, which
gradually changes with the 𝜆 adjustment. For BPR, fine-tuning yields
a trade-off similar to CP, with a gradual decay of accuracy for all 𝜆.
4Significantly better performance of CaliTune or no significant difference according
to a Wilcoxon test with 𝑝 < 0.01.

In contrast, on DMF it behaves differently, with 𝑛𝐷𝐶𝐺 dropping at
early epochs and recovering in later epochs, particularly on ML-1M.
We attribute this to DMF’s shared parameter structure for user and
item embeddings while BPR learns independent embeddings for
each entity, allowing for more flexible calibration to individual user
preferences.

Figure 2 suggests that higher learning rates can enhance calibra-
tion, though finer adjustments may yield more balanced trade-off
(e.g., m200 with 𝜆 = 1.0 in the first two plots). Fine-tuning only
user embeddings (two rightmost plots) results in more predictable
trade-offs, allowing even the accuracy objective to improve cali-
bration. Conversely, fine-tuning all embeddings can lead to better
calibration trade-offs under certain settings (e.g., 𝑙𝑟 = 1𝑒 − 4, m200).
We also observe that while accuracy benefits from larger𝑚𝑐𝑎𝑛𝑑 ,
calibration peaks at𝑚𝑐𝑎𝑛𝑑 <= 200 and declines with more candi-
dates. This indicates that CaliTune’s objectives, while aligned, may
reach their optima under different hyper-parameter settings.

Figure 3 shows that fine-tuning BPR results in more favorable
trade-offs for user-groups initially exhibiting higher miscalibra-
tion: Diverse and Mainstream-focused on ML-1M, and Niche and
Diverse on AMBAR. We compared CaliTune and CP to the back-
bone model in relation to the popularity of recommendations. On
ML-1M, CaliTune reduced the number of popular items for nearly
twice as many users as CP among Mainstream and Niche users.
Moreover, CaliTune improved nDCG for 24–32% and JSD for up
to 87% of users on ML-1M, highlighting its ability to support users
with non-mainstream preferences without sacrificing accuracy. Sim-
ilar trends were seen in AMBAR5. This suggests that CaliTune can
be particularly effective for models like BPR with separate user
and item embeddings, as it enables smoother trade-offs, and sup-
ports user- or group-specific fine-tuned representations, enhancing
overall calibration.
Key findings. Through various hyper-parameter settings,
CaliTune consistently achieves a wide range of accuracy-
calibration trade-offs, especially inmodels with user-specific embed-
dings. It is particularly effective for improving calibration among
initially more miscalibrated user groups.

5 Discussion
This work shows that fine-tuning can present a viable alternative
to post-processing for improving item popularity calibration in
recommender systems. This section discusses the experimental
results and provides some practical considerations.

The most prominent advantage of CaliTune in its current state
is zero added latency during inference, compared to the unchanged
backbone (the fine-tuned model fully retains its original architec-
ture and is deployed in the same way). In contrast, post-processing
assumes changes to the inference pipeline and unavoidable added
latency while producing recommendations. In case of CaliTune,
the absence of added latency comes at the cost of additional efforts
before deployment. Beyond fine-tuning itself, its hyper-parameters
(such as candidate count and the balancing coefficient 𝜆) need to be
individually chosen for every backbone and dataset combination.
Furthermore, our preliminary work shows that CaliTune provides
comparable or better accuracy-calibration trade-offs only up to a
5We share additional analysis in the companion repository.
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Figure 2: Accuracy–calibration trade-off for CaliTune on AMBAR with BPR as backbone, including accuracy (𝜆 = 0.0) and
calibration (𝜆 = 1.0) objectives. We vary the candidate numbers (𝑚𝑐𝑎𝑛𝑑 ), learning rates and fine-tuned components (i.e. only user
embeddings vs. full model). Fine-tuning of only user embeddings yields more stable trade-offs, while full fine-tuning achieves
stronger calibration at potential accuracy cost.
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Figure 3: Accuracy-calibration trade-off of CaliTune for dif-
ferent user-groups on two datasets, with BPR as backbone.
CaliTune is more effective for user-groups initially catered
with higher miscalibration by the backbone model.

certain point after which CP performs more favorably. This way
CaliTune is an attractive option in cases when inference time is
more valuable than training time, given the resulting trade-off is
sufficient for the task. Moreover, as CaliTune incorporates calibra-
tion objectives directly into the model’s learning process, it adapts
its internal representations to yield more robust results when the
calibration target is not separable at ranking time.

This study shows feasibility of employing fine-tuning to improve
calibration of already established recommenders. Yet, more research
is needed to evaluate the efficiency of CaliTune for different types
of attributes, beyond popularity. One would expect calibration of
more fine-grained attributes to be more challenging to achieve
through fine-tuning, as it requires capturing more item attribute
categories by means of the fine-tuned model’s parameters. Further-
more, some attributes may be easier to calibrate for, depending
on the amount of information about them already present in the
unchanged backbone.

Finally, we note directions for further improvement of CaliTune.
The accuracy-oriented loss term hasn’t performed equally well for
all datasets, which motivates a search for an alternative formula-
tion. The accuracy and calibration oriented loss terms show peak

effectiveness at different candidate counts. Setting this parameter
individually for each may improve the resulting trade-off.

6 Conclusion and future work
We introduce CaliTune, a fine-tuning approach for recommenda-
tion calibration. Unlike SotA methods, CaliTune neither incurs
any additional computational load at the inference time, nor re-
quires altering the backbone. We benchmark CaliTune against
Calibrated Popularity, a leading post-processing technique on the
same backbones. Our results show that CaliTune achieves compa-
rable performance when the calibration effort prioritizes accuracy
and, in some cases, is able to provide a superior accuracy-calibration
trade-off, making it a viable inference-efficient alternative.

Beyond its immediate results, this work aims to spark broader
discussion around fine-tuning as a general strategy for calibration.
There is promising potential to improve the accuracy-calibration
trade-off of CaliTune, including personalization of calibration in-
tensity, more flexible multi-objective optimization and smarter sam-
pling mechanisms. For example, CaliTune’s reliance on top-𝑚𝑐𝑎𝑛𝑑

candidates for fine-tuning can limit its ability to promote relevant
but initially low-ranked items. This could be mitigated by hybrid
sampling strategies that also consider historically relevant items.
Moreover, in future work we plan to investigate the efficiency of
CaliTune in conjunction with more modern recommendation ar-
chitectures6, as well as applied to other finer-grained attributes
(e.g., genre, recency) or personalized semantic clusters, and do-
mains. While additional research is needed to fully realize these
possibilities, we see CaliTune as an important step towards more
integrated approaches to calibrated recommendation.
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