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The advancement in Neural Machine Translation (NMT) has significantly improved the localisation of content
across multiple languages, offering fluency and efficiency. However, in complex applications, such as the
translation of video games, where there is a need to preserve original player experiences, NMT alone cannot
capture subtleties such as humour. As a result, human oversight remains essential to ensure that audio and
text translations retain their original intent and appeal. In batch workflows that involve millions of words, the
assignment of post-editing/review jobs to the rightful personnel is tedious to complete manually. We present
the progress and challenges encountered during the development of a recommender system (RS) designed to
enhance video game translation workflows. The main goal of this work is to improve time and cost efficiency
in real-time localisation workflows and ensure that unique aspects of game narratives are preserved while
meeting the demands of global audiences. The results of the online A/B evaluation in more than 292,000 video
game translation workflows demonstrate that the recommender system achieves more than 90% time savings
and up to 76% cost reduction compared to manual assignment.

CCS Concepts: » Information systems — Recommender systems; Recommender systems; - Computing
methodologies — Machine translation;

Additional Key Words and Phrases: Neural Machine Translation, Recommender Systems, Editorial Workflow,
Machine Learning, Automated Decision Engines, Resource Allocation.

ACM Reference Format:

Tendai Mukande, Dimiter Dinkov, Riccardo Superbo, and Noel O’Connor. 2025. Accelerating Workflows in
Video Game Translation: A Recommender System for Review and Post-Edit Assignments. In Proceedings
of ACM Transactions on Recommender Systems (ACM). ACM, New York, NY, USA, 18 pages. https://doi.org/
KXXXXXXXXXXXXX

1 Introduction

The globalisation of commerce and communication creates an overwhelming demand for high-
quality translation services, as businesses seek to expand their reach to international markets
and business organisations strive to communicate across diverse language barriers. The need for
translations that are not only accurate but culturally sensitive is necessary for effective global
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Fig. 1. Overview of translation workflows: (a) Traditional human translation. (b) NMT generated content
reviewed by a human editor and (c) an advanced NMT workflow enhanced by a recommender system to
address the (time and cost) inefficiencies of manual assignment in large-scale settings.

communication. Traditionally, human translators have been relied upon to meet these demands,
as shown in Figure 1(a), but the process is costly, labour intensive, and time consuming [26]. This
has driven the adoption of Neural Machine Translation (NMT), a breakthrough technology that
uses deep learning algorithms and large data sets to produce fast and fluent translations [56],
significantly speeding up the translation process compared to statistical machine translation [53].
Advanced NMT solutions such as KantanMT! have enabled organisations to reach global markets
faster by accelerating the implementation of large-scale translation delivery.

Although NMT models have revolutionised translation services, they are still far from perfect
[12]. These models excel in many contexts, but they often struggle with context-specific nuances
such as idiomatic expressions, and specialised terminology, which are essential in niche use cases
such as video game localisation.” For example, the creative and dynamic language of video games
presents challenges: games require translations that not only convey meaning, but also preserve
emotional tone. NMT, while effective in technical translations, often misses the mark on such
creative elements, leading to inappropriate output [16, 49]. This limitation requires the refinement
of NMT-generated content by human editors, as illustrated in Figure 1(b), to be more contextually
appropriate and linguistically accurate [20]. This combination of NMT and human expertise is
crucial in game localisation, where the integrity of original content needs to be maintained in

1KantanMT is an advanced NMT platform developed by KantanAlL

?Localisation in this context refers to the process of adapting a video game to suit the language, norms, legal requirements,
and player expectations of the respective region.
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various linguistic contexts [12]. For our use case, the real-time allocation of the right personnel in
batch workflows involving more than 35 million® words translated per month is not trivial. The
main challenge is to match the right editors with the right task and to ensure that the editors have
the necessary expertise for the required task. Manual task assignment is time-consuming and can
result in missed deadlines for ongoing projects. In addition, the high volume of job workflows
generated by more than 7500 NMT engines monthly creates the need for a scalable and systematic
assignment solution that is computationally efficient in terms of memory usage, latency and
cloud bills. Moreover, the objectives of privacy, fairness and transparency are paramount as well
as accuracy of the assignments. To address these issues, we propose an RS that balances these
objectives by automatically assigning human editors to NMT-generated translations, as illustrated
in Figure 1(c), based on various factors such as their labour cost, productivity and expertise.

In this paper, we present our efforts in developing an RS that dynamically assigns profiled human
candidate editors based on their language proficiency, productivity, cost and domain experience in
video game localisation. The RS ensures that NMT-generated translations are matched with the
most valuable® candidate editors, preserving both the quality of translation (audio and text) and
the creative aspects of the original game content, whereby the complexity of language and thematic
relevance amplifies the challenges of manual task allocation. Unlike standard translations, video
game localisation involves dialogue and in-game mechanics, which require a deeper understanding
of both the language of the target audience, hence, the ability to match editors with the right
expertise is crucial. Our proposed solution reduces time bottlenecks in video game translation,
producing content that resonates with global audiences while maintaining the creative integrity of
the original work in real time. We address challenges encounted in complex editorial workflows
large-scale settings, to optimise assignment of the right editors to the right task and ensure high
video game translation quality, ultimately improving the end-user experience. Our proposed model
accelerates the localisation process in a cost-effective manner. The results of the online A/B
evaluation of more than 292,000 large-scale video game translation projects demonstrate that the
RS achieves significant time and cost savings compared to manual assignment.

2 Related Work

Research on the development of automated decision engines to improve NMT workflows is a
promising area [13, 34]. As demand for high-quality translations grows, such as in technical
domains, the synergy between human expertise and machine efficiency is needed to improve NMT
output at scale. In this section, we discuss the related research to this work. We give an overview
of the advances in NMT, highlight the need for human oversight in NMT systems, and then discuss
the application of Recommender Systems (RSs) in automated workflows.

2.1 Advances in Neural Machine Translation

NMT has seen advances over the past decade, driven by breakthroughs in deep learning and the
availability of large datasets [10]. Early models, such as recurrent neural networks (RNNs) and
long-short-term memory networks (LSTMs), laid the foundation for modern architectures, but
faced challenges such as vanishing gradients and difficulty modelling long-range dependencies
[19]. The introduction of the transformer self-attention mechanism [51] marked a paradigm shift
in NMT, enabling better context handling and parallel processing of data, leading to substantial
improvements in translation fluency and accuracy [9]. Transformer-based methods have been

3Source: https://www.kantanai.io/

4Source: https://www.kantanai.io/

°In this context, the most valuable candidate depends on the task requirements. For example, a candidate with lower
productivity can be prioritised if their cost is lower and the project is not urgent.
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Fig. 2. Overview of the review and post-editing task showing source and target domain languages as well
as a candidate pool. Review tasks are assigned to the most valuable candidates in the pool based on their
language competencies, cost, productivity, quality scores and game domain experience.

shown to be effective in various scenarios, including multilingual and multi-source translations
[40, 44], making NMT more viable for large-scale and real-time applications. Despite their potential,
NMT models face limitations in contextually sensitive or creative content, such as idiomatic
expressions or poetry [52]. They often struggle to capture the cultural nuances in translations [22]
of such content. In addressing these limitations, human editors have participated in the refinement
of the NMT output to maintain narrative fidelity [10]. Approaches such as human-in-the-loop not
only improve translation quality but also provide valuable feedback for fine-tuning models [20],
ensuring that human expertise complements the efficiency of NMT.

2.2 Human oversight in Neural Machine Translation

Despite advances in NMT, recent research highlights the important role of human oversight in the
production of high-quality translations [12, 20, 59]. Although most NMT methods excel at speeding
up translations, they often fail to capture the subtleties of language. This limitation becomes evident
especially in context-sensitive scenarios such as legal documentation, medical communication,
or creative content such as poetry, comedy and video games [30]. Human post-editing, as shown
in Figure 2, is needed to bridge these gaps, especially in specialised domains where precision
is paramount. Post-editors address a wide range of issues, including grammatical inaccuracies,
mistranslated idioms, tonal inconsistencies and contextual errors. Moreover, human editors have
an innate ability to resolve ambiguities, adhere to stylistic guidelines, and refine translations to
preserve the intent and integrity of the original text [18, 59]. An example is the audio and text
translation of video games, which demands not only linguistic accuracy but also an appreciation of
regional preferences. Although NMT systems are effective for straightforward translation tasks,
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they often struggle with more complex contexts, which can compromise the player experience
and reduce the authenticity of the game in localised markets [12]. Human oversight through
post-editing and proofreading ensures that translations align with cultural norms, thus preserving
the essence of the original content [38].

2.3 Recommender systems in automated workflows

Research on RSs has evolved significantly over the past decades, progressing from their early
use in suggesting products or content [58] to tackling more complex and dynamic applications
[17, 45, 54]. The integration of RSs into automated decision workflows presents an exciting avenue
for innovation in industries such as gaming, e-commerce and global communications. As demand
for high-quality translations and other specialised outputs increases, the role of RSs in automating
and optimising these processes becomes increasingly necessary [2]. Despite these advances in
RSs, their application in specialised workflows, such as game localisation, remains underexplored
[35]. NMT often fails to capture content such as idiomatic expressions [39]. These shortcomings
require human oversight, where editors with the right linguistic expertise refine machine-generated
translations to meet the demands of localised markets. However, manual assignment of tasks
to editors is inefficient, especially in large-scale workflows. Traditional methods rely heavily on
static rules and generally do not meet the dynamic and multifaceted requirements of localisation
processes [20]. For example, game localisation projects often involve strict deadlines, evolving
linguistic standards, and the need to adapt translations to various contexts.

3 System Design

We develop an recommender system to address task assignment bottlenecks in video game locali-
sation workflows. We integrate data from multiple sources, such as editors’ performance metrics
and project requirements, to allocate tasks, such as assigning a translation task to editors with
demonstrated expertise in the target culture and familiarity with the terminology of gaming. Simi-
larly, editors who are experienced in handling creative narratives are prioritised for tasks involving
emotionally resonant content. This approach not only improves efficiency, but also ensures that
the quality of localisation meets the expectations of players in different regions [37]. Our model is
scalable, making it suitable for both small- and large-scale projects. Using modular Application
Programming Interface (API) endpoints, we streamline tasks such as data processing, training
and real-time inference. Real-time inference APIs allow for low-latency responses by dynamically
scaling resources to match traffic demands, and ensuring that the system remains responsive under
high load. Additionally, caching and batch endpoints reduce latency and computational overhead
by optimising the flow of data and reducing unnecessary computations.

3.1 Workflow Architecture Overview

The RS is integrated with NMT clusters and data clusters to ensure seamless task allocation. NMT
clusters generate incoming job tasks, and candidate editor profiles are continuously updated and
stored in the database, as illustrated in Figure 3. The overall workflow architecture illustrated in
Figure 3 includes candidate profile, recommendation, task assignment and feedback loop. When a
recommendation task is received from NMT clusters, the RS recommends the top N candidates
from the pool and assigns the most valuable candidate. We hypothesize that RS improves the
efficiency of the workflow while ensuring higher quality in translations, maintaining the cultural
integrity of the translated content. .
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Fig. 3. Architecture overview of the localisation workflow. The RS is integrated to NMT clusters and data
clusters to ensure seamless task allocation. NMT clusters generate incoming job tasks, and candidate editor
profiles are continuously updated and stored in the database.
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Ranking Task. Candidate editor profile attributes such as language proficiency,’ domain
experience’ and previous performance metrics.® Profiling ensures that evolving skills and
experience are continuously updated in candidate profiles to facilitate precise and effective task
matching. The RS evaluates the editor profiles against the specific requirements of each job task and
generates a candidate ranking based on a combination of weighted metrics. The metrics considered
in the ranking score calculation include weighted Average Word Count Per Hour (AWC/hour),
which is used to determine the productivity of the candidates, and the weighted quality score,
which is used to evaluate the quality of previous work done by the candidates. Weighted Cost per
Word balances cost-efficiency, crucial for projects constrained by tighter budgets, and weighted
domain experience calculates the expertise of editor in specific domains, ensuring that culturally
sensitive adaptations are assigned to the most experienced candidates for the particular game
domain. Human reviewers with domain experience improve NMT performance by applying their
deep understanding of the context of the game, the tone of the narrative, and the expectations of
the players. Their familiarity with in-game terminology, character voices, and genre conventions
allows them to identify and correct ambiguous or inappropriate translations that would otherwise
go unnoticed by less experienced candidates. Language proficiency determines the level of editor
proficiency in the source and target languages, ensuring that editors with higher proficiency are
prioritised for tasks requiring high linguistic precision. These metrics are aggregated into a final
suitability score for each editor, ranking them by relevance to the task at hand.

Task assignment: Queued jobs in the workflow are assigned to the top N-ranked candidates
according to priority. The highest ranked candidate is first notified and given the option to accept
or decline the task. If the candidate declines or fails to respond within the designated notification
period, the task is passed to the next candidate in the ranking. This process continues until the
task is accepted. Once a candidate accepts, they complete the task, and their profile is updated to

The candidate’s expertise in specific source and target languages.

"Previous experience of the candidate in executing translation projects of a particular video game domain, such as Athena,
Minecraft, Steelhead, Woodstock, etc.

8Previous performance metrics of the candidate, such as AWC/hour, quality rating, cost per word, etc.
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Fig. 4. Recommendation model overview. Task and candidate feature vectors are embedded to obtain lower-
dimensional representations and passed to the attention module. The attention layer allows the model to
capture relevant aspects of the candidates feature set relative to the task, weighting them accordingly. The
final ranking score is used to determine candidate suitability for specific tasks. The loss function combines
the ranking loss with fairness and bias losses.

inform future assignment decisions. Our architecture features a feedback loop that continuously
refines the RS. After each completed task, feedback such as quality ratings, word count per hour,
and quality ratings by end users is collected to update editor profiles and adjust the weighting of
evaluation metrics. This adaptive mechanism improves the predictive accuracy of the system over
time, aligning the recommendations more closely with the evolving project requirements.

3.2 Recommendation Model

The recommendation model retrieves data from a large database of candidate profiles to match
them with job task requirements, including source and target languages, project timeline, and
budget constraints. The RS ranks potential editors based on profile metrics such as language
proficiency, domain expertise, and historical task performance. It balances subject-matter expertise
while adhering to budget and deadline constraints. The goal is to improve task execution efficiency
while reducing the overall computational cost of the workflow [27, 41]. This approach ensures
the selection of editors who meet both quality and efficiency standards, which contributes to the
overall success of the localisation project. The architecture of the recommendation model is shown
in Figure 4.
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3.21 Embedding Layer. The RS ranks candidates for translation jobs by incorporating various
contextual factors. To enable context-aware decision making, we use higher-order tensor repre-
sentations that capture both candidate features and task requirements. This approach allows the
model to express complex relationships between multiple factors in a compact and expressive way.
For example, a highly experienced candidate who charges less and has a lower AWC/hour may be
preferred in cost-sensitive scenarios. In contrast, a candidate with a high AWC/hour but limited
experience might still be suitable if the task is urgent. By jointly modelling attributes such as
candidate skills, quality, and task complexity, the model can make more informed ranking decisions.
We define feature vectors for the task and candidates as tensors:

Xtask = [source language domain, target language domain, project timeline, budget, quality threshold)]

1)
where X,k is a vector that contains the features of the task, such as the required skills and project
requirements. Similarly, the candidate feature vector x;:

x; = [Language Competencies;, AWC;, Cost;, Game Type Experience;, Quality Score;]  (2)

Both task and candidate feature are transformed to obtain lower-dimensional vector space
representations, which help capture non-linear relationships between the features. The candidate
and task feature vectors are transformed as follows: Candidate vector transformation z;:

z; = MLP(x;) = 0(W20(Wx; + by) +by) (3)

where W; and W are weight matrices for MLP layers, b; and b, are biases for MLP layers and o is
the ReLU activation function. Task vector transformation z,g:

Ziask = MLP(XtaSk) = O—(W;O—(Wixtask + b;) + b,z) (4)

where: W] and W, are task-specific weight matrices, and b] and b;, are task-specific biases. After
the candidate and task feature vectors are transformed, the next step is to determine the similarity
between the transformed candidate representation and the task representation to measure the
similarity between the transformed task and candidate vectors. The result is a learnable weight
matrix that allows the model to determine how well the candidates match the task requirements.

. T
Slm(zi’ ztask) =1z Wsimztask (5)
where Wgin, is a learned weight matrix used to scale the similarity.

3.2.2 Attention Layer. The attention layer refines the candidate’s representation according to the
needs of the task. The attention mechanism allows the model to dynamically adjust the importance
of each feature based on specific task requirements. For instance, if the task requires high language
domain proficiency, low cost, and quick turnaround, the attention layer enables the model to learn
and prioritise this combination of features. This dynamic weighting allows the model to learn more
complex relationships between the task and candidate features when ranking the candidate profiles.
Each candidate embedding z; is transformed into query, key and value vectors as follows:

qi =Wgyzi, ki=Wiz;, 0v;=Wyz (6)

where Wy, Wy, W, are learnt weight matrices; and g;, k;, v; represent the query, key, and value
vectors for candidate i. In standard self-attention [51], the weights are computed as follows:

T
Attention(Q, K, V) = softmax (QK ) Vv (7)

Vd
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where Q, K, V are matrices formulated by stacking g;, k;, v; for all candidates within a particular
language domain and d is the dimensionality of the query and the key vectors. To address the
high computational cost of standard self-attention, which is quadratic in terms of memory [48], we
apply a kernel function to approximate standard self-attention. This reduces the computational
complexity of the attention mechanism from O(N?) to O(N), where N is the number of candidates.
In this way, we efficiently refine candidate representations while maintaining scalability. In our
model, we approximate the softmax function as follows:

T

Qfa ) ~ HQP(E)T ®)

softmax (

where ¢(+) is a kernel-induced feature map. With this approximation, we calculate the attention
output as:

Attention(Q, K, V) = ¢(Q) (¢(K)TV) )
The attention output for the candidate i, h;, is computed as:
hi = Z aijk (0] © l)k) (10)
j.k

where the indices j and k iterate over all candidates, representing pairwise interactions between
candidates, v; and vy are the value vectors for candidates j and k, respectively, a; j is the attention
weight derived from the kernelized feature representations of queries and keys. and ® denotes the
element-wise multiplication of vectors v; and vg.

3.2.3 Output Layer. The final candidate score i is calculated as a combination of the feature-based
representation z; and the attention-refined representation h;:

Score; zi+wh hi (11)

= Weeatures

where Wiearures 1 the weight vector for the feature-based representation, wyy, is the weight vector
for the attention output h;.Once the scores for all candidates have been calculated, they are sorted
in descending order to generate the ranked list.

3.24 Loss Function. The training objective is to optimise candidate selection according to the
needs of the task, minimise bias, and improve fairness. Bias may arise when recommendation scores
are influenced by specific attributes, such as workload history, which could inadvertently disadvan-
tage newly added but equally qualified candidates. In our context, the ranking of recommended
candidates is not solely determined by the highest performance metrics, such as the lowest cost or
the best quality, but rather by the specific requirements of each project. This approach ensures that
all candidates receive fair consideration based on contextual relevance rather than historical or
systemic biases. The loss function incorporates ranking loss, fairness loss, and bias mitigation loss,
weighted by hyperparameters Agimess and Apjas:

Liotal = Z (Lranking + Afairness * Ltairmess + Abias : Lbias) (12)
batch

where Lyanking is the ranking loss term, Leyjress is the fairness loss term, and Ly, is the bias mitigation
loss term, designed to reduce bias in rankings.

, Vol. 1, No. 1, Article . Publication date: May 2025.



10 Mukande et al.

3.3 Implementation

The RS is implemented using a scalable technology stack that handles dynamic requirements
efficiently, thus enhancing real-time workflow assignments and maintaining consistent performance
across large-scale projects. We develop our system framework using PyTorch. We use FastAPI
[25] in the back-end to provide asynchronous endpoints for real-time management of task data
and editor profiles, with the goal of minimising inference latency, and Apache Server as a reverse
proxy to manage secure communication, load balancing, SSL termination, and caching between
front-end and back-end, optimising performance and reliability. We adopt a continuous learning
approach [28] rather than retraining the model from scratch. Specifically, new updates to the
candidate profile (for example, changes in quality scores, productivity, or domain experience) are
incrementally incorporated through periodic fine-tuning of the model using recent task—-candidate
interaction data. This allows the RS to adapt to evolving editor performance and new content
domains while preserving previously learned knowledge. Full retraining from scratch is performed
only at scheduled intervals (for example, quarterly or after significant data changes) to mitigate
concept drift [15].

4 Evaluation

To evaluate the effectiveness of the RS, we conducted extensive A/B testing within real-world
localisation workflows, benchmarking its performance against traditional manual task assignment.
The assessment focused on assignment accuracy and overall operational efficiency. The evaluation
encompassed the review of more than 292,000 NMT projects by more than 221,000 candidate
profiles, covering 40+ language pairs and 62 video game genres’. The ranking order used as
reference (ground truth) is derived from historical assignments that had been validated by human
experts. This established a human-expert ranking baseline against which the RS’s top-N predictions
were compared. Thus, “correct order” refers to the empirically observed ranking of editors according
to their historical suitability scores. Therefore, the top-N accuracy is computed by checking whether
the ranked list by the RS matches this reference order of human-validated assignments.

Data sources. Neural machine-translated projects, mainly referred to as the tasks on which candi-
dates are assigned to review, are generated from NMT engine clusters hosted on KantanStream'’.
The RS retrieves the profiles of all possible candidates for each particular task from a database of
globally crowd-sourced'! human translators, ranks the most valuable candidates and assigns tasks
based on project requirements, as illustrated in Figure 3. Crowdsourcing offers a blend of cost effi-
ciency, cultural authenticity, and community involvement [5]. This model also enables on-demand
scaling based on project needs without hiring more in-house staff. In addition, crowd-sourcing
fosters community building; as users become contributors, they develop a sense of ownership and
a deeper connection to the final product.

Data preprocessing. The data pre-processing steps are as follows. Incomplete or duplicate records
are removed, and outliers in numerical attributes, such as AWC per Hour and Cost per Word, are
filtered using interquartile range thresholds. Continuous variables are normalised using min-max
scaling. Categorical features, including source language domain, target language domain, and
game type experience, are represented using learnable embeddings, as described in Section 3.2.1.

9Source: KantanAl

19KantanStream is a cloud-based translation management system developed by KantanAl, designed to streamline and
automate localisation workflows. Source: kantanai.io/kantanstream/

1Source: https://www.memoq.com/pressroom/kantanstream-offers-seamless-connectivity-with-memoq-server/
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Historical task performance metrics are then aggregated to generate stable candidate performance
vectors, capturing average productivity and quality trends over time.

4.1 A/B Test Setup and Results

The A/B tests were carried out over a five-week period, during which tasks and candidates were
divided between the control group (manual assignment) and the treatment group (RS-based alloca-
tion). Candidate profiles updates reflect changes in language proficiency'?, domain experience!®,
and performance metrics including AWC/hour, quality scores and cost per word. To evaluate the
performance of the recommendation model, we assess its ranking accuracy and compare its task
assignment efficacy against manual allocation.

Ranking Performance: We evaluated the RS’s ranking performance using rank-sensitive metrics.
In particular, top-N accuracy is defined as 100% only when the top-N list includes all the most
valuable candidates in the correct order to ensure that every ranking maximises translation quality,
domain relevance, and cost efficiency. Hit Ratio (HR@N)'* and Normalised Discounted Cumulative
Gain (NDCG@N)"'® metrics were applied to determine the ranking performance. The RS achieves
high accuracy in terms of ranking tasks based on language skills, domain expertise, and past
project performance. The metrics shown in Table 1 indicate that the RS not only identifies the
right candidates, but also ranks them effectively, ensuring that the most suitable candidates are
prioritised for each localisation task. The system continuously improves by updating candidate
profiles and adapting to new task types and content genres. In addition, the RS adapts dynamically
by updating candidate profiles and task descriptors after each assignment. This feedback loop
enables continuous improvement, particularly in domains with evolving linguistic or gameplay
requirements.

Batch Size NDCG@5 NDCG@10 NDCG@20 HR@5 HR@10 HR@20

5,000 tasks 0.916 0.931 0.952 0.942 0.953 0.967
25,000 tasks 0.914 0.927 0.945 0.946 0.945 0.958
50,000 tasks 0.911 0.923 0.938 0.938 0.941 0.936
100,000 tasks 0.908 0.919 0.931 0.928 0.934 0.926
292,000 tasks 0.901 0.908 0.914 0.921 0.927 0.918

Table 1. Ranking performance of the recommender system across different batch sizes using NDCG@K and
Hit Ratio@K.

Assignment Efficiency: The RS significantly reduces the task assignment time from 7 to 75 hours
(manual) to just 5-65 minutes, for batch sizes ranging from 5,000 to 292,000 jobs, as shown in
Table 2. This results in consistent time savings of more 90%, effectively eliminating major workflow
bottlenecks. For example, manually assigning 25,000 tasks could take up to 15 hours, while the RS
completes the same workload in 15-20 minutes.

12For example, the candidate’s expertise in specific language pairs such as English-to-Korean translation.

3For example, prior experience translating within a specific game domain, such as Chinese-to-Japanese translation for
Minecraft.

“HR measures whether at least one relevant (i.e., high-value) candidate appears in the top-N list.

I>NDCG measures ranking quality by rewarding higher placement of relevant candidates.
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Batch Size  Manual Assignment Time RS Assignment Time Time Saved by RS

5,000 tasks 7-8 hours 5-7 minutes 90%+
25,000 tasks 10-15 hours 15-20 minutes 90%+
50,000 tasks 18-24 hours 25-32 minutes 90%+
100,000 tasks 25-32 hours 40-48 minutes 90%+
292,000 tasks 60-75 hours 55-65 minutes 90%+

Table 2. Overall time cost (including candidate profile updates, ranking and task assignment) for manual vs.
RS-based methods across varying batch sizes. The indicated manual assignment time reflects cumulative
person-hours (for example, 2 people x 2 hours = 4 hours).

Cost Efficiency of RS-Based Task Assignment. Table 3 presents a cost efficiency comparison between
manual task assignment and RS-based workflows. The results show that the RS is significantly more
cost-efficient than manual assignment in terms of average cost per assignment and throughput. The
integration of the RS into the localisation workflow delivers a 76.78% reduction in cost, highlighting
its effectiveness in scaling large-scale localisation workflows.

Setup Cost per Assignment (USD) Throughput/$ Cost Savings
NMT + Manual Reviewer Assignment $0.149 6.71 tasks/$ -
NMT + Recommender system $0.0346 28.90 tasks/$ 76.78%

Table 3. Cost efficiency comparison between cost efficiency comparison between NMT+ Manual and the
NMT+ Recommender system task-assignment workflows.

4.2 Evaluation Summary

Across multiple high-volume video game localisation projects, the RS demonstrated consistent
improvements in task assignment quality, speed, and cost-efficiency. As highlighted in Tables 1
and 2, the system achieves time savings of more than 90% in task allocation, completing batch
assignments of up to 292,000 jobs in 55-65 minutes. NDCG and HRscores of more than 0.90,
indicating high ranking accuracy of the model. Each task involves multi-criteria matching across
cost, domain expertise, and linguistic quality, which is not trivial. The high NDCG and HR values
instead demonstrate the robustness of the proposed model in capturing these dependencies within
a practical setting. Moreover, the benchmark used in our evaluation is based on ground-truth
human assignments derived from real production workflows, representing highly optimised and
expert-curated decisions. Thus, the high accuracy of the recommendation system reflects the
strong alignment of the model with expert human judgement rather than the simplicity of the
prediction task. The cost efficiency analysis (Table 3) shows a 76.78% reduction in assignment
costs compared to manual workflows,which shows the effectiveness of the RS. These results
demonstrate that the proposed RS not only outperforms manual assignment in key performance
indicators, but also enables cost-effective localisation for large-scale video game workflows.

5 Overall Insights and Future Research Directions

As RSs continue to shape the digital landscape, their effective deployment is crucial for businesses
to maintain competitive advantage. Industrial RSs have become integral in driving customer growth,
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improving user engagement, and improving business metrics such as sales, revenue, and customer
retention [55]. However, for these systems to operate optimally in real-world scenarios, they need to
overcome significant challenges related to scalability, efficiency, and ethical issues, such as privacy,
fairness, and transparency [11]. Most existing RS research focuses on improving model performance,
but there is also need to address challenges that arise in practical scenarios to ensure sustainability in
industrial settings [8]. In addition, addressing ethical considerations in RSs is essential. Approaches
such as fairness-aware learning, explainability, and privacy-preserving techniques can improve
recommendation quality while also addressing the increasing concerns of users and regulatory

bodies [31].

5.1 The need for scalable solutions

A significant bottleneck in the implementation of industrial-scale RSs is the high computational cost
of deep learning models [8]. As the size of the model increases, the computational and economic
challenges of scaling increase due to the substantial costs of the compute and storage resources
needed for training and deployment [23, 42]. To address the high computational cost in practical
recommendation scenarios, one research direction is to improve the efficiency of the model [33, 57].
Efficient methods would reduce both the cost and the time associated with training complex
models in large-scale practical settings [43]. However, these methods need to consider the trade-off
between computational efficiency and model performance. Hardware-algorithm co-design is another
interesting research direction towards improving model efficiency [7, 36]. Heterogeneous data, for
example in graph neural networks, is irregular and difficult to scale on GPU hardware [47]. To
address this issue, some works propose hardware-algorithm co-design to improve model efficiency.
For example, Neo [32] enables memory-efficient embedding computations through techniques such
as hybrid kernel fusion, software-managed caching, and quality-preserving compression. These
techniques reduce the memory footprint of large models while maintaining high computational
efficiency. Another innovation in this direction is the Sublinear Deep Learning Engine proposed by
Chen et al. [7], which combines intelligent algorithms with multi-core parallelism and workload
optimisation to significantly improve computational efficiency. Another solution, TorchRec [36],
which aims to improve the scalability and efficiency of RS models, further highlights the importance
of dedicated infrastructure in improving the performance of RSs at scale.

5.2 Feedback And Continuous Learning

In practical industrial scenarios, continuous feedback is essential to ensure that the RS remains
effective in handling evolving workflow and user requirements [46]. User feedback facilitates
timely responses to performance variations, enabling the system to adapt dynamically, which
is crucial to maintaining trust, transparency and engagement. Continuous learning, where the
model incrementally incorporates new data without requiring complete retraining, is an interesting
direction for large-scale, production-level RS deployments [6]. An important insight from our
study is that integrating real-time feedback mechanisms can substantially improve the adaptability
and accuracy of industrial RSs. In our workflow, real-time feedback is collected directly from
project managers and editors through the editorial dashboard used for managing localisation
assignments. This process ensures that future recommendations reflect updated performance trends
while maintaining fairness and cost efficiency. Unlike consumer-facing RSs, metrics such as click-
through or conversion rates are not applicable in this context; instead, performance evaluation
focuses on editor productivity, translation quality, and task completion efficiency. A potential future
research direction on feedback and continuous learning involves the development of improved
user interfaces that better facilitate feedback collection and model interpretability [4]. In our
setting, the RS integrates with a web-based editorial dashboard that allows reviewers and project
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managers to accept, monitor, and assess tasks in real-time. This interface provides transparency in
recommendation decisions and enables structured feedback loops. However, several challenges
remain, such as compliance with regional data privacy regulations and the need for scalable API
endpoints capable of synchronising multilingual editorial data streams. Future research could
explore conversational interfaces powered by large language models (LLMs) to improve usability
and human-machine collaboration in continuous learning scenarios [1].

5.3 Multi-Objective Learning

Although academic research on RSs is mostly focused on optimising single objectives such as
accuracy, privacy and fairness, most industrial applications need to balance multiple objectives
such as accuracy, revenue generation, fairness and computational efficiency [50]. For example,
while improving the accuracy of recommendations might lead to higher user satisfaction, it could
also increase computational costs or potentially introduce biases. Therefore, multi-objective RSs
aim to simultaneously optimise various performance metrics, addressing these competing goals
within a single framework. For example, optimising for both accuracy and fairness could require the
introduction of fairness constraints into the objective function, adding another layer of complexity
to the model design and training process. This would introduce challenges in implementing effective
multi-objective optimisation strategies at scale [54]. In practical applications, where computational
cost is a major concern, evaluating and managing trade-offs between performance metrics such
as efficiency, scalability and cost is essential [14]. Methods such as Pareto Front Learning provide
a foundation for handling these multi-objective problems in RSs [24]. These models attempt
to optimise multiple objectives simultaneously by considering the "Pareto Front," a set of non-
dominated solutions where one objective cannot be improved without worsening another [54].
Further research into multi-objective RSs could focus on developing new algorithms that better
balance trade-offs between various objectives which include scalability and user satisfaction.

5.4 Ethical Considerations

Our work lays the foundation for aligning the industrial deployment of RS with ethical Al principles,
balancing performance with fairness and privacy [31]. In industrial RSs, success cannot be measured
solely through business key performance indicators (KPIs); ethical considerations such as fairness,
transparency, privacy, and bias mitigation are equally important [45]. For example, human review
of NMT content also helps filter culturally sensitive content. To support transparency, system logs
are audited by both internal and external stakeholders, which is necessary to promote trust and
engagement. In our system design, we anonymise sensitive candidate information to maintain
privacy [21] and comply with regulations such as the General Data Protection Regulations'®. In
addition, the global pool of candidates enables diverse access to our system in diverse linguistic
and cultural settings. This aims to promote a global view of ethical evaluations [3, 29].

6 Conclusion

In this work, we present a recommender system designed to accelerate large-scale video game
localisation workflows. In complex tasks such as video game translation, where preserving the
original player experience is critical, NMT alone often falls short, often struggling to accurately
convey subtleties such as humour and emotional tone. To address this, human expertise remains
essential. Our RS efficiently assigns the most suitable reviewers to post-edit NMT output, resulting
in significant improvements in accuracy, processing speed, and cost-effectiveness across large-scale
localisation pipelines. Empirical results from A/B testing on more than 292,000 tasks on more than

10https://gdpr.eu/
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40 languages show that the RS significantly outperforms manual assignment, delivering up to
90% time savings and reducing costs by more than 76%. Future directions include advancing the
proposed solution in other use cases that apply automated decision-making systems. Ethical design
considerations, such as fairness and transparency, are integrated into the workflow, ensuring trust
and global participation in industrial settings. The insights from this work pave the way for applying
RSs in related domains, including poetry and comedy, where aligning human expression with
machine intelligence remains necessary to preserve contextual, cultural and linguistic precision.
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