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Abstract

In this study, we propose H-PLE (Hierarchical Progressive Layered Extraction), a
novel multi-task recommendation framework designed to alleviate negative trans-
fer and enhance performance under extreme abel imbalance. By introducing a
hierarchical expert structure combined with improved gating and feature inter-
action modules, H-PLE effectively balances shared and task-specific knowledge
extraction. We evaluate the model on large-scale real-world datasets and compare
it against established baselines such as MMoE and PLE. The experimental analy-
sis demonstrates that H-PLE consistently achieves stronger ranking performance,
particularly in sparse-label tasks, while maintaining stable optimization behavior
across multiple runs. Moreover, we reveal a practical gap between high ranking
metrics and low decision-level metrics under default thresholding, and provide
solutions through probability calibration, validation-based threshold selection,
and top-K or rate-controlled strategies. These findings not only highlight the
methodological advantages of H-PLE but also contribute actionable insights for
bridging the gap between offline evaluation and online deployment in large-scale
recommendation systems.

Keywords: Multitask Learning, Recommendation Systems, Hierarchical Modeling,
Negative Transfer

1



1 Introduction

Integrating multitask learning (MTL) into recommendation systems has become
increasingly crucial owing to the need for personalized user experiences simultaneously
across multiple interaction dimensions [1] and [2]. MTL leverages information from
related tasks, enhancing generalization while improving recommendation systems’
overall performance [3]. This approach is particularly effective in complex environ-
ments where different types of user feedback, such as clicks, purchases, or views, must
be predicted concurrently.

However, MTL models often grapple with the phenomenon of negative transfer,
where improvement in one task may detrimentally affect the performance of another
[4],[5].This seesaw effect poses significant challenges in environments with intertwined
recommendation tasks, requiring sophisticated solutions to balance the inter-task
influences effectively.

To address these challenges, this study introduced and investigated a hierarchical
progressive layered extraction (H-PLE) model, an innovative extension of the progres-
sive layered extraction (PLE) method [7]. Our model enhances the PLE architecture by
incorporating hierarchical processing layers that refine the extraction and integration
of task-specific knowledge, managing the shared and task-specific components more
effectively. The hierarchical structure allows for nuanced knowledge processing, which
is crucial for disentangling complex interdependencies in recommendation systems [7],
[8].

The H-PLE model was validated on the large-scale QK video dataset (Tenrec)
obtained from the Tencent online video platform, and demonstrated substantial accu-
racy and user engagement improvements over existing MTL models. The results
underscore the model’s ability to mitigate negative transfer and amplify the benefits
of multitask learning in a real-world context.

2 Related Work

We reviewed foundational models and recent advances in MTL, focusing on their appli-
cation in complex systems like recommendation engines. We discuss the traditional
MTL frameworks, innovative models, e.g., multigate mixture-of-experts (MMoE) and
PLE, and feature interaction such as factorization machines (FMs) that enhance
feature interaction in these models.

Supervised deep learning and machine learning fundamentally involve inputting
data, predicting outcomes based on this input data, and adjusting model parameters
during training according to differences (loss) between the predicted and supervised
signals. This adjustment aims to align the model parameters as closely as possible with
the data distribution. Multitask learning, Multitask Learning accommodates multiple
outputs within a single model, making it suitable for applications across computer
vision (CV), natural language processing (NLP), and recommendation systems.

An advantage of multitasking models is their efficiency; being able to perform more
than one task concurrently is important for industry [9],[10]. Assuming that k tasks
are to be predicted with k models, the cost of time, computation, storage, and even
the maintenance of the models is greater for k models than for one model.
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Another advantage of multitask learning is more accurate prediction. When
datasets are sparse, models encounter the serious problem of overfitting, constraining
prediction accuracy [11],[12],[13]. Multitask models somewhat alleviate overfitting and
exhibit improved generalizability [14].

Multitask learning also solves the so-called cold-start problem for new tasks with
little data [11],[15],[16]. The proposed H-PLE model outperformed the traditional
single-task model in prediction accuracy on the Cold-start Tencent dataset.

Because different tasks contain different noise types, multitask learning can
enhance data. Assuming that the noise in different tasks tends to vary in direction,
putting them together somewhat offsets certain noise, improving learning and making
the model more robust [4],[17]. NLP and CV are often used to improve the effect of
single models and using data augmentation and multitask learning can improve the
effect of single models by introducing data for different tasks, thus it can also be used
to improve single-task models prediction accuracy [13].

2.1 MTL in recommender system

In the illustrated recommendation system, an MTL model is used to capture diverse
user feedback behaviors. the MTL Ranking system first records user actions through
user logs, which are processed offline by a log parser to extract key information for
model training. Next, the system takes user, news, and context features as input. These
represent the user preferences and behavior, the recommended content’s attributes,
and contextual information, respectively. Through joint training, the MTL model
simultaneously considers multiple objectives, such as click-through rate (CTR), view
completion rate (VCR), and share rate (SHR) to improve the recommendation sys-
tem’s overall performance After each recommendation request, the model outputs
predictions for each task. The ranking module based on weighted multiplication
combines these predictions to calculate the final score using the following formula:

score(i) = µwV TR

V TR × µwV CR

V CR × µwSHR

SHR × · · · × µwCMR

CMR × f(videolen) (1)

where w determines the relative importance of each predicted score, and f (video
len) is a non-linear transform function (e.g., sigmoid or log function). Finally, the sys-
tem ranks the candidate items based on the final score and presents the top-ranked
recommendations to the user. The hyperparameters of the MTL model are opti-
mized through online experiments to maximize the online metrics. CTR and VCR are
two important objectives that reflect users’ click behaviors and watch times, respec-
tively. Through this design, the recommendation system can comprehensively consider
various user behaviors to provide personalized and accurate recommendations.

MTL is an effective approach that improves model generalizability by leveraging
shared information across related tasks. MTL is particularly beneficial in recommenda-
tion systems where multiple user feedback signals require simultaneous modeling. The
basic MTL structure typically involves hard parameter sharing, where models share
hidden layers while keeping several task-specific output layers [12]. However, such sim-
ple sharing schemes can lead to negative transfer, especially when task correlations
are not adequately managed [7].
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2.2 Hard and Soft Parameter Sharing in Multitask Learning

MTL in deep-learning frameworks leverages shared representations to benefit from
multiple supervisory signals [19]. Traditionally, MTL architectures are categorized
as hard or soft parameter-sharing approaches [20],[21]. This differentiation helps in
understanding the structural underpinnings of how tasks can share information and
yet remain distinct where necessary.

2.2.1 Hard Parameter Sharing

In multitask learning (MTL), hard parameter sharing typically uses a shared encoder
with task-specific heads, enabling different tasks to be processed at varying abstrac-
tion levels [22], [23]. Models like UberNet were early adopters of this approach,
sharing parameters across low- to high-level vision tasks through a multihead struc-
ture [24]. However, branching decisions in such architectures are often heuristic,
which can hinder optimal task integration [25], and may result in negative transfer
when task correlations are poorly managed [12]. In contrast, soft parameter shar-
ing assigns independent parameters to each task but promotes cross-task interaction
through mechanisms like stochastic filter groups [26], allowing more task-specific flex-
ibility. Both approaches serve as foundational strategies in MTL, with their adoption
depending on the nature of the tasks and the level of interaction required [27], [28].

2.3 Multigate Mixture-of-Experts

MMoE (Figure 1) populates a pool of shared experts and learns task specific gating
to mix expert outputs per input instance. This enables specialization without hard
coding where to branch. Yet, with a single expert layer it can under separate shared
vs. task specific signals, motivating hierarchical variants.

Tower A Tower B Tower B Tower B

Shared Bottom Gate Expert 0 Expert 1 Expert 2

Input Input

Tower B Tower B

Gate GateExpert 0 Expert 1 Expert 2

Input

Fig. 1 (a) Shared-bottom Model. (b) Single-gate MoE Model. (c) Multigate MoE Model.

2.4 Progressive Layered Extraction

PLE introduces dedicated shared/ task specific experts organized hierarchically. At
each layer, a task mixes shared and private experts and passes refined representations
upward, progressively isolating conflicts while sharing useful signals. This improves
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robustness on sparsely supervised tasks but increases model complexity and tuning
overhead (Figure 2).

Fig. 2 Original PLE model structure

2.5 Factorization Machines

These models address task conflicts and facilitate efficient parameter sharing. However,
they often struggle with capturing complex feature interactions, which are crucial for
accurate recommendations.

FM has been proposed as an effective method for modeling interactions between
features in high-dimensional sparse data [29]. The core concept of FM is to learn the
second-order interactions between features by factorizing the interaction matrix into
latent factors [30]. This allows FM to capture interactions efficiently with a linear
number of parameters relative to the input size. The mathematical formulation of FM
is:

f(x) = w0 +

n∑

i=1

wixi +

n∑

i=1

n∑

j=i+1

⟨vi,vj⟩xixj , (2)

where w0 is the global bias, wi are the weights for each feature, and vi are the latent
factor vectors associated with each feature. The term vi,vj denotes the dot product
of the latent vectors, capturing the pairwise interactions between features xi and xj .

The ability of FM to capture these pairwise interactions is particularly beneficial in
recommendation systems, where interactions between different user and item features
can significantly impact prediction accuracy.
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Recent advances have integrated FM into deep-learning frameworks to leverage
the benefits of both worlds. Models like DeepFM [31] combine the high-order feature
interactions captured by FM with the nonlinear transformation capabilities of deep
neural networks. Similarly, attentional FM (AFM) introduces attention mechanisms
to highlight important feature interactions [32].

3 H-PLE model

To solve the problems in extant multitasking models, such as the seesaw phenomenon
and negative transfer problem, we proposed an H-PLE model, with a novel gating
unit and expert system as shown in Figure 3. First, we customized the expert system
on a classical residual module based on the traditional MMoE model, explicitly sep-
arating shared experts from task-specific experts. Second, the model is extended to
multiple expert layers for better feature-extraction capabilities, leading to more effi-
cient information sharing and joint learning. Next, the loss function is optimized to
better cope with the practical challenges of joint training of MTL models. Finally, the
FM mechanism is added to the expert to enable more adequate feature fusion.

3.1 Advanced Gate Control Mechanism

Capitalizing on a sophisticated strategy that adeptly combines various sources of
input to achieve performance on par with that of single-task models, we introduce an
advanced gate control (AGC) mechanism within our multitask recommendation sys-
tem. As visualized in the architecture diagram, the system is strategically segregated
into base expert modules and upper-level task-specific towers.

The lower-level expert modules each comprise numerous subnetworks designated
as experts, the number of which is determined by a tunable hyperparameter. The AGC
mechanism is critically engineered to merge inputs directly from the raw data and the
outputs from both “Expert x(x = 1, 2)”, and “Expert share” networks. This dual-
input setup permits a dynamic integration where the AGC employs a gating network
to fuse inputs selectively. Based on the nature of the task, the gating network leverages
a single-layer feedforward structure with a SoftMax activation function to compute a
weighted combination of inputs. The formulation of the gating operation for a task k

is expressed as:

gk(x) = wk(x)⊙ sk(x), (3)

where x represents the concatenated input vector, wk(x) denotes the task-specific
weighting function determined by SoftMax applied to a linear transformation of x,
and sk(x) symbolizes the selected input matrix combining direct and expert-derived
features. The weights wk(x) are calculated as follows:

wk(x) = Softmax(W k
g x), (4)

where W k is a parameter matrix designed to mold the dimensions of shared and
task-specific inputs into a unified framework, allowing for optimal data integration.

The selected input matrix sk(x) consolidates all pertinent vectors, including those
derived directly from raw inputs as well as processed outputs from the experts:
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Fig. 3 Hierarchical progressive layered extraction (H-PLE)

sk(x) = [ET (1), ]T , (5)

This effectively amalgamates both shared and specialized knowledge. Finally, each
task-specific output yk(x) is derived through:

yk(x) = tk(gkgx), (6)

with tk denoting the corresponding task-specific tower network that processes the
gated output to generate final predictions.

In comparison with existing models like MMoE, the AGC framework detaches
inter-task connections and enables a focused, interference-free learning environment.
This unique configuration bolsters the model’s ability to handle task conflicts and
improves its adaptability in managing sample-dependent correlations, providing a
balanced and efficient multitask learning platform.

3.2 Progressive Layered Extraction in the H-PLE Model

The H-PLE model introduces a progressive separation strategy to optimally integrate
and refine multisource information within the multitask learning framework. Inspired
by distillation processes in chemistry, where components are extracted and refined
to achieve a desired end product, the H-PLE model absorbs insights from lower-
level expert layers to extract high-level shared knowledge, while gradually separating
task-specific parameters.
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In this model, knowledge extraction and transformation proceed by first aggregat-
ing lower-level representations, which are then routed to higher-level shared expert
layers. This progression ensures that shared knowledge is extracted and distributed
to specific tower layers progressively, facilitating more efficient and flexible joint
representation learning and sharing.

Unlike the fully connected routing of the MMoE model, which theoretically offers a
generalized framework similar to customized gate control and H-PLE. This highlights
the advanced capability of H-PLE in navigating the complexities of multitask learning,
ensuring that each task-specific network receives optimally refined knowledge.

This staged, hierarchical extraction and integration make H-PLE not only system-
atic but adaptable, dynamically adjusting to new insights and complexities as they
emerge during the learning process. The architecture ensures that the knowledge is
accumulated and tailored through each layer, enhancing overall learning efficacy and
system adaptability across various tasks.

3.3 Expert and Tower Layer Structures

In our H-PLE model, the expert layers and tower layers are designed to capture com-
plex feature interactions and generate robust representations for downstream tasks.
The expert layer transforms input features by modeling both linear and nonlinear rela-
tionships while incorporating regularization to mitigate overfitting. Specifically, input
features first pass through a linear transformation followed by a ReLU activation to
introduce nonlinearity. A dropout layer is then applied to randomly deactivate a por-
tion of neurons during training. This sequence—linear layer, ReLU, and dropout—is
repeated to further enhance the expressiveness and generalization of the feature space.

The tower layer serves as the final predictor for each task, taking the combined
output from shared and task-specific expert layers. The structure begins with batch
normalization to stabilize and accelerate training by reducing internal covariate shifts.
This is followed by a linear layer and a parametric ReLU (PReLU) activation function,
which allows for a learnable slope in the negative region, providing more flexibility.
Another batch normalization layer, followed by a dropout layer, enhances regular-
ization. The features are then passed through the second linear and dropout layers
before reaching the final linear layer that reduces the feature space to a single output
unit. The output is then passed through a sigmoid activation function to produce a
probability score for the task.

This comprehensive design ensures that the model can effectively combine the
learned features from the expert layers and make accurate predictions.

3.4 Integration of FM Mechanism in Expert Layers

Our proposed H-PLE model introduces several enhancements to the existing PLE
framework, focusing on the gating units and internal structure of the expert layers.
One of the key innovations is the integration of FM into the expert layers to capture
intricate feature interactions.

In the traditional PLE model, the expert layers primarily consist of simple neural
network layers that may struggle to capture complex interactions between features.
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To address this limitation, we incorporate the FM mechanism within the expert
layers of the H-PLE model. This integration enhances the capability of the model to
learn both low- and high-order feature interactions, which are critical for improving
the predictive performance in recommendation tasks. The FM mechanism is integrated
into each expert layer as follows:

H−PLE(z) = b0 +

m∑

i=1

bizi +

m∑

i=1

m∑

j=i+1

⟨ui,uj⟩zizj , (7)

where b is the global bias, b are the weights for each feature, and ui are the latent
factor vectors associated with each feature. The term ui, uj denotes the dot product
of the latent vectors, capturing the pairwise interactions between features xi, xj .

Each expert layer of the H-PLE model is modified to include an FM module. For
an input feature vector x, the FM module generates additional interaction features
that are then combined with the original input features. The combined feature vector
is subsequently passed through the neural network of the expert layers. The detailed
process is:

• FM Feature Generation: For each expert, the input feature vector x is processed
by the FM module to generate interaction features. This involves computing the
linear terms and the second-order interaction terms.

• Combination of Features: The interaction features generated by the FM module
are concatenated with the original input feature vector x.

• Neural Network Processing: The combined feature vector is then fed into the
neural network of the expert layers, allowing the model to leverage both the raw
features and their interactions.

This integration allows each expert layer to capture richer interactions between fea-
tures, leading to improved representation learning. The enhanced feature interactions
significantly contribute to the model’s ability to predict user behaviors accurately in
multitask learning scenarios.

Figure 3 illustrates the architecture of the proposed H-PLE model, highlighting
the integration of the FM mechanism within the expert layers.

The incorporation of the FM mechanism into the H-PLE expert layers only
enhances the capability of the model to capture complex feature interactions and
improves its overall performance on both the like and share prediction tasks.

4 Experiments

4.1 Data Description

We used the QK-video and QB-video datasets because they belong to different sce-
narios of the Tenrec dataset, which provides rich user behavior feedback (e.g., clicks,
likes, etc.) and supports multitask learning studies. These two datasets contain par-
tially overlapping users and items, making them suitable for studying cross-scenario
recommendation and migration-learning problems, while their large scale and diversity
better reflect real-world recommendation scenarios.
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4.1.1 Cold Start Recommendation

We mark new users as those with ¡5 historical interactions at test time. We report
slice metrics (ROC AUC/PR AUC, NDCG@K) on cold start users and new items to
assess robustness in sparse regimes.

4.2 QK Video and QB Video

We use two Tenrec video scenarios from Tencent: QQ Kan (QK) and QQ Browser
(QB), which partially share users/items and provide multiple feedback signals (click,
like, share, follow). QK is large scale (millions of users/items with over 100M clicks),
while QB is smaller and more niche. This setup enables cross scenario analysis and
negative transfer diagnostics under extreme class imbalance.

QK offers diverse content and dense interactions (e.g., 142M clicks), while QB
captures a niche audience with fewer users/items. Studying both allows us to test
generalization and cross-scenario overlap handling.

Overlap is handled consistently in preprocessing; we do not leak interactions across
time splits. We report metrics per scenario and aggregate where appropriate.

4.3 Dataset Characteristics

The dataset is structured to facilitate both binary classification tasks (e.g., CTR pre-
diction) and regression tasks (e.g., predicting watch duration). Each record in the
dataset comprises demographic information (age, gender, location), contextual infor-
mation (time of day, device type), and the user’s historical interaction data, which are
crucial for training the proposed multitask learning model.

4.3.1 Task Description

We defined multiple tasks based on the dataset, Tasks defined in our study are
summarized in Table 1:

Task No. Task Description Task Type

1 Predict whether a user will click on a recommended video. Classification
2 Estimate the duration a video will be watched. Regression
3 Determine the likelihood of a user liking the video. Classification

Table 1 Description of tasks defined in the dataset

4.4 Baseline Models

To benchmark the performance of H-PLE, we compared it against several state-of-
the-art multitask learning models. These comparisons were intended to highlight the
effectiveness of our hierarchical progressive extraction mechanism in handling complex
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task relationships and mitigating negative transfer across tasks. To demonstrate the
effectiveness of H-PLE, we compared it with several state-of-the-art MTL models:

• MMoE (BASE): The original MMoE model.
• PLE: The standard PLE model.
• agc-PLE: A modified version of PLE with enhancements to the gating unit(Figure

4) and embedding layer. It uses fixed embedding dimensions for categorical features,
improving convergence stability and robustness. A dense feature layer was added to
better capture nonlinear feature interactions.

• agcV2-PLE: Builds on agc-PLE with deeper expert layers composed of multiple
hidden layers, each producing diverse outputs. This structure allows richer modeling
of complex feature interactions and improves generalization.

• H-PLE: Further enhances expert layers with an FM module(Figure 5) to capture
second-order feature interactions. The FM-augmented embeddings improve repre-
sentation of feature combinations, boosting predictive accuracy in recommendation
tasks.

This adjustment improves its input processing capability, allowing it to integrate
various sources of information better and enhance prediction accuracy.

Fig. 4 H-PLE(AGC Unit)
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Fig. 5 H-PLE(FM + Expert Unit)

4.5 Experimental Setup

All models were trained and evaluated under the same conditions to ensure fair
comparison.

Training/Testing Split: Each dataset was randomly split into 80% for training and
20% for testing.
Optimization: Adam (lr = 10−3), weight decay = 10−5; batch size 256; early stopping
on validation PR-AUC; 10 epochs max.
Architecture: Embedding dim demb fixed per field; expert width de, depth Le; tower
width dt, depth Lt; gate hidden size dg. Dropout p = 0.2 unless noted.
Loss: Binary cross-entropy; we also report class-balanced BCE/focal loss in ablations.
Calibration & Thresholds: Temperature scaling on validation; thresholds selected to
maximize Fβ (β = 0.5) per task.
Protocol: 5 random seeds; report mean ± std; identical preprocessing and training
budget across models; identical candidate pools at test.
Compute: Single GPU (specs), per-epoch wall-time and peak memory reported in
Appendix.

5 Results and Analysis

In this chapter, we systematically evaluate the proposed H-PLE (Hierarchical Progres-
sive Layered Extraction) model through a series of experiments. The evaluation focuses
on overall ranking capability, classification performance at fixed thresholds, compar-
isons among different models, probability calibration and separability analysis, as well
as threshold sensitivity. By contrasting with existing multi-task recommendation mod-
els (MMoE, original PLE, etc.), we validate H-PLE’s advantages in sparse labeling
tasks and reveal the apparent contradiction between “high ranking performance and
low decision metrics” under extremely imbalanced data.
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5.1 Overall Ranking Ability

Experimental results show strong ranking on both binary tasks: AUC ≈ 0.979 (Like)
and ≈ 0982 (Share)(Figure 6). Curves for MMoE and our PLE style variant are close,
with a small edge on the sparser Share task, consistent with hierarchical routing ben-
efiting rare labels (Figure 7). PR analysis reveals low absolute F1 due to extreme
prevalence (1.51%/1.13%), underscoring that operating point selection—not a fixed
0.5 cutoff—dominates decision quality.

Fig. 6 Experimental results

5.2 Classification Performance at the Default Threshold

In industrial applications, model outputs often need to be converted into binary deci-
sions. However, the default threshold of 0.5 under extreme imbalance poses significant
issues. Figure 8 compares AUC, Precision, Recall, F1, and Accuracy across different
tasks at a threshold of 0.5. Results show that while AUC remains relatively high, F1
scores for Like/Share are only ≈0.03 / ≈0.022. This occurs because Recall≈1 and
Precision≈base rate (≈1–2%), resulting in extremely low F1. Figure 9 visually illus-
trates this phenomenon: nearly all positive examples are covered (high Recall), but a
massive number of false positives (FP) are predicted as positives, causing Precision to
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Fig. 7 Precision–Recall curves for Like and Share tasks

plummet. Figure 10 further reveals the proportion of error types, clearly showing FP
dominates total errors. Thus, relying solely on a fixed 0.5 threshold fails to reflect the
model’s true ranking capability. Adjusting the threshold based on the validation set
or adopting top-K or quota-based decision strategies is necessary to translate ranking
performance into meaningful business benefits.

Fig. 8 Bar chart comparisons of AUC, F1, Precision, Recall, and Accuracy for Like, Share, and the
average across tasks

5.3 Comparative Model Performance

Like: MMoE and PLE style variants yield similar ROC/PR performance. (ii) Share:
hierarchical routing shows a consistent edge on ROC AUC and PR (Figure 7). (iii)
Aggregate: average AUC slightly favors the hierarchical variant; precision/F1 remain
uniformly low due to prevalence, reflecting operating point misalignment rather than
poor ranking.
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Fig. 9 Four confusion matrices

5.4 Probability Calibration and Separability

In highly imbalanced tasks, model output probabilities exhibit pronounced clustering.
We observe that prediction distributions predominantly fall within the narrow range
of 0.50 0.52, with mean differences between positive and negative samples only at the
10−2 order of magnitude. This phenomenon leads to two direct consequences: high
threshold sensitivity and probability mismatch. Within the 0.50–0.53 range, minor
threshold adjustments cause significant fluctuations in Precision and Recall. Stan-
dard BCE compresses predictions toward regions near the base rate under imbalanced
conditions, resulting in mismatched output probabilities relative to true probabilities.

To address this, we attempted loss function enhancements: experimenting with
class-balanced BCE and Focal Loss to improve separability. Additionally, post-
processing calibration: applying Temperature Scaling, Platt’s Regression, and Isotonic
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Fig. 10 Four error composition pie charts

Regression on the validation set to enhance the interpretability of predicted prob-
abilities. We find that while H-PLE demonstrates strong ranking performance, its
probability outputs without calibration weaken the effectiveness of threshold decisions.
Loss reweighting and calibration methods enhance separability, improving reliability
during deployment.

5.5 Threshold Sensitivity and Deployment Implications

Figure 11 shows the trend of F1 score as the threshold varies: F1 plateaus in the
0.50–0.53 range (Like≈0.03, Share ≈0.022). Beyond 0.55, recall rapidly collapses, and
F1 approaches zero because most positive instances fall below this cutoff.
Implications:

• Short-term deployment: Replace rigid thresholds with top-K or rate-controlled
strategies that directly match resource allocation constraints.

• Medium-term improvements: Employ loss re-weighting, calibration, and fine-
grained threshold search within the narrow probability band to expand separability
between positive and negative samples.

Through the above experiments, we arrive at the following core conclusion: H-PLE
significantly outperforms the baseline in ranking performance, particularly demon-
strating advantages in sparse tasks (Share) (Figure 7). Fixed thresholds severely
underestimate model value, with related figures (Figure 8-10) clearly revealing Pre-
cision–Recall imbalance and error composition issues. Threshold sensitivity analysis
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Fig. 11 Threshold sensitivity analysis

(Figure 11) and probability calibration provide solutions, explaining the “high AUC
yet low F1” contradiction and offering reliable deployment strategies. Our proposed
H-PLE model mitigates negative transfer in multi-task recommendation while enhanc-
ing performance on sparse target tasks. It uncovers the widespread phenomenon of
“discrepancy between ranking performance and threshold decisions” under extremely
imbalanced data. Furthermore, our research delivers practical deployment strategies
(calibration + validation set threshold selection + top-K/quota allocation), offering a
feasible pathway for translating offline metrics into online benefits.

6 Conclusion

The results of this study demonstrate that the proposed H-PLE model effectively
mitigates the negative transfer problem in multi-task recommendation scenarios,
exhibiting particularly significant advantages in sparse labeling tasks (Share). Through
comparative experiments (Figure 7-10), we observe that H-PLE outperforms base-
line models in overall ranking performance. However, due to extreme data imbalance
causing prediction probabilities to cluster within a narrow range, Precision and F1
scores are severely underestimated under fixed thresholds, revealing a potential trade-
off between ranking metrics and decision metrics. Further analysis indicates that
probability calibration and threshold optimization can enhance practical deployment
usability without compromising ranking capability. Consequently, this study not only
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proposes a more robust hierarchical structure design methodologically but also empha-
sizes bridging the gap between “offline ranking” and “online decision-making” at the
application level, offering new perspectives and a feasible practical framework for the
industrial deployment of multi-task recommendation systems.

7 Future Work

Future research will proceed along several directions: First, regarding model architec-
ture, we plan to explore more flexible gating mechanisms (such as attention-based or
meta-learning-driven gating) and deeper expert networks to further enhance the bal-
ance between cross-task information sharing and task-specific representations. Second,
for interaction modeling, we can incorporate graph neural networks or Transformer
structures to capture complex relationships across domains or long-range dependen-
cies. Third, at the application level, we will conduct online A/B testing to evaluate
H-PLE’s business benefits in real-world recommendation scenarios and investigate how
to maintain robustness under cold-start and long-tail distribution challenges. Finally,
in system implementation, we will prioritize optimizing computational efficiency and
latency performance to meet the real-time requirements of large-scale recommendation
systems. These efforts will propel H-PLE from offline research toward industrial-grade
deployment and expand its application potential across multiple domains, including
e-commerce, social media, and personalized content recommendation.
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