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Abstract
In the realm of domain-specific natural lan-
guage understanding (NLU) tasks, acquiring
high-quality labeled data is often arduous,
thereby posing significant challenges for effec-
tive model training. Multi-task learning (MTL)
addresses these limitations by jointly optimiz-
ing multiple tasks within a unified framework.
In this paper, we introduce a novel sparse NLU
multi-task learning framework that decomposes
the language model into modular skill compo-
nents and employs a dynamic, learnable skill-
combination mechanism to adaptively handle
diverse tasks. Extensive experiments on bench-
mark NLU datasets demonstrate that our pro-
posed method surpasses conventional multi-
task learning approaches in performance.

1 Introduction

Recent advancements in multi-task learning (MTL)
for natural language understanding (NLU) have sig-
nificantly enhanced data efficiency and inter-task
correlation, effectively mitigating both the cold-
start predicament and overfitting issues (Pilault
et al., 2021; Zhang et al., 2023). MTL method-
ologies are broadly classified into “hard-parameter
sharing” and “soft-parameter sharing” paradigms
(Chen et al., 2024). The former employs a fully
shared representation network across all tasks,
whereas the latter adopts a selective parameter-
sharing mechanism to balance task-specific and
shared learning.

In this paper, we introduce a MTL framework
that dynamically selects skill indices through em-
bedding similarity computation between skills and
the target task. Specifically, we incorporate dedi-
cated embedding layers for both tasks and skills,
enabling their representations to be adaptively
learned in a latent semantic space. To optimize skill
selection, we employ a differentiable threshold-
ing mechanism that compares task-skill similarity
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scores against a pre-defined threshold, thereby fa-
cilitating end-to-end gradient propagation across
all model components. This approach ensures syn-
chronized parameter updates while maintaining
sparsity. Consequently, our framework achieves
fine-grained task-skill information fusion through
a principled index selection strategy, effectively
eliminating empirical biases and enhancing the ro-
bustness of multi-task learning. Our contribution
are summarized as follows:

• We propose an adaptive skill composition
mechanism that leverages dual embedding
spaces for both skills and tasks (Equations
2 and 3). This framework optimizes embed-
ding parameters through joint multi-task op-
timization (Equations 10 and 11), enabling
data-driven skill integration as opposed to the
heuristic manual configuration characteristic
of Skill-Net(Zhang et al., 2022) (seeing in
Section B).

• We devise a differentiable optimization func-
tion that enforces synchronous skill updates
within each task, effectively mitigating the
load imbalance issue inherent in MMoE(Ma
et al., 2018). Furthermore, our framework ac-
commodates dynamic skill cardinality across
different tasks - a critical flexibility that
MMoE’s rigid top-k selection mechanism fun-
damentally lacks (seeing in Section B).

2 Method

This section delineates the architectural framework
of our novel MTL approach, as depicted in Figure
1. First, Section 2.1 presents the skill module ar-
chitecture. Subsequently, Section 2.2 elaborates on
our adaptive skill combination strategy, employing
a differentiable thresholding mechanism that evalu-
ates task-skill similarity against learned activation

37839



Positional 
Encoding

Add & Norm

Multi-Head
Attention

Add & Norm

Input
Embedding

TASK POOL
�� :  { i n t e n t 
detection}

tk :  {named entity 
recognition}

Task Embedding

1 0 0 0
0 1 1 1

0 1 0 1

0 1 1 0
TASK SAMPLER

TASK HEAD

Skill Embedding

> �ℎ푟��ℎ표��(��)

projection

FFN
Cluster

2
1 + �−�퐑퐄��(���−��) − 1

DIFFERENTIABLE

Figure 1: The overall framework of the proposed method. Original FFN structure in the encoder is extent to a FFN
cluster which representing skills in the paper (Right Part). Skills activation is derived from similarity calculation
between embedding of tasks and skills (Left Part).

thresholds. We introduce specialized classifier ar-
chitectures tailored for representative downstream
tasks in Section 2.3.

2.1 Skill modules

Inspired by MoE and Skill-Net, we adapt original
language model to skill specific structures. Con-
cretely, a typical pre-trained language model, e.g.,
BERT (Devlin et al., 2019), is comprised of mul-
tiple multi-head attention layers (MHA) and ex-
ercises the linkage between adjacent layers by a
feed-forward network (FFN). We modify the FFN
matrix into a FFN cluster for task j with each item
representing a special skill, and obtain the final
FFN output via the mean value calculation, i.e.,

Cj(x) =
∑

1≤i≤N (αijxWi + bi)∑
1≤i≤N αij

, (1)

where Wi and bi mean the weight matrix and bias
of the skill i, and αij is the coefficient to measure
the contribution the skill i is on the current task j.
N is the skill amount.

Distinguished from MoE method, where the
weight value (i.e., αij) for an FFN routine is de-
rived from the gate mechanism on current data,
we reckon it via embedding-similarity calculation
between current task type and the skill. Specifi-
cally, we attach corresponding embedding layers,
i.e., Et and Es, for both task types and skills, as is
described in Equation 2, in which n represents the

number of the multiple tasks and d is the embed-
ding dimension:

Et = EMB(n, d), Es = EMB(N, d). (2)

Furthermore, the similarity score between task type
j and skill i is obtained through normalization on
vectors’ dot product result.

αij = σ((WijEt(j) + bij) · Es(i)), (3)

where σ(.) is the sigmoid function, Wij and bij
constitute the projection network to map the task
embedding into space of the skill i.

We instroduce an embedding constraint function
that enforces orthogonality among skill represen-
tations, analogous to BigGAN(Brock et al., 2019),
thus impels each skill to learn an exact aspect of
natural language knowledge:

lorth =
|EsE

T
s ⊙ (1− I)|2F
N(N − 1)

, (4)

where ET
s means the transpose of skill embedding

matrix, I is the identity matrix and ⊙ counts the
Hadamard product between two matrices.

2.2 Skill combination strategy
αij mentioned in Section 2.1 gauges the donation
that the skill i makes to task j, however, we desire a
modification for it to express as either 1 or 0, which
demonstrates the skill is selected as an item of the
FFN cluster for task j or not, correspondingly. We
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Model TNEWS ChnSentiCorp AFQMC OCNLI OntoNotesEE CMRC2018 Average Result
Single task
fine-tuning 52.74 91.42 68.49 68.98 58.85 55.60 66.01

MT-DNN 51.78 90.41 65.73 67.97 49.84 57.62 63.89
MMoE 51.24 89.91 65.66 68.81 44.92 59.43 63.34

Skill-net 51.17 89.07 67.68 68.24 59.65 59.10 65.82
Our Model 51.29 90.08 67.10 69.02 60.32 60.56 66.40

Table 1: Evaluation results on six common NLU datasets (F1 score, %)

pre-define a threshold st and re-assign the value for
αij with the indicator function:

α
′
ij = I(αij > st). (5)

However, the inherent non-differentiability of
the indicator function across the entire FFN cluster
impedes effective gradient backpropagation during
model optimization. To address this limitation, we
propose a differentiable approximation that serves
as a surrogate for the original function while main-
taining training stability:

α∗
ij =

2

1 + e−αReLU(αij−st)
− 1 ≈ α

′
ij , (6)

where α is a positive number, ReLU(.) is the Recti-
fied Linear Unit activation function. Obviously, if
α is large in value, i.e., α → +∞, the equation is
satisfied that:

α∗
ij =

{
1 αij > st

0 αij ≤ st
(7)

Similar to Skill-Net, with this modification the
FFN cluster in Equation 1 will be commuted into:

Cj(x) =
∑

1≤i≤N (α∗
ijxWi + bi)∑

1≤i≤N α∗
ij

≈
∑

i∈Sj
(xWi + bi)

|Sj |
,

s.t. Sj = {i|α′
ij = 1},

(8)

where Sj is the picked skills set for task j. More-
over, the proposed framework maintains sparsity
by activating only a limited subset of skills for each
task. Therefore, numbers for skills and tasks in
Equation 2 should satisfy the combination theory:

2N − 1 ≥ n. (9)

2.3 Multi-task heads
NLU tasks are fundamentally divided into two
granularity levels: sentence-level and token-level.

To accommodate this dichotomy, we design task-
specific heads for each category, which are ap-
pended downstream of the BERT encoder(with
modification as showcased in Equation 8):

o(x)=

{
σs(h([CLS]) sentence−level
σs(h(tk))|tk ∈ x} token−level (10)

where “[CLS]” is the special token in BERT to-
kenizer. h(.) means the modified BERT encoder.
σs(.) represents the softmax operation. Referring
to Equation 4, the final loss function of our model
is signified as:

loss =
∑

(CE(o(x), y)) + βlorth, (11)

where CE measures the cross-entropy value for the
NLU tasks, and β is the ratio for orthogonality.

3 Experiments

We conduct experiments on several NLU task
datasets to evaluate the proposed framework. In
Section 3.1, the experiment settings, i.e., datasets
and baselines, are displayed thoroughly. The main
results and analyses are discussed in Section 3.2.

3.1 Experiment setting
• Datasets: TNEWS 1 is a news text classi-

fication dataset which comprised 15 types
of labels. ChnSentiCorp (Tan, 2020) is
a binary sentiment classification dataset for
online-shopping comments. AFQMC (Xu
and et al., 2020) is designed to predict whether
two pieces of sentences exhibit semantic sim-
ilarity. OCNLI dataset (Hu et al., 2020) as-
pires to map the logical relationship between a
sentence pair into 3 categories. OntoNotesEE
(Weischedel et al., 2013) is a named entity
recognition dataset with 18 types, e.g., person,
organization and location, etc. CMRC2018
(Cui et al., 2019) is a machine reading com-
prehension dataset, which requires to extract
a passage span for the given question.

1https://github.com/aceimnorstuvwxz/
toutiao-text-classfication-dataset
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Figure 2: Skills activation among tasks, i.e., α∗
ij . Unlike

MMoE, the number of activated skills varies dynami-
cally across tasks

• Baselines for comparison: Single task fine-
tuning (to train the tasks separately), MT-
DNN(Liu et al., 2019), MMoE, Skill-Net. As
for the last two methods, the FFN routines’
number are all set to 7 which is the exact as
our model. Furthermore, for Skill-Net, we
retain the skill setting for tasks in Table 3.

3.2 Results

We employ MacBERT (Cui et al., 2020) as the
backbone to conduct experiments and report F1
score for the evaluation results. As is displayed
in Table. 1, our model exceeds 1.64% F1 value
(with computing the mean difference between the
results of our method and those of all other meth-
ods in the final column, i.e., Average Result) by
average compared to other methods. Specifically,
it surpasses MMoE as well as Skill-net on both
TNEWS and ChnSentiCorp datasets. Mentioning
OCNLI task, it also shows superiority in compar-
ison with the baselines that exhibits an advantage
with average 0.52% improvement. It is crucial
to highlight that our method dominates in token-
level tasks, i.e., OntoNoteEE and CMRC2018,
that attains 7.0% and 2.62% ascendancy respec-
tively among the baselines. With detailed compari-
son to MMoE and Skill-net, referring to MMoE,
our method shows great advancement with aver-
age 8.27% (the average performance superiority
over MMoE on the OntoNotesEE and CMRC2018
tasks), and 15.4% for OntoNotesEE. As for Skill-
net, it still dominates with average 1.07%. Notably,
it is unnecessary to pre-design a task-skill mapping
manually, enabling to save labor costs in Skill-net.

We evaluate the skills activation states after the

training phase in terms of α∗
ij mentioned in Equa-

tion 6, as is demonstrated in Figure 2 .

Model TNEWS ChnSentiCorp AFQMC
Ours 51.29 90.08 67.10
β = 0 50.39 89.40 67.47

OCNLI OntoNotesEE CMRC2018 Average
69.02 60.32 60.56 66.40
67.93 59.01 58.85 65.51

Table 2: Evaluations on embedding orthogonality (%).

Additionally, we verify the skills embedding con-
straint states with calculating the value of |EsE

T
s |

in Equation 4. In the left part of the Figure 3,
embedding similarity matrix among the skill pairs
unfolds as a diagonal pattern which illustrates an
orthogonality in skills embedding space, hence it
alleviates the embedding mode collapse. Never-
theless, the right part exhibits skill overlapping
phenomenon with several off-diagonal elements
being large in values, i.e., the similarity score of
17 between skill 6 and skill 7. Referring to Ta-
ble. 2, the F1 score on average result descent by
0.89% with β = 0 that suggests a significance
for the embedding constraint, however, it still ex-
ceeds MMoE to much degree, i.e., 2.17% for the
average result and 13.93% for the harder task, i.e.,
OntoNotesEE. Thus the framework design of our
method contributes more to the final results, and the
orthogonality further enhances the model ability.

4 Conclusion

We propose a novel sparse MTL framework for
NLU that extends the conventional FFN architec-
ture in transformer encoders to a clustered FFN
ensemble, enabling dynamic network composition
tailored to specific tasks. In contrast to Skill-Net,
our method eliminates heuristic task-skill mapping
by instead learning optimal associations through
embedding similarity metrics. To optimize skill
representation learning, we introduce an embed-
ding orthogonality constraint that minimizes the
inner product between any pair of skill embeddings.
Furthermore, we implement a differentiable thresh-
olding mechanism, thereby maintaining complete
differentiability throughout the network for effec-
tive end-to-end training. Comprehensive empirical
evaluation across NLU datasets demonstrates the
superior performance and robustness of our pro-
posed framework.
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Limitations

In this paper, we propose a sparsified multi-task
NLU framework that addresses the limitations of
Skill-Net method (such as manually designed task-
skill mappings) and the load-balancing issues in
MMoE. Our approach has demonstrated effective-
ness across multiple NLU tasks. In the future,
we will extend the validation of this algorithm to
NLG tasks and evaluate its performance on popular
LLMs.
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A Results on EsE
T
s

Evaluation results on EsE
T
s constraint, as is dis-

played in Figure 3.

B Related Work

Multi-Task Deep Neural Networks (MT-DNN) (Liu
et al., 2019) is a representative hard sharing model
which shares the bottom layers, i.e., lexicon and
transformer (Vaswani et al., 2017) encoders, across
multiple tasks, whilst designs different classifica-
tion layers for task-specific. The whole encoder
sharing design is efficient among kindred tasks,
yet demonstrates boundedness for tasks at various
granularity (Ma et al., 2021), i.e., sentence-grained
and token-grained tasks which conduct attention
mechanism at different levels and precipitate sub-
optimal encoder parameters.

Referring to soft sharing that divides represen-
tation layers into task-shared and task-specific
features, Multi-gate Mixture-of-Experts (MMoE)
method (Ma et al., 2018) exhibits popularity to
distinguish differences among tasks. The authors
combine the shared bottom structure and the MoE
strategy which trains a corresponding gate network
for each task and selects expert routines via the gate
values. However, the gate values are usually larger
than zero that makes the framework dense and time-
consuming for inference. “Sparsity-gated MoE”
method (Shazeer et al., 2017) attaches sparsity and
noise components into original gate network that
utilizes “keep-top-k” operation for experts selec-
tion. The operation establishes parameters update
for experts at different training stages which may
result in expert collapse. Moreover, the top-k set-
ting will limit the model expression for various
tasks. Skill-net (Zhang et al., 2022) proposes a
sparse multi-task learning framework that allocates
several skill routines, i.e., the expert routines in
the MoE method, manually for a task. Whereas,
it suffers from the experiential bias for static skill
index selection.

The task type information is also essential for de-
riving task-specific structures (Pfeiffer et al., 2023).
In paper (Zhao et al., 2023), the authors define
an instance-dense retriever to map the instance en-
coding into the task type space. After that, the
type embedding is utilized to excite the HyperNet-
work (Chauhan et al., 2024) to generate parameters
for task-related adapter. Nonetheless, the method
trains the type learner and the task processing mod-
ule separately, thus cannot ensure an optimal pa-
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Figure 3: Skills embedding constraint visualization, i.e., |EsE
t
s|.

rameters for linkage between the type embedding
and the NLU models.

C Training Settings

• Hyper-parameters: Following the datasets and
previous methods, numbers for tasks and skills, i.e.,
n and N in (2), are 6 and 7 separately. The embed-
ding dimension d is set to 64. With respect to the
differentiable approximation in (6), the similarity
threshold st and the coefficient α are set to 0.35
and 109. We assign value of 10−3 to skill’s em-
bedding constraint ratio, i.e., β, in (11). In terms
of the system, all the experiments are conducted on
a single Tesla V100S-PCIE-32GB GPU.
• Skill-net setting: Skill activation for skill-net

is shown in Table 3.

s1 s2 s3 s4 s5 s6 s7
TNEWS ✓ ✓

ChnSentiCorp ✓ ✓ ✓
AFQMC ✓ ✓ ✓ ✓
OCNLI ✓ ✓ ✓

OntoNotesEE ✓ ✓
CMRC2018 ✓ ✓ ✓ ✓

Table 3: Activated skills in skill-net baseline.

D LLM Usage Clarification

Throughout the paper, the use of LLMs is solely
restricted to the polishing of textual elements, such
as lexical or phrasal substitutions, and does not
extend beyond this scope.
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