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Abstract—Transformer-based models, denoted as X-formers,
employ complex architectures to capture intricate temporal
dependencies. However, their internal decision-making processes
lack transparency, hindering the understanding of how specific
modules interact with distinct time-series patterns. To address
this challenge, we introduce Neural Network Input and Module
Mask Optimization (NIMO), a unified and fully differentiable
framework designed to provide fine-grained module-level in-
terpretability. Unlike traditional methods that rely on unstable
discrete searches or input-only attribution, NIMO leverages a
Temporal-Module Fusion Network (TMFN) and a joint optimiza-
tion strategy to establish a direct mapping between dynamic data
features and static model modules. This methodology explicitly
unveils the functional roles within X-formers, revealing that
Position Embeddings and Attention are critical for capturing
seasonality, while Temporal Embeddings and Feed-Forward Net-
works primarily model trends. Extensive experiments on 12
representative X-formers validate the fidelity of our explanations.
Furthermore, we demonstrate that this interpretability is action-
able: by pruning identified non-salient modules, NIMO achieves
a 46.40% improvement in computational efficiency and a 42.35%
reduction in model parameters without compromising forecasting
performance.

Index Terms—time series forecasting, module-level inter-
pretability, x-formers, mask joint optimization

I. INTRODUCTION

In recent years, Transformer-based models, denoted as X-
formers, have achieved significant performance improvements
in time series forecasting. However, as these architectures
grow in depth and complexity, they have increasingly evolved
into black boxes. This lack of transparency severely hinders
the deployment of X-formers in high-stakes domains such as
healthcare and power grid management, where understanding
the rationale behind a prediction is as critical as the prediction
itself. Consequently, opening this black box to reveal the
underlying decision-making mechanisms has become a focal
point of current research.

To address this challenge, existing interpretability research
generally falls into two paradigms: Ante-hoc and Post-hoc
methods. Ante-hoc methods aim to achieve interpretability
through intrinsic architectural designs. Evolving from early
attention-based RNNs [1] and TCNs [2], the Temporal Fusion
Transformer (TFT) [3] established a benchmark by explicitly
identifying critical features via variable selection networks.
Recent advancements have further expanded this direction.
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Fig. 1. Comparison between traditional input-only attribution and NIMO’s
structure-aware interpretation. Unlike traditional methods that treat the model
as a black box (right), NIMO opens the box to reveal the fine-grained mapping
between dynamic temporal features and static functional modules (left).

For instance, BasisFormer [4] interprets forecasting as a linear
combination of learnable basis vectors, while SHAPformer [5]
and ShapTST [6] attempt to integrate Shapley value estimation
directly into the forward pass of the network. However, these
methods often face a dilemma where achieving interpretability
necessitates imposing specific constraints on the architec-
ture, which can limit model expressiveness or compromise
forecasting performance. Furthermore, they are inherently
inapplicable to the vast array of existing effective yet
opaque X-former architectures.

Conversely, Post-hoc methods interpret trained models by
attributing predictions to input features without altering the
model structure. While early Gradient-based methods such as
Integrated Gradients [7] and DeepSHAP [8] offer computa-
tional efficiency, they often suffer from gradient saturation and
noise in deep nonlinear models. Consequently, state-of-the-
art research has shifted towards Perturbation-based methods
including Dynamask [9], Extrmask [10], and Gatemask [11].
These approaches utilize learnable optimization objectives
to dynamically identify optimal input masks and accurately
pinpoint salient time steps. While these methods effectively
identify input saliency, they fail to identify the specific
architectural components responsible for processing these
features, as illustrated in Fig 1. Although GeMIMO [12]
recently attempted module-level interpretation using genetic



algorithms, its discrete search strategy suffers from con-
vergence instability in high-dimensional spaces.

To overcome these limitations, we propose Neural Network
Input and Module Mask Optimization (NIMO), a unified and
fully differentiable framework designed to provide stable,
fine-grained interpretability. Unlike traditional methods that
treat the model as a black box, NIMO leverages a Temporal-
Module Fusion Network (TMFN) and a joint optimization
strategy to establish a direct mapping between dynamic tem-
poral features and static architectural modules. NIMO facili-
tates this through three coordinated stages: Input Perturbation,
Module Perturbation, and Joint Optimization. Input Pertur-
bation employs the TMFN to fuse temporal dynamics with
structural embeddings, generating context-aware input masks.
Simultaneously, Module Perturbation systematically evaluates
the contribution of individual modules, such as Attention
or Feed-Forward Networks, by optimizing learnable binary
masks. Finally, Joint Optimization synchronizes these masks to
ensure that the revealed correspondence between data patterns
and model modules is both accurate and consistent. By sys-
tematically coordinating these three stages, NIMO transforms
the interpretability analysis into a holistic evaluation of the
alignment between data and modules, explicitly revealing
the correspondence between temporal patterns and functional
components.

Our main contributions are summarized as follows:

o We introduce NIMO, a unified and fully differentiable

interpretability framework that transcends the limitations
of traditional methods. By leveraging the TMFN and a
joint optimization strategy, NIMO stably establishes a
fine-grained mapping between dynamic time-series fea-
tures and static architectural modules, transforming the
analysis of opaque X-formers into a transparent, module-
level evaluation.

o We reveal the underlying decision-making mechanisms
within complex X-formers. Unlike previous methods that
only identify salient time steps, NIMO explicitly exposes
distinct interaction patterns, such as the critical role of
Position Embeddings in capturing seasonality versus the
dominance of Temporal Embeddings in modelling long-
term trends.

o We validate the effectiveness of NIMO through com-
prehensive Mask Fidelity experiments. Results demon-
strate that NIMO outperforms state-of-the-art baselines in
identifying salient data features. Furthermore, by pruning
non-salient modules, we achieve a 46.40% improvement
in computational efficiency and a 42.35% reduction in
model parameters without compromising forecasting per-
formance.

II. RELATED WORKS
A. Ante-hoc Methods

Ante-hoc methods achieve interpretability through intrinsic
architectural designs. Early research utilized attention-based
RNNs such as RETAIN [1] and CNNs including TCN-
Attention [2] and DSAN [13]. Additionally, prototype-learning

frameworks like TapNet [14] were proposed. However, the pri-
mary research focus has since shifted towards Transformers. In
this domain, the TFT [3] established a benchmark by integrat-
ing variable selection networks with temporal self-attention to
explicitly identify critical features. Recent advancements have
further expanded Transformer interpretability beyond simple
attention weights. For instance, BasisFormer [4] interprets
forecasting as a linear combination of learnable basis vectors.
Concept Bottleneck Models [15] constrain latent representa-
tions to align with human-understandable concepts. Notably,
SHAPformer [5] and ShapTST [6] incorporate Shapley value
estimation directly into the forward pass of the network in an
attempt to unify efficient inference with theoretically grounded
explanations.

B. Post-hoc Methods

Post-hoc methods interpret trained models by attributing
predictions to input features without altering internal archi-
tectures. Initially transplanted from CV and NLP, Gradient-
based methods including GRAD [16], Integrated Gradients [7],
DeepLIFT [17], GradSHAP [18], and DeepSHAP [8] estimate
feature saliency via local sensitivity or partial derivatives.
However, they often suffer from gradient saturation and noise
issues in deep non-linear forecasting models. Consequently, re-
search focus has shifted to perturbation-based methods, which
infer feature saliency by systematically perturbing inputs and
observing the resulting changes in model outputs. While early
approaches such as RISE [19] and Feature Occlusion [20]
applied random or fixed masking, they risk disrupting temporal
continuity. Addressing this issue, state-of-the-art techniques
such as Dynamask [9], Extrmask [10], CGS-mask [21], and
ContralLSP [11] introduce learnable optimization objectives to
dynamically identify optimal masks. These methods ensure ex-
planations are robust and respect the sequential dependencies
inherent in time series data. Recently, GeMIMO [12] proposed
identifying salient modules via genetic algorithms. However,
its discrete search strategy often suffers from convergence
instability, particularly when applied to deep models and high-
dimensional time series data.

III. METHODOLOGY

We now introduce the NIMO framework, whose overall
architecture is shown in Fig 2. NIMO is a unified and
fully differentiable framework designed to enhance the inter-
pretability of X-formers by explicitly revealing the intrinsic
correspondence between dynamic input features and static
model modules. NIMO comprises three main stages: input
perturbation, module perturbation, and joint optimization. The
input perturbation and module perturbation independently
perturb the input data X € RTXP (where D is feature
dimensionality and T' is sequence length) and the modules
of X-formers, evaluating the saliency of each element based
on the resulting impact on the model’s inference. The joint
optimization simultaneously refines both input and module
masks to maximize model interpretability.
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Fig. 2. The overall architecture of the proposed NIMO framework

A. Input Perturbation

We utilize a learnable input mask my € [0, 1]7*% to iden-
tify salient segments in the input data X. Instead of analyzing
input saliency in isolation, we propose the Temporal-Module
Fusion Network (TMFN), illustrated in Fig 3, to generate my
from the input data X conditioned on the specific architectural
state represented by the module mask m¢ € {0, 1}1*V, where
N denotes the number of modules in the X-formers. This
mechanism ensures that my captures context-aware dependen-
cies between data patterns and the model’s structural decisions.

o Feature Fusion: First, we project the input X to align
with the dimensions of my¢. This step enables the inte-
gration of structural information via element-wise opera-
tions, preparing the fused features for subsequent context
Aggregation.

o Context Aggregation: An attention mechanism first ag-
gregates temporal dependencies guided by the module
mask. Subsequently, a Feed-Forward Network fuses in-
formation across feature dimensions to capture complex
inter-variable interactions. This two-step process yields a
refined latent representation Wy € RT*P that encodes
both temporal and structural contexts.

e Mask Generation: To allow gradient-based optimization,
we generate my using a reparameterization approach. Let
pur € RT*D be a learnable parameter matrix. We first
compute the intermediate soft-mask y; € RT*P via a
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Fig. 3. The detailed architecture of the TMFN

structural-conditioned gating mechanism:
MII:,UI@O'(WIQ/J,[). (1)

Subsequently, we introduce Gaussian noise €y ~
N(0,62) for robustness and obtain the final mask via

clipping:
my = min (1, max (0, u} +€5)) . 2)

Finally, the perturbed input X is generated by mixing the
original input with a perturbation baseline P:

X=0¢;(X,m)=m0X+(1-—m)oP, @3

where P = NN(X) is generated by a bidirectional GRU [10]
to serve as an informative baseline.

B. Module Perturbation

The module mask mg identifies the modules of the X-
formers that contribute significantly to the model’s perfor-
mance. The process consists of three key steps:

o Nonlinear Soft-Masking: To enhance gradient flow and
mitigate saturation issues prevalent in deep architectures,
we strictly map the structural parameters iy € RIXN
through a self-gated activation function to obtain the
intermediate soft-mask 4/

i
4
1+ e #s @

o Discrete Mask Generation: During the forward pass, the
discrete module mask my is derived via a quantization
operation on the self-gated values:

Wy =pr ©o(ps) =

my = [min(1, max(0, u)) + 0.5 (5)

When the ¢-th module is identified as non-salient (where
me[i] = 0), it is functionally replaced by an Identity
Block. We implement this structurally using a residual-
weighted formulation to preserve the data flow topology:

~

Y, =mgep - fi(Xo) + (1 - mgpy) - X, (6)



where ?z denotes the perturbed output of the i-th module,
fi(X;) represents the original output of the i-th layer,
X is the input to the i-th layer, and m¢(; serves as
the binary decision gate. The perturbation process for the
entire model is defined as @, yielding f = ®(f, mg).
The final joint output Y combines both input and module
perturbations:

Y = f(X) = ©(f, m¢) 0 ©;(X, my) @)
o Approximate Gradient Flow: A critical challenge in op-
timizing binary masks is the vanishing gradient problem
caused by the floor function. To address this, we apply the
STE strategy during backpropagation. The quantization
operator is bypassed, allowing the gradient VL to flow
directly to the intermediate mask u}- and subsequently to
the structural parameters i :

oL oL Ouy
Opy — Opy Ouy
This mechanism ensures stable convergence and enables

NIMO to optimize discrete structural choices within a
fully differentiable framework.

®)

C. Joint Optimization

The joint optimization learning objective of NIMO is to op-
timize the input mask my and the module mask my to achieve
a balance between predictive consistency and interpretability.
The optimization problem can be formulated as:

arg min L£(f(X), f(X)) + L«(m1, m¢) 4+ Lo(mr) + Lo (X) (9)

my,m¢

The detailed components of this objective function are

defined as follows:

o Fidelity Loss: Defined as L(f (X),f(f()), it measures
the discrepancy between the original and perturbed model
outputs, ensuring that the selected features faithfully
represent the model’s decision logic.

o Perturbation Constraint (L;): Defined as
Az|INN(X)||;, it constrains the magnitude of the
generated perturbation baseline P to ensure it remains
within a valid range, preventing out-of-distribution shifts.

o Sparsity Constraint (£,): Defined as \,(||myg||; +
|lme||1), it encourages the identification of the most criti-
cal data segments and modules by filtering out redundant
information.

o Continuity Constraint (L.): Defined as
Ae ZtT:_ll [mrpyq) — mpplls, it penalizes abrupt
transitions in mjy to ensure temporal saliency respects
the sequential continuity of time series data.

IV. EVALUATION RESULTS
A. Saliency Analysis of X-formers

Setups: To validate NIMO as a unified interpretability
framework, we conducted a systematic analysis on 12 repre-
sentative X-formers [22]-[33]. To allow the models sufficient

capacity to disentangle complex temporal patterns and dis-
tribute functional roles, we configured the networks with ade-
quate depth. This setup provides a rigorous testbed for NIMO
to pinpoint truly salient components in a complex architecture.
Specifically, encoder-only models were configured with 6
encoder layers, while encoder-decoder models employed 3
layers for both the encoder and the decoder. For the long-term
forecasting task, we fixed both the input look-back window
and the prediction horizon at 96 time steps. Robustness is
ensured by reporting the mean and standard deviation across 5
random seeds. All models were trained on an A800 GPU with
80 GB of memory. We empirically selected A\s = A\, = A\, =1
via grid search over {0.01,0.1,1,10,100}. The remaining
protocols followed the TimesNet [34] setting. For statistical
analysis, we categorized the functional modules into Position
Embedding (PE), Temporal Embedding (TE), Attention (Attn),
Feed-Forward Network (FFN), and LayerNorm (LN).

Temporal Saliency Patterns: A preliminary examination
of the input masks generated by NIMO (Fig 4) reveals two
distinct temporal patterns. The seasonality-dominant pattern
(e.g., Traffic, Electricity) is characterized by recurrent intervals
of high saliency, indicating a strong dependence on period-
icity. Conversely, the trend-dominant pattern (e.g., ETTm?2,
exchange) is characterized by contiguous saliency segments
or a primary focus on recent history, reflecting a reliance on
local continuity and evolving trends.

Architectural Saliency Patterns: Table I presents the mod-
ule saliency scores S, calculated as the average retention rate
across 5 random seeds: S = =1 37 | >N, mfg? x 100%,
where mfg? € {0,1} denotes the binary state of the -
th module in the k-th run. The results demonstrate a clear
architectural specialization:

¢ Role of PE and Attn in Seasonality: In seasonality-
dominant datasets such as Electricity, PE and Attn exhibit
high saliency scores, with PE surpassing 64 and Attn
approaching 60. This finding underscores the critical
mechanism for capturing periodicity: PE encodes the
sequential order essential for identifying fixed temporal
intervals, while Attn utilizes these cues to retrieve corre-
lated patterns from historical cycles.

e Role of TE and FFN in Trend: In contrast, trend-
dominant datasets such as Exchange exhibit a marked
reliance on TE and FFN. Specifically, TE achieves a
saliency score of 71.4 while FFN maintains a substantial
score of 57.5. This importance alignment is theoretically
consistent with the functional characteristics of these
components: TE provides continuous temporal semantics
essential for tracking evolving dynamics, while FFN acts
as the primary non-linear approximator required to fit
complex trend curves.

« Stabilization Role of LN: Distinct from other modules
that adapt to specific data patterns, LN maintains a
stable importance score of approximately 55 across most
datasets. This consistency indicates that LN functions as
a fundamental stabilizer for X-formers, ensuring training
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Fig. 4. Long-term Forecasting Data Saliency Analysis. Fig.(a) and (b) rep-
resent trend-dominated data, while Fig.(c) represents seasonality-dominated
data. The intensity of green color corresponds to the saliency level of data
features.

stability independent of specific data characteristics.

Stability and Variance Analysis: The standard deviation
results in Table I reveal a distinct stability contrast. Widespread
components such as LN and FFN exhibit minimal variance
due to their distributed presence across deep networks. This
suggests that their contribution is structural and consistent.
Conversely, PE and TE display higher fluctuations, such as
PE reaching a standard deviation of 8.1 on the Traffic dataset.
Since these modules exist only at the input stage, the binary
mask acts as a strict gate, resulting in higher sensitivity.
Notably, despite this sensitivity, NIMO maintains significantly
lower variance compared to search-based methods, validating
the stability of our differentiable optimization strategy.

B. Mask Fidelity Analysis

Setups: To verify the fidelity of NIMO’s interpretations,
we conducted Module Intervention and Salient Feature Re-
tention experiments. We compared NIMO with state-of-the-
art saliency methods, including GeMIMO, CGS-mask, Dyna-
mask, Extrmask, and Gatemask. All experiments on X-formers
followed the protocol, metrics, and datasets used in TimesNet.

Module Intervention: We assessed the fidelity of the
generated module masks by observing performance shifts
under Module intervention. In addition to GeMIMO, we also
introduced Random Mask (RM) as a baseline. The results are
shown in Fig 5. NIMO identifies that approximately 42.4% of
the parameters (Params) in standard X-formers are functionally
redundant. By pruning these non-salient modules, we achieved
a46.4% improvement in computational efficiency (Iter/s) with-
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Fig. 5. Quantitative Evaluation of Module Intervention.

out compromising forecasting accuracy. This result transcends
a simple engineering improvement and scientifically validates
NIMO’s ability to distinguish salient modules from non-salient
ones. If NIMO had incorrectly identified a salient module as
non-salient, the intervention would have led to a performance
collapse.

Salient Feature Retention: To assess the fidelity of the
identified salient features, we conducted experiments on salient
feature retention across long-term forecasting, short-term fore-
casting, and classification tasks. The results are shown in Table
II. NIMO yielded the largest drop in MSE,, and SMAPE,,,
while achieving a substantial accuracy gain. This superiority
is primarily attributed to NIMO’s TMFN, which effectively
captures critical information across both temporal and feature
dimensions. Additionally, by excluding non-salient modules
during the attribution process, NIMO reduces the interference
of irrelevant model components, leading to cleaner and more
accurate saliency maps.

Ablation Study: We validated the effectiveness of our
optimization objectives through ablation studies. The ablation
experiment for the module mask is illustrated in Fig 5. When
the sparsity constraint of the module mask is removed, NIMO
struggles to focus on salient modules, leading to a decline in
mask fidelity. The ablation experiment for the input mask is
presented in Table II. Excluding the sparsity and smoothness
constraints results in the input mask exhibiting noise and
discontinuities, thereby preventing the accurate localization of
key temporal patterns. Furthermore, removing the perturbation
constraint leads to the generation of uninformative perturba-
tions, which impairs NIMO’s capacity to recognize salient
features.

TABLE 11
WHEN THE RETENTION RATIO OF SALIENT FEATURES IN DIFFERENT
SALIENCY METHODS CHANGES FROM 0.1 TO 0.6, THE PERFORMANCE
CHANGES OF THE X-FORMERS. MSE,, REPRESENTS NORMALIZED MSE,
SMAPE,, REPRESENTS NORMALIZED SMAPE.

TABLE I
MODULE SALIENCY SCORES OF X-FORMERS ACROSS DIFFERENT
DATASETS.
Datasets PE TE FFN Attn LN
ETThl |357 +6.5|71.4 +£8.1[{53.6 £ 1.7|51.2 £ 15|475+£0.2
ETTh2 |429 +3.2|714 +£6.5[473 +£0.6|37.5 £ 1.5|52.1 £2.7
ETTml |35.7 £6.5|50.0 & 3.2|49.2 + 2.8|49.6 £2.5|57.8 &+ 2.7
ETTm2 |[35.7 +4.8|50.0 +£4.8|633 +0.6|489 +2.0|56.8 + 1.5
illness | 50.0 4= 4.8 [50.0 £ 6.5|54.6 +£ 2.8|53.2 +2.0|{49.7 + 0.2
weather |64.3 + 32214 +£6.5(389 £0.6[543 +25|57.2+0.2
exchange | 50.0 3.2 714 £3.2[575 + 1.0|51.8 £ 0.9|56.1 £ 2.7
electricity | 64.3 £ 4.8 [35.7 & 32522 + 24589 £ 1.5(599 + 2.7
traffic | 71.4 £ 8.1[50.0 &+ 6.5|50.2 + 0.3|59.8 £ 1.5[54.8 + 0.2

Methods MSE, | SMAPE,, | Accuracy?

Dynamask | -0.0791 + 0.0052 | -0.2830 + 0.0081 | 0.3619 + 0.0045
Extrmask -0.1046 £ 0.0048 | -0.3218 4 0.0075 | 0.2838 4 0.0051
Gatemask -0.1219 &+ 0.0035 | -0.3132 £ 0.0090 | 0.2364 £ 0.0062
CGS-mask | -0.1178 4 0.0041 | -0.3419 + 0.0068 | 0.2864 + 0.0044

w/o ESparsity
w/o LSmooth
w/o Lz

-0.1052 £ 0.0038
-0.1185 +£ 0.0032
-0.1005 £ 0.0028

-0.3121 £ 0.0065
-0.3544 + 0.0055
-0.3012 +£ 0.0048

0.2915 £ 0.0040
0.3012 £ 0.0038
0.2885 4 0.0035

NIMO

-0.1239 £ 0.0022

-0.3877 £ 0.0053

0.3177 £ 0.0049




V. CONCLUSION

In this paper, we propose NIMO, a unified and fully dif-
ferentiable framework designed to enhance the interpretability
of X-formers by establishing a fine-grained mapping between
dynamic temporal features and static architectural modules. By
leveraging the TMFN and a stable joint optimization strategy,
NIMO effectively reveals how specific model components
interact with distinct data patterns. Our empirical analysis
unveils distinct functional roles within X-formers: PE and
Attn are crucial for capturing seasonality, while TE and FFN
primarily focus on modelling trends. Furthermore, interven-
tional experiments validate the fidelity and actionability of
our explanations. By pruning non-salient modules identified
by NIMO, we achieve a 46.40% improvement in computa-
tional efficiency and a 42.35% reduction in model parameters
without compromising performance. These results confirm that
NIMO provides accurate and stable guidance for analyzing and
understanding complex time series X-formers.
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