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_________________________________________________________________________________________ 

Abstract: Accounting cost series exhibit multi-scale fluctuations and sudden disturbances, making it difficult for traditional 
statistical models and single deep structures to achieve stable predictive performance. To improve the accuracy and 
robustness of accounting cost prediction, this paper proposes an intelligent model that integrates multi-scale temporal 
convolution and channel-temporal collaborative attention. This model constructs stable and learnable input segments 
through normalization, anomaly suppression, and a bidirectional sliding window, and captures multi-granularity 
dependencies using parallel dilated convolution. Attention is used to dynamically weight key cost elements and key time 
points. Experimental results show that the proposed model outperforms the comparative models in prediction accuracy, 
with mean absolute error, root mean square error, and mean absolute percentage error of 0.07, 0.12, and 8.50%, respectively. 
In multi-product line prediction, the mean absolute error stabilizes between 0.07 and 0.09, and the root mean square error 
is below 0.12. In the presence of noise and missing data, the root mean square error remains between 0.08 and 0.09, 
demonstrating the best performance in bias control. The mean absolute error for the four prediction periods is 0.30%, and 
the inference latency is stable at approximately 2.0ms to 2.8ms. The proposed forecast model provides effective support 
for enterprise cost control and rolling budget. The research satisfies the dual requirements of forecast excellence and proven 
decision impact, providing a robust mechanism for converting fine-grained accounting data into actionable financial 
intelligence, thereby minimizing structural budget waste and maximizing the strategic utility of rolling forecasts in complex 
business environments. 

Keywords: Accounting cost forecasting; Multi-scale temporal convolution; Attention mechanism; Intelligent financial 
data management; Rolling budget 
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1. Introduction 

Against the backdrop of digitalization, accounting cost prediction directly affects budget preparation, resource allocation 
and cost control (Wallis, 2023; Boone and Yin, 2024). However, accounting cost series are often affected by interactions 
between external and internal factors, such as purchase price fluctuations and accounting delays (Ahabchane et al., 2024; 
Petropoulos et al., 2025). Traditional statistical models are prone to systematic bias when facing complex dynamics (Aydinli, 
2024; Patel et al., 2024). Although deep learning methods have made breakthroughs in nonlinear modeling, most rely solely 
on single-scale convolution or sequence encoding, which is insufficient to capture multi-period coupled fluctuations. 
Moreover, in the context of parallel changes in multiple cost factors, they lack the ability to assign differentiated weights to 
key indicator channels and key time-series points (Chen et al., 2022; Yan et al., 2024). To address these issues, academia 
and industry are gradually exploring the integration of temporal convolution, attention mechanisms, and business-scenario 
modeling to enhance the predictive model's ability to capture local fluctuations and asynchronous dependencies. 

To address the high uncertainty in project cost prediction, Ünsal-Altuncan and Vanhoucke (2024) proposed a hybrid 
prediction model based on Bayesian networks that infers cost-schedule deviations using causal structures and integrates 
historical performance data. Experiments showed that the prediction error was significantly lower than that of traditional 
regression methods, and the robustness was stronger. To improve the reliability of engineering cost estimation, Narbaev et 
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al. (2024) used a variety of machine learning algorithms to develop an automated cost deviation correction mechanism and 
to reduce systematic overestimation/underestimation errors through feature importance screening and cross-validation. 
Experiments showed that the prediction reliability was significantly improved. To address the non-stationarity and multi-
scale fluctuations in the construction cost index, Wang et al. (2025) combined variational mode decomposition, long short-
term memory networks, and gated recurrent units to construct a hybrid model that first decomposes trends and noise, then 
learns time-series dependencies hierarchically. Experimental results showed that the proposed model outperformed statistical 
and single-deep models. To address the highly nonlinear problem of financial time series, Dossatayev et al. (2023) proposed 
a deep prediction structure that integrates residual convolutional networks and long short-term memory networks, which 
enhances multi-scale feature expression and retains long-term time series memory through residual enhancement. 
Experimental results verified the effectiveness of the method. In response to the dynamic risk constraint problem in the cost 
optimization of green bonds, Hu et al. (2024) constructed a multi-stage prediction model and achieved optimal control of 
green bond issuance costs through hierarchical risk constraints and a dynamic backtracking mechanism, effectively 
improving prediction stability and economic adaptability. In the context of Internet finance and the digital economy, Huang 
(2023) used machine learning algorithms to model consumer finance data, enable collaborative prediction of financial risk 
and consumer behavior, and provide data support and methodological references for the digital transformation of the 
financial market. In response to the problem of corporate capital cost calculation, Olson and Pagano (2024) et al. proposed 
an empirical method for estimating the average cost of capital, quantifying capital costs at the corporate and industry levels, 
and providing empirical evidence for financial decision-making and capital structure optimization. 

While the aforementioned studies have made progress in improving the accuracy of cost prediction, they mostly employ 
decomposition and single-scale modeling frameworks, which make it difficult to simultaneously capture short-term sudden 
fluctuations and medium- to long-term trends. Explicit modeling of channel importance and key-point contributions across 
different cost elements is lacking, and robustness verification against complex business disturbances, such as raw material 
price shocks and delayed accounting cycles, is insufficient. Furthermore, inference performance fails to meet the 
requirements of real-time rolling budgets. Therefore, to improve the accuracy and robustness of accounting cost prediction, 
this study proposes the multi-scale temporal convolution network with channel-temporal collaborative attention mechanism 
(MTCN-CAM). This model enhances the expression of key financial features through dual-dimensional attention and 
maintains low error and millisecond-level inference performance in noisy and missing environments, thus overcoming the 
shortcomings of existing research in robustness, bias control, and engineering deployment efficiency. Theoretical 
Framework: This study sits within the "Information-Decision" value loop. Accurate forecasting via MTCN-CAM provides 
the data foundation, which reduces budget slack in rolling budgeting systems. This alignment enables managers to transition 
from reactive cost accounting to proactive resource allocation and early warning of risks. The main innovations of the 
research are: (1) MTCN with parallel expansion branches and bottleneck residual fusion can simultaneously capture daily 
peaks and quarterly cycles; (2) CAM extracts inter-channel dependencies by applying global average pooling before 
calculating temporal weights. CAM can effectively filter accounting noise and highlight key cost drivers, achieving higher 
accuracy and lower latency than globally focused TFT. This research provides a deployable and scalable intelligent solution 
for enterprise cost forecasting, budget management, and cost risk early warning. 

2. Methods and Materials 

2.1. Analysis and Preprocessing Methods for Accounting Cost Series Data 

The cost formation process of enterprises involves multiple links, such as procurement, production, labor, and energy. The 
efficiency of collaboration, information transmission mechanism, and performance evaluation system of these links will 
affect the authenticity and timeliness of cost data. The behavioral choices of different departments in balancing interests, 
allocating budgets, and competing for resources often lead to structural deviations and periodic fluctuations in the data. 
Meanwhile, the external policy environment, market price changes, and supply chain relationships will also affect the 
rhythm and structure of cost recording through institutional transmission mechanisms. Accounting cost data, therefore, has 
typical social embedding. Its time series changes not only reflect the economic cycle of enterprise production and operation, 
but also carry the social significance of managers' decision-making preferences, organizational coordination capabilities, 
and governance levels. As a typical financial time series, accounting cost data has statistical characteristics such as 
seasonality and multi-scale volatility (Ghadimi and Powell, 2024; Easton et al., 2024). To improve the predictability of cost 
indicators and the efficiency of model learning, a cost preprocessing mechanism was constructed. This mechanism maps 
the original cost records to a stable learning space containing local contextual semantics. The original cost sequence is 
normalized to eliminate the impact of different cost scales on the model. The cost sequence normalization process is as 
follows: the original cost sequence { }tC   is numerically standardized to avoid gradient explosion and improve 
convergence performance. The transformation is defined as shown in Eq. (1) (Theodorou et al., 2025; Grooms et al., 2023). 

min

max min

t
t

C CC
C C

−′ =
−                                       (1) 

In Eq. (1), tC′  is the normalized cost value, and maxC  and minC  are the historical maximum and minimum cost 
values of the sequence, respectively. After normalization, the cost fluctuation pattern is preserved while ensuring the 
stability of the model training process. Accounting data often contains missing or outlier points due to business adjustments 
or accounting delays, which can easily interfere with cost trend learning (McClone et al., 2023; Barja-Martinez et al., 2024). 
Therefore, this study adopts a local statistical detection and smoothing correction strategy to suppress anomalies. The 
outlier identification conditions are shown in Eq. (2). 

| | 3t tC Cµ σ µ′ ′− > ⇒ =                                    (2) 
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In Eq. (2), µ  and σ  The mean and standard deviation of the sliding window are used, respectively, to assess the 
degree of cost deviation and to stabilize and replace extreme values. When constructing the model input, refer to the 
temporal convolution receptive field structure and divide the normalized sequence into continuous input segments using a 
sliding window, as shown in Eq. (3) (Bernknopf et al., 2025; Yin et al., 2024). 

 ( ) ( )1 1 1[ ,..., ], 1,2,...,i i s i s WX C C i T+ − − +
′ ′= =

 
(3) 

In Eq. (3), iX   represents the i  th input sample sequence, W   is the window size, and T   represents the number of 

samples generated by the sliding window. The calculation formula for T  is shown in Eq. (4). 

 1N WT
s
−

= +
 

  (4) 

In Eq. (4), N  is the sequence length, and s  is the stride. Zero-padding ( 0P = ) is adopted to maintain historical 
causality. This mechanism preserves the local fluctuation structure, which helps temporal convolution extract short-term 
trend dependencies from cost changes. The corresponding future prediction label definition is shown in Eq. (5). 

 [ ]1, ,i i W i W KY C C+ + + −′ ′= ⋅ ⋅ ⋅  (5) 
In Eq. (5), iY   represents the prediction label. where K   denotes the discrete prediction horizon. This multi-step 

labeling rule ensures the model captures continuous cost trajectories rather than a simple horizon average. The overall data 
preprocessing flow for intelligent cost prediction is shown in Fig. 1. 
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Fig. 1. Data preprocessing process for intelligent cost prediction 

 
Fig. 1 shows the entire process for accounting for cost data, from raw data collection to model input. The process is 

divided into raw data collection, data quality optimization, normalization and scaling, and sliding window sample 
construction. Raw data collection includes multi-dimensional indicators, such as direct material costs, labor costs, and 
manufacturing expenses, generated by the cost accounting system, and forms a structured cost sequence through timestamp 
alignment (Oakley et al., 2024; Kuhlmann and Pauly, 2023). Data quality optimization uses anomaly identification and 
interpolation strategies to robustly repair data loss and abnormal fluctuations caused by business adjustments, delayed 
accounting, or calculation errors, making the sequence smoother and more predictable. In the normalization and scaling 
stage, cost data from different departments or product lines are standardized to avoid interference from scale differences 
during neural network training and to improve the model's generalization across business scenarios. The entire process 
suppresses random noise within a controllable range while preserving key financial characteristics. The study conducted a 
visual analysis of the temporal and distribution characteristics of the original cost data. The periodic trends and random 
disturbance characteristics of typical cost data are shown in Fig. 2. 

Fig. 2 illustrates the patterns of variation in typical accounting cost data across different time spans. Cost values exhibit 
stable cyclical fluctuations from quarter to quarter or production cycle to production cycle, reflecting changes in seasonal 
operating strategies and resource allocation rhythms. After identifying the potential statistical structure of the cost series, it 
is necessary to further clarify the local dependency features at continuous-time nodes to ensure that the model can fully 
capture short-cycle fluctuation patterns. This study introduces a sliding window modeling strategy to segment long sequences 
into input segments with learnable semantics. Fig. 3 illustrates the specific construction method for the cost series sliding-
window slices. 

Fig. 3 illustrates the overall process of progressively sliding fixed-length windows over normalized cost time series data. 
Each window segment consists of continuous cost records from adjacent time steps, containing information on short-term 
trend changes, local peak-valley structures, and cost fluctuation amplitudes. As the window moves at a fixed step size, an 
overlapping set of input samples is formed, which not only effectively expands the amount of training data but also preserves 
the influence of historical information on future costs. This method simulates the thinking of corporate management when 
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making budget and cost forecasts based on the cost performance of recent periods, enabling the model to learn decision-
making basis from the cost status of neighboring countries (Koren and Shnaiderman, 2023; Zhang et al., 2023). After 
completing the window segmentation of the cost series, it is necessary to establish a unified data-processing pipeline to 
ensure global data quality consistency (Singh et al., 2025; Cao et al., 2023). 
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Fig. 2. Schematic diagram of statistical characteristics of accounting cost series 
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Fig. 3. Schematic diagram of cost sequence sliding window slicing 

 
2.2. Construction of MTCN-CAM Intelligent Cost Accounting Prediction Model 

By systematically designing a multi-dimensional statistical feature identification and data preprocessing process for 
accounting cost series, a stable and learnable data foundation was constructed. To further improve the accuracy and 
robustness of predictions, an intelligent model structure capable of simultaneously capturing multi-scale fluctuation features 
and key temporal dependencies was established, thereby achieving deep modeling and efficient prediction of complex 
accounting cost dynamics. To accurately capture the multi-scale dependency features and key fluctuation signals of 
accounting cost series, the MTCN-CAM model was proposed. Through multi-path feature extraction and dynamic weight 
allocation mechanisms, deep modeling of the trend, periodicity, and abrupt changes in cost data was achieved. The model 
as a whole sequentially maps input data to prediction results through multi-scale temporal convolutional blocks, a two-
dimensional attention module, and a feature fusion layer. Its core structure is shown in Fig. 4. 

Fig. 4 illustrates the hierarchical structure and data flow of the MTCN-CAM model. The model input is the sliding 
window cost sample sequence iX (dimension T L C× × ) after preprocessing in the previous section, and the output is 

the cost prediction value îY  for the next K  time steps. The data enters the multi-scale temporal convolution module, 
which extracts local dependency features at different time scales through parallel dilated convolution paths. The channel 
and temporal collaborative attention module dynamically enhances the weights of key features and suppresses redundant 
information interference. Finally, the result is produced by a feature fusion layer and a fully connected prediction head. 
This architecture preserves the fine-grained fluctuation details of the cost sequence while enhancing the modeling ability 
for long-term trends and key nodes. For the fluctuation patterns of accounting cost sequences across different time spans 
(such as weekly raw material procurement fluctuations and quarterly production cycle fluctuations), the MTCN module 
was designed to simultaneously extract multi-granular features via parallel dilated convolution paths, as shown in Fig. 5. 
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Fig. 4. Overall architecture diagram of MTCN-CAM model 
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Fig. 5. MTCN feature extraction module structure diagram 

 
In Fig. 5, the MTCN feature extraction module includes three parallel causal dilated convolution branches and one 

bottleneck dimensionality-reduction branch. Each convolution branch uses a different dilation rate d   to construct a 
differentiated receptive field. Specifically, branch 1 (dilation rate 1 2d = ) focuses on short-term fluctuation features, with 
a receptive field covering 4 time steps; branch 2 (dilation rate 2 4d =  ) captures medium-term cycle features, with a 
receptive field covering 8 time steps; and branch 3 (dilation rate 3 8d = ) extracts long-term trend features, with a receptive 
field covering 16 time steps. Each branch adopts a three-layer structure of causal convolution-BN-ReLU, where causal 
convolution ensures the directionality of time-series data and prevents future information leakage. Its calculation is shown 
in Eq. (6). 

1

0
( ) ( ( )

K

d k i
k

F t g X t d b
′−

=
= ∑ ⋅ − ⋅                                   (6) 

In Eq. (6), kg  represents the weight of the k th convolutional kernel, d  is the dilation rate, and K ′  is the kernel 
size (takes a value of 3). ( )dF t  is the output feature of the convolutional branch with the dilation rate d  at time t . The 
bottleneck dimensionality reduction branch compresses the input feature dimension to half of the original dimension 
through 1×1 convolution, reducing computational overhead. Its output is concatenated with the features of the three 
convolutional branches and returned to the module output through residual connection. The residual calculation is shown 
in Eq. (7). 

( )1 2 3mtcn r bn rConcat( , , , ) ( )d d dF W F F F F b Xσ= ⋅ + +                         (7) 

In Eq. (7), Concat is the feature concatenation operation, bnF  is the output of the bottleneck dimensionality reduction 
branch, rW  is the residual mapping weight matrix, rb  is the residual bias term, and mF  is the final output feature of 
the module. This module can capture instantaneous fluctuations, periodic fluctuations and long-term trends in the cost 
sequence simultaneously by combining multi-scale receptive fields, addressing the limitation that single-scale convolution 
is insufficient for modeling complex financial data. Accounting cost data includes multiple indicator channels such as direct 
materials and labor costs, and the influence weights of different time nodes on the prediction results are significantly 
different (Tian and Liu, 2024; Xu et al., 2023). To this end, a channel-time series collaborative attention module was 
designed to dynamically allocate feature weights from two dimensions: indicator importance and time correlation. Its 
structure is shown in Fig. 6. 
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Fig. 6 shows that the module is composed of a channel attention submodule and a temporal attention submodule 
connected in series. The channel attention submodule evaluates the predictive contribution of each cost indicator through 
a squeeze-incentive mechanism. First, it performs global average pooling on the input feature mF   to compress the 
temporal dimension to 1, as shown in Eq. (8). 

m
1

1 ( , , )( 1,2,..., )
W

c
t

S i t cF i T
W =

= ∑ =                                 (8) 

In Eq. (8), cS  is the global statistical value of the c th channel. A channel weight learning network is constructed 
through two fully connected layers to output the normalized weights of each channel, as shown in Eq. (9). 

( )( )2 1 1 2c cW W S b bα δ σ= ⋅ ⋅ + +                                (9) 

In Eq. (9), 1W  is the weight matrix of the first-level fully connected layer, and 2W  is the weight matrix of the second-
level fully connected layer. 1b  and 2b  are the bias terms of the two fully connected layers, respectively, and cα  is the 
weight value of the c th channel. The temporal attention submodule uses the dot product attention mechanism to calculate 
the association weights at different time steps. First, the input features are converted into query vector Q , key vector K , 
and value vector V , and then the temporal weights are obtained through similarity calculation and normalization, as 
shown in Eq. (10). 

Softmax
T

t
k

Q K
C

β
 ⋅

=   
 

V                                 (10) 

In Eq. (10), TK  is the transpose of the key vector, kC  is the scaling factor, and tβ  is the weight value at the t
th time step. Finally, feature enhancement is achieved through the element-wise product of channel weights and temporal 
weights. To integrate the complementary information of multi-scale convolutional features and attention-enhanced features, 
a residual feature fusion layer and a multi-step prediction head are designed to realize the mapping from high-dimensional 
features to cost prediction values. Its structure is shown in Fig. 7. 
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Fig. 6. Channel-sequential collaborative attention module structure diagram 

 
Fig. 7 illustrates the structure of the feature fusion layer and the prediction output layer. This layer concatenates the 

multi-scale temporal convolution output and the collaborative attention output along the channel dimension to obtain fused 
features. The feature dimension is reduced to half of the original dimension through 1×1 convolution, reducing the 
parameter size. Finally, a residual connection is established with the input features to alleviate the gradient vanishing 
problem in deep networks. The prediction output layer adopts a stacked fully connected structure, which maps the fused 
features to the cost prediction values for future K  time steps through two-level linear transformations. At the same time, 
L2 regularization is introduced to suppress overfitting. The prediction calculation is shown in Eq. (11). 

( ) 2
2 1 1 2î p p p pbY W W F b Wσ λ′= ⋅ ⋅ + + + ⋅∑                             (11) 

In Eq. (11), F ′  represents the flattened result of the fused features. 1pW  is the weight matrix of the first-level fully 

connected layer, and 2pW  is the weight matrix of the second-level fully connected layer. 1pb  and 2pb  are the bias terms 

of the two fully connected layers, respectively. λ  is the L2 regularization coefficient (with a value of 10-4). îY is the final 

predicted sequence for the i th sample. This output structure can flexibly adapt to different financial forecasting scenarios 
such as short-term (K=7, weekly forecast), medium-term (K=30, monthly forecast), and long-term (K=90, quarterly 
forecast), meeting the needs of multi-dimensional cost control. 
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3. Results 

3.1. Experimental Setup and Model Performance Analysis 

To verify the performance advantages of the proposed MTCN-CAM model in intelligent prediction of accounting costs, a 
comparative experiment was designed, and training and testing were completed in a unified environment to ensure the 
objectivity and reproducibility of the results. The experimental hardware platform was equipped with an NVIDIA RTX 4090 
(24GB VRAM) GPU, an Intel Core i9-13900K processor, and 128GB of RAM. The software environment included an 
Ubuntu 22.04 operating system, the PyTorch 2.2 deep learning framework, CUDA 12.1, and the cuDNN 9.0 acceleration 
library. A mixed-precision training and gradient pruning strategy was enabled to improve the model's convergence stability. 
The dataset came from real business data in the cost accounting system of a manufacturing group, involving 3 subsidiaries, 
12 cost centers, and 72 monthly cost indicators from 2019 to 2024, including 12 dimensions such as direct materials, labor 
costs, and manufacturing overhead. The pooled approach aggregates samples from all 3 subsidiaries into a unified temporal 
stream, ensuring the model learns universal cost-driver relationships while maintaining strict temporal separation to prevent 
data leakage. The dataset was partitioned using a pooled chronological split to capture cross-entity cost patterns: the training 
set covers Jan 2019–Dec 2022, the validation set covers Jan 2023–Dec 2023, and the test set covers the rolling periods of 
2024 (Q1–Q4). The comparison models selected were Autoregressive Integrated Moving Average (ARIMA), 1D 
Convolutional Neural Network (1D-CNN), and Temporal Fusion Transformer (TFT), comparing three paradigms from the 
perspectives of statistical models, convolutional structures, and attention mechanisms. The comparison results of the 
prediction accuracy of different models are shown in Fig. 8. 
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Fig. 8. Comparison of prediction accuracy of different models 

 
As shown in Fig. 8(a), the proposed MTCN-CAM model performed best in terms of Mean Absolute Error (MAE). Taking 

the results of the third experiment as an example, the MAE of MTCN-CAM was 0.07, which was significantly lower than 
that of ARIMA (0.11), 1D-CNN (0.09), and TFT (0.08). In the three sets of experiments, the average reduction in error of 
MTCN-CAM was 34.1% relative to ARIMA, 18.2% relative to 1D-CNN, and 10.9% relative to TFT, respectively, indicating 
that the model could more accurately fit the real change structure of accounting costs, thereby effectively suppressing the 
accumulation of systematic errors caused by noise interference. As shown in Fig. 8(b), MTCN-CAM maintained the best 
and most stable performance in terms of Root Mean Square Error (RMSE). The results of the third experiment showed that 
the RMSE of MTCN-CAM was 0.12, which was better than that of ARIMA (0.17), 1D-CNN (0.14), and TFT (0.13). As 
shown in Fig. 8 (c), MTCN-CAM also exhibited a significant advantage in Mean Absolute Percentage Error (MAPE), with 
a minimum MAPE of 8.50%, outperforming ARIMA (12.10%), 1D-CNN (10.20%), and TFT (9.10%). These results showed 
that the MTCN-CAM demonstrated a significant competitive advantage in recognition accuracy and is suitable for 
deployment in actual financial cost prediction and budget management operations. The robustness evaluation results of 
different models are shown in Fig. 9. 
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Fig. 9. Robustness evaluation results of different models 

 
As shown in Fig. 9(a), the MTCN-CAM error curve showed a significant downward trend as the sample size increased, 

compared with ARIMA, 1D-CNN, and TFT. When the sample size reached 500, the RMSE of MTCN-CAM stabilized 
below 0.08, while the RMSEs of TFT, 1D-CNN, and ARIMA were 0.12, 0.13, and 0.14, respectively. As shown in Fig. 9(b), 
when the sample size reached 500, the RMSE of MTCN-CAM was 0.09, significantly lower than those of the other baseline 
models. ARIMA's RMSE was close to 0.16, while 1D-CNN and TFT were 0.14 and 0.13, respectively. MTCN-CAM's error 
reduction was 37.5% compared to these models. This result further verified that MTCN-CAM had strong robustness and 
excellent feature recovery ability when dealing with missing data, especially in real-world applications where missing data 
was a common phenomenon MTCN-CAM's performance was more stable. Experimental data showed that the MTCN-CAM 
model could maintain high prediction accuracy and reliability even in unstable environments. This was mainly due to 
MTCN-CAM's multi-scale convolutional feature extraction mechanism and channel-temporal collaborative attention 
module, which enabled the model to dynamically adjust feature importance and effectively preserve core information in the 
presence of noise or missing data. The comparison of the prediction efficiency of different models is shown in Fig. 10. 

As shown in Fig. 10(a), ARIMA's throughput reached a peak of 1200 samples/second with a sample size of 200 and 
remained around 1100 samples/second, indicating that the model was optimal for processing small-scale data. In contrast, 
the throughput of 1D-CNN and TFT was significantly lower and decreased with the increase of the number of samples, 
especially TFT, whose throughput decreased significantly with the increase of samples, from 900 samples/second to 500 
samples/second, indicating that its computational requirements were higher and its processing capacity was affected. The 
throughput of MTCN-CAM remained relatively stable at about 600 samples/second, indicating higher throughput efficiency 
than 1D-CNN and TFT. As shown in Fig. 10(b), the GPU utilization of TFT and MTCN-CAM gradually increased with the 
increase in the number of samples. ARIMA's GPU utilization remained low, peaking at 20%, indicating the model was 
suitable for low-resource scenarios. In Fig. 10(c), ARIMA’s inference latency remained below 1ms as the number of samples 
increased. 1D-CNN had a relatively high inference latency, especially with a large sample size, increasing from 2.2ms to 
3.5ms. TFT's inference latency changed more significantly, increasing from 3.8ms to 5ms. Ablation experiments are shown 
in Table 1. 
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Fig. 10. Comparison results of prediction efficiency of different models 
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Table 1. Ablation experiment 

Model MAE RMSE MAPE 
(%) 

FLOPs / Samples 
(G) 

Inference latency 
(ms) 

MTCN-CAM 0.07 0.12 8.32 0.06 2.15 
Remove multi-scale convolution module 0.09 0.14 9.75 0.08 2.47 

Remove attention module 0.08 0.13 8.92 0.07 2.32 
Remove feature fusion module 0.08 0.13 9.18 0.07 2.38 

Remove convolution and attention modules 0.11 0.15 11.24 0.09 2.56 
Remove multi-scale convolution, attention and 

fusion modules 0.12 0.16 12.65 0.10 2.68 

 

In Table 1, the complete MTCN-CAM model had an MAE of 0.07, RMSE of 0.12, and MAPE of 8.32%. Removing the 
multi-scale convolution module decreased model accuracy, while MAE increased to 0.09, RMSE to 0.14, and MAPE to 
9.75%. Removing the attention module maintained a relatively stable model performance, but accuracy decreased slightly. 
In particular, removing the convolution and attention modules improved MAE to 0.11, RMSE to 0.15, and MAPE to 11.24%. 
Regarding inference latency, it increased with module removal, reaching 2.68ms when all modules were removed. Overall, 
the modules of MTCN-CAM played a crucial role in maintaining model accuracy and robustness. 
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Fig. 11. Comparison of the accuracy of different models in multi-product line cost prediction 

 
3.2. Accounting Cost Forecast Results and Comparative Analysis 

Fig. 11 shows the comparison of the accuracy of different models in multi-product line cost forecasting. In Fig. 11(a), the 
MTCN-CAM model achieved the lowest MAE across all five product lines (A-E). Fig. 11(b) shows that MTCN-CAM also 
exhibited the most stable performance in terms of RMSE, with its RMSE consistently below 0.12. Fig. 11(c) shows that 
MTCN-CAM maintained the best performance in terms of MAPE, with errors concentrated in the 8%-9% range across 
product lines. Experimental data showed that MTCN-CAM demonstrated higher prediction accuracy, smaller error 
fluctuations, and stronger business adaptability. The stability test results of the MTCN-CAM model in complex business 
environments are shown in Fig. 12. 
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Fig. 12. Stability of different models in different business scenarios 

 
In Fig. 12(a), the MTCN-CAM model maintained an error of around 0.08 in both the "quarterly output fluctuation" and 

"receipt delay" scenarios. In Fig. 12(b), the overall error fluctuation range of MTCN-CAM was controlled between 0.10 and 
0.13. In Fig. 12(c), in the "receipt delay" scenario, the MAPE of MTCN-CAM remained consistently below 8%. In the "raw 
material price fluctuations" scenario, although the MAPE was slightly higher, it still consistently outperformed other models. 
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MTCN-CAM exhibited excellent stability, error-control capabilities, and model generalization performance across different 
business-risk conditions. It had significant application value for actual budget management and cost risk early warning. 
Table 2 compares the MAPE of different models for predicting cost components. 

Table 2. Comparison of MAPE for cost component prediction by different models 

Model 
Direct 

material
s (%) 

Direc
t 

labor 
(%) 

Manufacturin
g overhead 

(%) 

Energy 
consumptio

n (%) 

Logistics and 
transportatio

n (%) 

Equipment 
depreciatio

n (%) 

Administrativ
e expenses 

(%) 

Averag
e 

MAPE 
(%) 

MTCN
-CAM 8.10 8.60 8.90 9.20 8.40 8.00 8.70 8.56 

ARIM
A 12.60 12.10 13.40 14.20 12.80 13.00 12.50 12.94 

1D-
CNN 0.80 11.20 10.60 11.50 10.40 10.90 11.10 10.93 

TFT 10.20 10.50 11.10 11.80 9.90 10.30 10.70 10.64 
 

Table 2 shows that the MTCN-CAM model achieved the lowest MAPE across all cost components, with an average of 
8.56%. For factors that significantly impact manufacturing costs, such as equipment depreciation and direct materials, 
MTCN-CAM achieved values of 8.00% and 8.10%, respectively. Furthermore, the ARIMA model's MAPE exceeded 12% 
across all factors, with an energy consumption error of 14.20%. The experimental results demonstrated that MTCN-CAM's 
ability to identify cost fluctuations and its business adaptability under multiple cost factors were significantly superior to 
those of the comparative models. Table 3 compares the prediction biases of different models across different prediction 
periods. 

Table 3. Comparison of prediction deviations of different models under different prediction periods 

Model Ultra-short 
(Daily) 

Short-term 
(Weekly) 

Mid-term 
(Monthly) 

Long-term 
(Quarterly) 

Very-long 
(Semiannual） MAE (%) 

MTCN-CAM -0.21 -0.35 0.28 -0.42 0.15 0.28 
ARIMA 1.35 1.48 2.12 1.73 1.95 1.73 
1D-CNN -0.76 -0.92 0.97 0.41 -0.15 0.64 

TFT 0.52 0.63 1.24 0.79 0.88 0.81 
Note: Positive = overestimation, negative = underestimation. 

 
Table 3 shows that MTCN-CAM had the smallest prediction bias among the four models: -0.35% for weekly, 0.28% for 

monthly, 0.42% for quarterly, and 0.15% for semi-annual, with an MAE of 0.30%. Experimental data showed that MTCN-
CAM exhibited low bias, weak directionality, and high stability across short, medium, long, and ultra-long periods. To 
further demonstrate the practical impact beyond statistical errors, this study evaluated the models under a "Material Price 
Shock" managerial scenario. In this scenario, predictive performance was mapped to decision-relevant metrics: Cost 
Efficiency (capital buffer optimization), Timeliness (inference latency), and Decision Reliability (error stability under 10% 
noise). The results are summarized in Table 4. 

Table 4. Comparison of decision-relevant metrics under "Material Price Shock" scenario 

Model MAE Cost Efficiency 
(Capital Saving %) 

Decision Latency 
(ms) 

Reliability (RMSE in 
Noise) 

MTCN-CAM 0.07 4.2 2.2 0.08 

TFT 0.08 3.5 4.1 0.13 

XGBoost 0.10 2.8 1.5 0.15 

LSTM 0.11 2.4 3.2 0.14 

Prophet 0.13 1.8 12.5 0.18 

Naïve Seasonal 0.16 0.5 0.1 0.22 
 

As shown in Table 4, MTCN-CAM translated its predictive superiority into a 4.2% capital saving by minimizing budget 
slack, a critical advantage for lean management. Unlike complex attention models, TFT or slow statistical tools (Prophet), 
MTCN-CAM maintained sub-3ms latency and the highest reliability in noisy scenarios, providing a stable foundation for 
real-time procurement and safety-stock adjustments. 

 

4. Discussion 
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Compared with existing studies, the model by Damavandi et al. (2025), based on EVM and Markov chains, was limited in 
its ability to handle sudden exogenous shocks and seasonal fluctuations. Wang and Zhao's (2023) convolutional Transformer 
framework captured long- and short-term dependencies but lacked explicit modeling for multi-indicator cost channels and 
incurred high inference overhead. In contrast, MTCN-CAM achieved unified modeling of multi-scale fluctuations via 
parallel dilated convolution and enhanced the representation of key cost elements using collaborative attention. Experiments 
demonstrated that MTCN-CAM maintained an RMSE of 0.08-0.09 even in noisy and data-missing scenarios, exhibiting 
superior robustness and real-time performance, which better aligned with the needs of enterprise rolling budgets and risk 
monitoring. The MTCN-CAM model acted as a bridge between operational data and strategic control. By providing a low-
bias "future trajectory," it empowered CFOs to refine rolling budgets in real-time, thereby optimizing the trade-off between 
inventory costs and production stability. However, it is worth noting that for specific cost centers with low volatility and 
stable linear trends (e.g., fixed equipment depreciation), simpler models like ARIMA or Naive Seasonal may suffice due to 
their lower computational footprint and higher interpretability. The complexity of MTCN-CAM is most justified in 
environments characterized by high-frequency disturbances and multi-factor coupling. Nevertheless, the research still lacked 
sufficient cross-industry generalizability. In the future, the study will combine self-supervised learning and causal inference 
to expand the model's adaptability and explore edge deployment and exogenous indicator fusion strategies to further improve 
forward prediction performance in resource-constrained environments and cost-shock scenarios. 

5. Conclusion 

Traditional models struggle to capture both short-term fluctuations and medium-to-long-term trends in accounting cost series, 
which exhibit complex characteristics, including trend, seasonality, suddenness, and asynchronous changes. To address this, 
the MTCN-CAM model was developed. This model uses parallel dilated convolution to uniformly model change patterns 
across different business cycles and employs dual-dimensional attention to enhance the representation of key cost elements 
and critical time points. Experimental results showed that MTCN-CAM outperformed ARIMA, 1D-CNN, and TFT in overall 
prediction accuracy. The MAE across the four forecasting periods was 0.30%, effectively avoiding systematic 
overestimation or underestimation. The inference latency was approximately 2.0ms to 2.8ms, meeting the high-efficiency 
forecasting requirements for real-time cost control and risk warning in enterprises. Overall, MTCN-CAM balanced accuracy, 
robustness, and low latency for lean accounting management. MTCN-CAM facilitated a fundamental shift in managerial 
decision processes. Specifically, it enabled managers to transition from "ex-post" reactive adjustments to "ex-ante" proactive 
steering by providing millisecond-level updates for rolling budgets. Managers can now replace static annual allocations with 
dynamic resource rebalancing, where procurement and production schedules are adjusted based on predicted cost trajectories 
rather than historical averages. This data-driven approach minimizes budget slack and ensures that cost-risk interventions 
are triggered by structural trends rather than accounting noise, directly enhancing the agility and lean performance of 
enterprise governance. However, its performance may degrade under significant domain shifts or black-swan exogenous 
shocks, as it currently relies on historical internal data. Future work will focus on integrating self-supervised pretraining and 
causal feature extraction to enhance generalization. Additionally, incorporating external indices, such as raw material 
commodity prices and macroeconomic indicators, will be explored to improve the model's proactive response to global 
market volatility. 
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