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ABSTRACT

Accurate production forecasting serves as a critical determinant for optimizing extraction strategies,
guiding long-term field management in reservoir development. Both conventional methods and deep
learning techniques face significant challenges in production forecasting due to the increasing com-
plexities of reservoir extraction. Firstly, traditional production forecasting methods often fail to fully
capture the complex reservoir behavior. Finally, these approaches demonstrate suboptimal performance
in wells with limited data. These problems can lead to a decrease in prediction accuracy. To address
these challenges, this paper introduces the Patching-iTransformer method and applies iUzXcnpFxFhodKFXfizXom
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integrating historical production data with geological parameters.
Numerical techniques are then applied to solve the resulting sys-
tem of equations and forecast future production. However,
increasing the level of detail in oil field simulation substantially
slows the computational process.

To overcome these limitations, neural network methods (Vyas
et al.,, 2017) have emerged as a prominent research direction in
recent years. Neural networks have been extensively utilized in oil
field production forecasting because of their capacity to manage
complex nonlinear relationships, deliver rapid predictions, process
data efficiently, and effectively capture long-term trends.
Numerous neural network models have been developed for yield
prediction, including recurrent neural networks (RNN) (Elman,
1990), long short-term memory networks (LSTM) (Graves and
Graves, 2012), and Transformer networks (Vaswani et al., 2017).
Owing to the outstanding performance of the Transformer archi-
tecture in natural language processing (Devlin et al., 2019) and
computer vision (Ramachandran et al., 2019), researchers have
also introduced its application to time series forecasting and
achieved highly promising results. For instance, models such as
Autoformer (Wu et al., 2021) and Informer (Zhou et al., 2021)
primarily focus on refining the internal structure of the Trans-
former. Additionally, NSTransformer (Liu et al., 2022) fully lever-
ages the core capabilities of the Transformer, while Crossformer
(Zhang and Yan, 2023) incorporates enhancements to both its in-
ternal structure and overall design. Recent studies have started to
question the efficacy of enhanced Transformer-based neural net-
works. They even suggest that simple linear layers can outperform
these more complex Transformer architectures in both perfor-
mance and efficiency. Researchers have investigated the reasons
why the Transformer architecture exhibits strong predictive per-
formance in other fields but performs poorly in time series pre-
diction. One possible explanation is that the diverse physical
meanings of measurements recorded at the same time step imply
that a single moment does not fully capture the true nature of an
event. In other words, simply integrating different variables into
one token overlooks both the inter-variable correlations and the
asynchronous aspects of the event. Time series data depends
heavily on the order of observations. However, some studies apply
order-independent attention mechanisms directly to the temporal
dimension. Thus, they disregard the inherent sequential structure
of the data.

The challenges of employing Transformer-based neural net-
works for yield prediction can be summarized as:

e Neglect of interactions among variables at distinct time points,
and of asynchronous information, which undermines the
model’s predictive performance.

e Inadequate intra-variable correlations, especially when long
lookback periods are used, compromising prediction validity.

e Scarcity of historical data during the initial stages of exploita-
tion has led to suboptimal forecasts for individual wells.

Production forecasting for an individual well is often based
solely on the historical production data of an individual well.
Production from individual wells in the same reservoir is highly
interdependent. When limited historical data is available for a
particular well, it becomes necessary to utilize data from other
wells within the same layer to predict production for that small
sample. Transfer learning is currently an effective strategy for
addressing small-sample well yield prediction. However, most
transfer learning approaches rely on pre-training models using
public datasets, which hampers the transfer of knowledge from
the source domain to the target domain due to distributional dif-
ferences. Meta-learning facilitates the development of models that
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generalize across diverse tasks through joint multi-task training,
enabling rapid adaptation to a novel task in only a few steps.
Because a generic model is trained on data from wells throughout
the reservoir, it can perform well even in wells with few samples.
The primary contributions of this paper are as follows.

e We employ an inverted Transformer in our approach. In this
architecture, each time point in the series is treated as its own
token. Relationships between these tokens are then learned
through a self-attention mechanism. Subsequently, a feed-
forward layer extracts features from each token.

To address the issue of insufficient attention to the internal
correlations among variables, we propose a patching strategy
for time series analysis. This approach involves dividing each
variable’s time series into patches, which not only preserves
intra-variable correlations but also enhances prediction accu-
racy for longer lookback periods.

Oil field data is complex and contains high levels of noise. Each
well in the reservoir also influences recovery to a different
degree. To address these challenges, we propose a PiIAM meta-
learning method. This enables the model to better capture the
unique characteristics of the oil field data.

The remainder of the paper is organized as follows: Section 2
discusses preliminary work. Section 3 presents the Paching-
iTransformer and PiAM method. Section 4 evaluates the method
in an application. Section 5 concludes the paper and introduces
future work.

2. Preliminary works

Production forecasting has always been a top priority for oil
fields. Early work relied on classical decline curve models, such as
the Arps declining model and the logistic model. Subsequently,
forecasts used numerical simulation software to improve accuracy.
In recent years, neural network approaches have further simplified
forecasting and boosted precision.

2.1. Individual well production forecasts

The rise of neural networks for production forecasting is largely
due to advances in data measurement and increased computa-
tional power. These developments have made it much easier to
analyze large volumes of production-related data. Deep learning
models that rely on large datasets have specific prerequisites.
Production forecasting for unconventional reservoirs has steadily
evolved through successive data-driven innovations. Fracture pa-
rameters were first incorporated into neural networks to forecast
unconventional reservoir output (Li and Han, 2017). A comparative
study highlighted clear differences between the two approaches.
Classical DCA produces only smooth decline profiles. In contrast,
LSTM-based forecasting captures overall production trends more
accurately (Sun et al.,, 2018). A transformer-based multivariate
time series framework was introduced for individual well pro-
duction forecasting. It builds on recurrent architectures and le-
verages self-attention to model long-term dependencies
(Abdrakhmanov et al., 2021). Further improvements came from
hybridizing LSTM with CNN and embedding an attention mecha-
nism, which demonstrated superior predictive accuracy compared
to conventional designs (Pan et al,, 2023). In recent years, the
Temporal Fusion Transformer (TFT) has been applied to production
forecasting (Al-Ali and Horne, 2023b). It outperforms BlockRNN
models in capturing extended time-series dynamics.



2.2. Application of patching

Applications of patching first emerged in computer vision and
speech recognition, and were subsequently widely adopted in
improved Transformer models. In computer vision, researchers
achieved excellent performance on an image classification task by
dividing images into 16 x 16 patches and incorporating a self-
attention mechanism (Dosovitskiy et al., 2020). Similarly, in
speech recognition, patches are used to extract subsequence-level
information from the original speech input (Baevski et al., 2020). In
time series forecasting, the PathTST model (Nie et al., 2023) ex-
tracts subsequence information by dividing the data into patches,
thereby enhancing the accuracy of long-term predictions.

2.3. Meta-learning

The primary reason for the significant limitations in individual
well production forecasting is that the limited data from one well
hinders the model’s ability to capture complex nonlinear re-
lationships in the oil field. Moreover, the weak transferability of
individual well models necessitates frequent retraining when
predicting new wells. To overcome this problem, it is essential to
endow models with “learn to learn” capabilities as an effective
solution.

Meta-learning techniques have been employed to boost pro-
duction forecasting performance. Pre-training the N-BEATS ar-
chitecture on an open dataset and then fine-tuning it for a specific
well resulted in outperformance of a conventional LSTM (Al-Ali
and Horne, 2023a). Combining RNN models with the MAML al-
gorithm enabled few-sample well forecasts to leverage prior
knowledge, leading to a marked reduction in test error (\Wang
et al., 2024). Applying MAML to LSTM’s training confirmed these
benefits and demonstrated additional gains in prediction accuracy
(Xu and Yu, 2024).

Meta-learning methods can be classified into three categories,
including metric-based (Vinyals et al., 2016), optimization-based
(Mishra et al., 2018), and model-based (Finn et al., 2017). Produc-
tion often involves multiple concurrent tasks. Optimization-based
meta-learning methods excel at handling such multi-task sce-
narios. As a result, these methods are now more widely applied in
production forecasting. However, optimization-based meta-
learning algorithms require repeated gradient computations in
multi-task environments, which not only consume significant
computational resources but also tend to converge to local optima.
Consequently, a relatively simple base model is often employed in
practical production prediction to avoid a gradient explosion.
However, such models struggle to effectively capture the complex
nonlinear relationships in oil fields. To resolve this contradiction,
researchers proposed a MAML++ method (Antoniou et al., 2019)
that has significantly reduced computational complexity and
mitigated convergence to local optima.

3. Method

In this section, we elaborate on the design details of our
method. Firstly, we preprocess the oil reservoirs data and partition
the dataset to suit the meta-learning approach. Then, we describe
the proposed Patching-iTransformer, which comprises two com-
ponents: (a) patch-based segmentation of the time-series data to
boost intra-variable correlation, and (b) inversion of the time se-
ries to enhance inter-variable correlation. Finally, we propose a
PiAM meta-learning algorithm for oil reservoirs.

3.1. Data processing

In this paper, data is collected from 49 wells in the oil field with
9 variables per well, including daily oil production, temperature,
casing pressure, flowing pressure, and other variables. Conven-
tional noise reduction methods often blur short-term features in
the data due to manual well-switching operations inherent in the
field data. Kalman filtering, through its state estimation mecha-
nism, efficiently reduces noise in intermittent production data. It
preserves the short-term fluctuations in the data. We normalized
the data before noise reduction. This step eliminated the effects of
magnitude differences.

Kalman filter mathematical model. We assume the system
state is represented by vector xi. The state at time step k is pre-
dicted using the previous state and control inputs. This process is
mainly governed by

X = Fr_1Xg_1 +By_qUp_1 +Wi_g @)

to predicting the current state, where x; denotes the state at time
k, Fi._1 denotes the state transition matrix that relates the previous
state to the current state, Bi_; denotes the control input matrix,
uk_1 denotes control input at time k—1, wy_; denotes the process
noise, assumed to be Gaussian. The predictions are then corrected
using the observations, according to the observation equation

z = HiXxy + vy, @)

where z; denotes the measurement at time k, H, denotes the
observation matrix that maps the state to the measurement space,
vk denotes the measurement noise, assumed to be Gaussian.

State prediction. At each time step, the Kalman filter predicts
the next state using

Xy =Fy_1Xp_1 +By_qup_1, 3)

where X} denotes the predicted state estimate at time k. The un-
certainty of the state prediction is also estimated at each step. The
predicted covariance matrix is updated by

P, =F 1Py \F_; +Q 4, 4)
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Fig. 1. Meta-learning multivariate time series data partitioning.

where Pg denotes the updated error covariance matrix, I denotes
the identity matrix. It reflects the uncertainty in the corrected
state estimate.

Next, the data is partitioned using a strategy distinct from
conventional deep learning. Fig. 1 illustrates how the multivariate
time series data is divided in meta learning. Firstly, wells are
assigned as individual tasks and randomly split into meta-learning
training and testing tasks in an 8:2 ratio. The data within each well
is then divided chronologically into a support and query set in an
8:2 ratio.

The PiAM model is specifically designed to handle few-shot
data effectively. It achieves this through the use of meta-learning
techniques. In this process, the training and test tasks share sim-
ilarities, such as time-series data from the same reservoir. How-
ever, they also differ, as the test tasks include data from unseen
wells. This contrast helps assess the model’s generalization ability.
The success of transfer learning depends on the similarity between
the training and test tasks, especially in terms of reservoir features.
This similarity ensures the model can transfer knowledge effec-
tively and make accurate predictions with fewer samples. With
this setup, the PiIAM model can quickly adapt to test tasks. It makes
accurate production predictions by leveraging data from training
tasks.

The processed oil field data shows an overall decreasing trend.
However, there are clear short-term fluctuations within each in-
terval. This indicates that the data retains significant noise,
necessitating that the model better handle the correlation infor-
mation both between and within variables. In the early stage, the
data exhibits minimal fluctuations. In the later stage, the fluctua-
tions become dramatic. The variance evolves over time, and un-
certainty increases. This necessitates more adaptive inner-loop
optimization strategies.

3.2. Patching-iTransformer

Fig. 2 shows the Patching-iTransformer structure. It employs an
encoder-only Transformer architecture and primarily comprises
Patching, Flatten, and Transformer blocks.

1338

Previous time series forecasting models based on the Trans-
former architecture typically input all variables simultaneously as
tokens. In contrast, our model first applies patch partitioning to
the input time series, treating each patch as an independent token.
The attention mechanism then calculates the attention values
between patches, and a flatten operation captures correlations
both between and within patches. Finally, a linear layer produces
the final prediction. The above forecast can be expressed by

hS = Patching(Xy),
HY = TrmBIock(H’) 1=0,..L-1,

= Flatten (hﬁ),

(8)
Yn

where Yn denotes prediction data, X, denotes lookback time se-
ries, H= {hy,...,h,} ¢ N*D denotes that there are N D-dimen-
sional encoded tokens. Both patching transforms x € R into
x € RP and flatten transformers x € RP into x € RS are imple-
mented using multi-layer perceptron (MLP). The Transformer’s
positional encoding is unnecessary because the inherent order of
the sequence provides sufficient positional information.

3.2.1. Patching

Each input time series is divided into either overlapping or non-
overlapping patches. We define the patch length as Pand the stride
as S. Patching is the process of dividing a univariate time series into
segments of length P, with a step size of S. After patching, the
original time series x() € R**T is transformed into a sequence of

patches x) ¢ RN*P where N = [%] + 2. Before patching, we pad

the original sequence by repeatedly appending its final value until
its length is fully divisible by the patch length. After patching, the
number of input tokens is reduced, which not only decreases GPU
memory usage but also enhances the model’s focus on inter-
variable relationships, addressing the inadequate of the inverted
model.
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Fig. 2. Overall structure of Patching-iTransformer. (a) Patching module: After undergoing patch division processing, each variable should be entered as an individual token. (b)
Multivariate attention mechanism. (c) Feedforward neural network: A model for independently processing multivariate features.

3.2.2. Layer normalization

Layer normalization is primarily used to enhance the stability
and convergence speed of deep neural network training (Ba et al.,
2016). However, because layer normalization normalizes the fea-
tures of multivariate representations at the same time step, it may
cause features from different variables to merge. This can intro-
duce noise when the physical significance of the same time point
differs across variables. With inverted layer normalization as

hn — Mean(hy)

Var(hn)_ n=1, ...,N},

which avoids noise between variables for better handling of
complex time series.

LayerNorm(H) = { 9)

3.2.3. Feed-forward network

The feed-forward neural network in the traditional Trans-
former primarily encodes individual tokens. However, in time se-
ries data, a token comprises multiple variables simultaneously.
These variables may not be consistent, and the brief time span
limits the available information, making it difficult to capture
long-term trends. In the inverted version, the feed-forward
network (FFN) operates directly on the entire time dimension of
each variable. According to the approximation principle (Hornik,
1991), an MLP can capture the complex feature transformations
of a given variable over time. Consequently, stacking multiple
layers enables accurate time series prediction. Different neurons in
an MLP can identify various features of a time series, such as
amplitude and frequency spectra. Therefore, an MLP can serve as a
more accurate and generalized learner for time series. This con-
trasts with self-attention mechanisms, which are applied only on
individual time points.

3.2.4. Self-attention

In the traditional Transformer model, the attention mechanism
captures temporal relationships. While we have focused on the
relationships within individual variables, strong correlations be-
tween different variables also exist. In the inverted model, we treat
each variable as a distinct channel, with each channel forming a
separate sequence. This design captures the interrelationships
between variables via the attention mechanism. For each time

seriesH = { hy,....,hy} € N*D the queries, keys, and values Q K,
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V e Nxd gre obtained by projection, where dy is the dimension of

the projected subspace. g;, k; € R% represent query and key of each
variable. The attention score is computed by calculating the Q and
(@x"),
N
attention score reflects the correlation between variables. By
multiplying the attention score A and V, highly correlated variables
receive higher weights. Consequently, the calculation effectively
represents the inter-variable correlations.

K matrices as follows A;; =

qlk;. In this way, the overall

3.3. Adaptive MAML++

MAML is a meta-learning method proposed by Finn et al. (2017)
in 2017. The main idea is to train a general model parameter across
a large number of tasks that share similar structures. This trained
parameter then lets the model adapt quickly to a new task. Since
this algorithm relies on gradient descent for optimization and does
not depend on a specific neural network architecture, it's called
model-agnostic. MAML consists of two layers of optimization, an
inner loop and an outer loop. The inner loop is optimized for a
specific task to obtain task-specific parameters 8;. The outer loop
passes the updated loss from the inner loop to the initial model to
enhance its generalization. In summary, MAML aims to learn a set
of initial model parameters 8 that allow rapid adaptation to new
tasks.

We define a base neural network model fy, where 6 indicates
model parameters. We define initial parameters 8 = 8 sampling a
batch of tasks {T;} from the task distribution T, where i = 1, ..., N.

For each task Tj, there are support set D,.SLJpport and query set D?”ery.
For each specific task T;, the training process begins with the
current model parameters 6;. Model using Df”pp"rt performs a
small number of gradient updates to obtain task-specific param-
eters 6]

8, =6 — aVeLy,(6), (10)

where a denotes the learning rate in inner loop, £7, denotes the
loss function of specific task T;. For each particular task T;, the loss
L7, (6;) is computed using D?”ery updated parameters 6;. Assuming
there are B training tasks, the outer loop loss is computed as



B
EOuter(eO) = Zcﬂ (9;) (11)
i=1

The outer loop update process is
B
80 =60 —BVe Y _ L7,(6}), (12)
i=1
where B denotes learning rate in outer loop.

3.3.1. Multi-step loss optimization

The outer loop optimization of MAML is implemented by
backpropagating through the losses from several inner loops.
Specifically, MAML is trained multiple times on the support set,
and the losses on the query
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where T denotes total training epochs, T, denotes current training
epoch, amax denotes maximum learning rate set, amjn, denotes
minimum learning rate set, a; denotes current learning rate. Fig. 3
illustrates the final PiIAM parameter update model. Algorithm 1
illustrates the whole algorithm process.

Algorithm 1 PiAM for production prediction

Input: p(T): distribution over tasks

4. Experiment

In this section, we define our model and conduct several
experimental comparisons to evaluate its performance. Specif-
ically, we perform a base model comparison, compare MAML++
with PiAM, and carry out iterative predictions to assess model
stability. Fig. 4 presents the loss pairs for all models.

4.1. Base model comparison

We evaluate the models using individual well prediction. The
well data was divided into 80% for training and 20% for testing. The
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Fig. 3. The update of PiAM parameters.

lookback window period is set to 120, and the prediction length is
10 days. Each model employs the seg2seq method for prediction,
and the loss was computed using the Adam optimizer and mean
squared error (MSE). We employ LSTM and iTransformer net-
works, with the Patching-iTransformer model used for compara-
tive purposes in the experiment. Fig. 5 illustrates the individual
well prediction results.

In the experiments, Patching-iTransformer model’s prediction
performance was particularly impressive for Well 1 and Well 4. For
Well 1, it achieved an R? of 0.491, an RMSE of 21556, and an MAE of
16.602 shown in Table 1. This demonstrates that the model can
stably capture long-term dependencies in oilfield production data,
with minimal deviation from actual observations. Patching-
iTransformer also performs better when faced with anomalous
fluctuations in the data. As shown in Fig. 5, Patching-iTransformer
predicts data trends smoothly and accurately for different wells,
particularly for Well 1 and Well 4. This highlights its strength in
handling long-term dependencies and outliers.

However, both iTransformer and LSTM networks show signifi-
cant performance fluctuations on specific wells, especially when
hyperparameters are not correctly selected. This increases the risk
of overfitting, resulting in poorer prediction performance. For
example, iTransformer model’s R? for Well 3 is —0.147, with an
RMSE of 34.395 and an MAE of 25.084. In the same well, LSTM
model’'s R? is —15.792, with an RMSE of 150.773 and an MAE of

Fig. 4. Model loss on the training set.
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Fig. 5. Comparative results of individual well model predictions.

128.648 as shown in Table 1. These results show that when
hyperparameters are not set correctly, the model fails to adapt
effectively to the characteristics of different wells. This leads to a
significant increase in prediction error. The prediction curves in

Fig. 5 further highlight significant fluctuations in the predictions
of iTransformer and LSTM, especially at Well 3. In this case, the
model’s performance deviates greatly from the actual production
trends.
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Table 1

Comparative results of individual well model predictions. The best results are in bold.
Models Patching-iTransformer iTransformer LSTM

R? RMSE MAE R? RMSE MAE R? RMSE MAE

Well 1 0.491 21.556 16.602 0.264 23.996 19.625 —0.922 41.717 32.845
Well 2 —0.347 48.817 36.784 —0.570 52.705 35.225 —-0.319 75.737 60.919
Well 3 —0.103 33.723 24.200 —0.147 34.395 25.084 —15.792 150.773 128.648
Well 4 0.471 32.157 23.902 0.403 34.160 24.902 0.221 43.436 35.166
Well 5 0.368 54.127 37.348 0.107 64.331 46.182 -0.12 52.547 40.949
Well 6 —0.139 19.137 16.327 —1.230 26.777 21.103 —0.522 23.720 18.685
Well 7 —0.001 74.632 55.303 —0.298 84.999 68.842 —0.073 77.283 63.356
Well 8 —0.960 76.913 66.639 —1.220 81.848 66.379 —2.347 100.495 89.819
Well 9 0.615 55.122 42.863 0.417 67.800 44,918 —1.899 151.212 135.534
Average 0.044 46.243 35.552 —0.253 52.335 39.14 —2.419 79.657 67.324

Overall, the Patching-iTransformer model outperforms iTrans-
former and LSTM in capturing long-term dependencies and
handling outlier fluctuations. It also shows greater flexibility and
stability in hyperparameter tuning. While iTransformer excels in
short-term prediction, it falls short when dealing with complex
time series data, particularly in handling long-term dependencies
and outliers.

4.2. Comparison of meta-learning methods

We compare the prediction results of the Patching-
iTransformer, MAML++, and the PiAM model. For the compari-
son between PiAM and MAML++, we conduct 150 epochs of outer
loops, 2 inner loops, and 10 testing loops. Fig. 6 presents the
results.

In our experiments, we evaluated the MAE, RMSE, and R? co-
efficients for the PiAM, MAML++, and Patching-iTransformer
models. When the data is sufficient, the Patching-iTransformer
and meta-learning models provide comparable predictions. The
Patching-iTransformer model excels at capturing long-term de-
pendencies in time series, especially when using patching and the
inverted strategy. Compared to MAML++, Patching-iTransformer
is better at capturing complex relationships between variables,
leading to more accurate predictions in most cases. As shown in
Table 2, PiAM achieves R? of 0.294, an RMSE of 73.505, and an
MAE of 52.887 for Well 1. This indicates that PIAM maintains high
prediction accuracy despite data scarcity.

The PiAM model performs exceptionally well when data is
scarce. It is able to converge quickly with very few gradient up-
dates. In Well 3, PiAM reached R? 0.649, RMSE 115.679, MAE
64.486 as shown in Table 2. These results highlight the advantages
of PiAM in few-shot learning. A comparison with MAML++ shows
that PiAM significantly outperforms MAML++ in prediction per-
formance. This improvement is attributed to PiAM’s better
handling of noisy data and complex oil field data structures.For
example, in Well 2, PiIAM achieves an R? of —0.152, an RMSE of
34.990, and an MAE of 27.903. In comparison, MAML++ has an R?
of —0.115, an RMSE of 46.882, and an MAE of 37.882 shown in
Table 2.

For single-well prediction, traditional models struggle to fit the
data due to insufficient samples. In contrast, the meta-learning
approach is more robust. Meta-learning requires only one or two
gradient updates for a new task to achieve a better fit, significantly
reducing computation time. This advantage makes PiAM ideal for
real-time predictions and resource-constrained environments.

Although PiAM and MAML++ show similar MAE values for
Well 3 and Well 5, PiAM achieves a better R? value, indicating a
more accurate fit to the actual data. Some of the MAE deviations
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may result from large discrepancies in individual parameter
points. However, overall, PiAM outperforms MAML++. Thus,
despite the MAE differences, PiAM better captures the data trend
and demonstrates superior predictive ability.

Fig. 6 compares PiAM'’s prediction errors across different wells,
highlighting its stability under data-scarce conditions. In partic-
ular, PiAM significantly outperforms MAML++ and Patching-
iTransformer in Well 2 and Well 3. The figure clearly shows
PiAM’s advantages in sample-efficient learning, especially when
handling complex data structures. Its smaller prediction error
compared to other models verifies its strong robustness in prac-
tical applications.

4.3. Stability experiment

To assess the model’s performance in long-term forecasting, we
increase the prediction time lookback length S € {10, 15, 30, 60,
120, 240} and prediction length T € {10, 20} to evaluate its per-
formance on long time-series data. As shown in Fig. 7, the PIAM
model outperforms others in terms of MAE as the lookback length
S increases. Notably, the error of the PiAM model consistently
decreases for longer prediction length T = 20. This demonstrates
PiAM’s ability to capture long-term dependencies and trends
effectively. In contrast, models like MAML++ and iTransformer
exhibit an increase in error rate and volatility as the backtracking
window extends. This suggests that their performance becomes
more unstable when handling longer time series.

Taking Well 1 as an example, the PIAM model maintains a low
MAE as the lookback window increases from 10 to 240. This
demonstrates its ability to capture long-term dependencies
effectively. In contrast, models like iTransformer and LSTM show a
significant rise in error with the increasing lookback window. This
suggests they struggle to handle longer time series effectively.

We assessed the model’s stability, robustness, and generaliza-
tion ability. We run iterative forecasts in 10-day increments over
periods of 30, 50, 70, and 100 days. We use mean absolute error
(MAE), root mean squared error (RMSE), and R? coefficients as
evaluation criteria.

Table 3 shows that the model’s prediction error generally in-
creases with the prediction length, especially when the data is
scarce or noisy. For example, in Well 1, PiIAM achieves an RMSE of
41.820 and an MAE of 39.464 for a 30-day prediction, demon-
strating strong accuracy and stability. However, as the lookback
window was extended to 100 days, the RMSE increased to 94.024
and the MAE to 90.305. Similarly, for Well 2, PiAM performed better
in short-term forecasting, with an RMSE of 87.826 and an MAE of
72.885 for a 30-day forecast. We find that the prediction error in-
creases as the prediction length grows. However, in short-term



predictions, PIAM better captures the data patterns, especially We tested the impact of patch length P and stride S on the

when data is scarce, achieving high accuracy with few gradient performance, and the results are shown in Table 4. In this study, we
updates. The model excels in short-term and small-sample learning adjusted P and S to assess their impact on the receptive field of
tasks, but its performance declines in long-term predictions. each layer in thededrnfiFTx> .
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Table 2
Meta-learning model prediction comparison results.The best results are in bold.
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Models PiAM MAML++ Patching-iTransformer
R? RMSE MAE R? RMSE MAE R? RMSE MAE
Well 1 0.294 73.505 52.887 0.268 82.185 61.640 —-0.194 114.578 74.754
Well 2 —0.152 34.990 27.903 —-0.115 46.882 37.882 —-0.187 41.245 31.434
Well 3 0.649 115.679 64.486 0.618 117.261 62.237 0.594 126.917 73.623
Well 4 0.470 33.858 26.407 0.409 39.372 31.745 0.219 39.039 27.398
Well 5 0.514 51.630 35.049 0.469 51.920 34.315 0.354 54.737 34.599
Well 6 0.096 13.314 11.408 —0.545 22.284 19.405 —2.536 17.843 15.114
Well 7 —0.376 69.344 53.047 —1.245 70.521 45.609 —0.792 99.864 76.522
Well 8 0.440 35.355 27.624 0.389 40.105 31.389 —1.805 91.995 80.468
Well 9 0.398 50.170 38.656 0.070 53.104 43.424 —0.130 68.815 51.922
Average 0.259 53.094 37.496 —-0.180 57.160 39.954 —-0.276 73.275 52.236
Well1 T=10 Well2 T=10
1L 50
MAML++
120 4 iTransformer
—l— LST™ 40
—&— PattrnimyTrransrormer

7 PiAM

Fig. 7. Different lookback windows model prediction performance (MAE).

prediction accuracy. The experimental results indicate that for
Well 1, the model performs best when P = 12 and S = 20.
Increasing P further leads to higher RMSE due to model overfitting.
In contrast, smaller P and S in Well 2 and Well 3 yield the best
predictions. This is because Well 1 had less data and required a
more complex model to learn its production regime, while
increasing well data for Wells 2 and 3 only needed a simpler
model. Additionally, as Pand S increase, the learning complexity of
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the model rises, significantly increasing computational resource
consumption. This experiment highlights that selecting the
optimal combination of P and S is crucial to balancing model ac-
curacy and computational resource efficiency.

This experiment was conducted using 4060 GPU. The PiAM
framework takes approximately 50 min for computation, showing a
significant improvement in efficiency compared to traditional nu-
merical modeling. It also consumes fewer computational resources.



5. Conclusions and future works

The Patching-iTransformer method integrates a patching
mechanism into the inverted
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