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Continual Semisupervised Learning of Echo
State Network for Quality Prediction of
Multimode Processes

Chao Yang
Yi Liu

Abstract—The successive switching nature of multimode
processes, coupled with data scarcity, challenges tradi-
tional quality prediction models. Specifically, the difficulty
of simultaneously collecting abundant labeled datasets
from all modes forces the model to update its parameters
as modes switch. This leads to the forgetting of historical
mode knowledge and hinders the aggregation of knowl-
edge, thereby degrading generalization across modes. To
this end, we propose a novel continual semisupervised
graph echo state network (CS’GESN). First, a semisuper-
vised graph echo state network (S’GESN) is designed
based on the graph smoothing assumption to extract dy-
namic information from unlabeled samples within each
mode. The S’GESN model then evolves into a continual
model, CS’GESN, employing an elastic weight consolida-
tion strategy for parameter importance estimation derived
from pseudoinverse parameter optimization, facilitating the
accumulation of historically learned knowledge. This man-
ner alleviates performance deterioration from data scarcity
and information forgetting, and enables more flexible mod-
eling of successive arriving operating modes. The superior-
ity and feasibility of the proposed method are demonstrated
through its application to the Tennessee Eastman process
and the three-phase flow facility process.
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[. INTRODUCTION

N THE competitive landscape of modern industries, multi-

mode processes are indispensable, enabling the production
of diverse and specialized products [1], [2]. Effective quality
prediction is critical to reduce product defects and optimize
operational efficiency [3], [4]. The collection of abundant pro-
cess datasets has significantly fueled the development of data-
driven models that predict product quality by measurable process
variables. In particular, data-driven dynamic models [5], [6],
[7], [8], [9] exhibit superior performance by concentrating on
dynamic information within process datasets, usually imple-
mented by various recurrent neural networks (RNNs), such as
long short-term memory [6], gated recurrent unit [7], and echo
state networks (ESN) [8], [9], [10], [11].

As a variant of RNNs, ESN has garnered significant interest
for modeling dynamic relations, which stem from the con-
cept of sparse reservoir computation. For example, Patan¢ and
Xibilia[10] employed ESN to monitor the tail gas concentrations
of the sulfur recovery process. Yang et al. [11] introduced a deep
memory ESN for predicting temperature in the blast furnace.
In addition, to address the issue of collinearity, a distribution
ESN integrated with autoencoder [8] is developed for quality
prediction of dynamic processes. However, most ESN improve-
ments are difficult to adapt to multimode processes. Specifically,
frequent changes in operating modes or feed ingredient ratios
can cause significant data distribution discrepancies between
modes [12], [13], rendering existing ESN-based dynamic mod-
els inappropriate.

To tackle the complexity of modeling multimode processes,
various strategies have been developed, such as mixture mod-
els [1], [14], [15], adaptive learning-based methods [16], [17],
[18], and multiple model-based techniques [19]. However, these
approaches require all mode datasets during training, which is
often difficult in industrial scenarios. A defining characteristic of
multimode processes is the sequential arrival of operating mode,
rather than their simultaneous occurrence [20]. This makes it dif-
ficult to collect datasets from each mode simultaneously. When
a new mode emerges, most approaches build a local prediction
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model using only the new mode’s datasets, but this may lead to
information forgetting of historical modes, causing performance
deterioration when historical modes reappear. An alternative is
to retrain the model from scratch with all available datasets,
including newly collected mode datasets and stored historical
mode datasets. However, this solution imposes a significant
burden on data storage and computing resources, and struggles to
balance learning across multiple modes. Therefore, developing a
quality prediction model that aligns with the nature of successive
switching remains a challenge.

The label sparseness is another challenge in modeling mul-
timode processes. In general, the sampling frequency of qual-
ity variables is significantly slower than that of process vari-
ables [14], [21], [22]. The frequent switching of modes fur-
ther exacerbates the phenomenon of sparse labeled samples
alongside abundant unlabeled samples within each mode [14],
[21]. Under these circumstances, supervised learning models
struggle to achieve satisfactory performance with limited labeled
samples. To alleviate the effect of data scarcity, scholars have
developed various methods, primarily including active learning
(AL) [23], data augmentation (DA) [24], [25], [26], and semisu-
pervised learning (SSL) [14], [15], [21], [22], [27], [28], [29].
AL and DA directly enrich labeled samples, but they cannot
easily adapt to different scenarios. In contrast, SSL offers a vi-
able alternative by mining valuable information from unlabeled
samples, exhibiting better generalization and adaptability. For
instance, Shao et al. [21] developed a semisupervised Gaussian
mixture regression for quality prediction of multimode pro-
cesses. Furthermore, Yao et al. [14] proposed a semisupervised
mixture variational autoencoder regression model. However,
these SSL-based approaches that require the precollection of
datasets of each mode cannot deal with the successive switching
nature of multimode processes. In other words, insufficient data
acquired from the single mode make it difficult to aggregate
across modes.

Recently, a promising learning paradigm known as continual
learning (CL), inspired by the human learning process, has
been developed and applied to sequential tasks [30], [31], [32],
[33], [34], [35], [36], [37]. A major challenge in sequential
tasks is the tendency of models to forget crucial information
from previous tasks as they acquire new knowledge, leading to
catastrophic forgetting [32], [33]. CL addresses this by facili-
tating the retention of previously learned information alongside
new knowledge acquisition, effectively mitigating catastrophic
forgetting and reducing the data storage demands for model
retraining. In the literature, the development of CL is generally
categorized into three types [36]: regularization-based CL [20],
[37], [38], isolation-based CL [39], and memory replay-based
CL [40]. Specifically, regularization-based CL introduces a
quadratic term to preserve learned knowledge by estimating
the importance of model parameters. Isolation-based CL aims
to isolate and assign parameters. The basic idea of memory
replay-based CL is to store past experiences and replay them
whenever it is necessary. In general, regularization-based CL is
easy to implement and integrate with the other techniques.

Given that the switching nature of multimode processes is
successive and sequential [34], [35], [36], CL presents a viable
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Fig. 1. Switching of different operating modes.

solution for constructing a single model capable of continuously
learning new knowledge without forgetting the previous ones.
Although CL has been explored for multimode processes [20],
[38], quality prediction for multimode processes with sparse
labels remains unsolved. It is worth noting that data scarcity may
lead to overfitting in CL, preventing the effective consolidation
of important knowledge. With this regard, this article presents
a continual semisupervised dynamic quality prediction method,
termed continual semisupervised graph ESN (CS?GESN). This
method is specifically designed for multimode processes with
successive arrival modes and sparse labels for each mode. First,
leveraging the fast learning capabilities and dynamic description
strengths of ESN, a semisupervised graph ESN (S?’GESN) is
designed to improve generalization performance within each
operating mode characterized by sparse labels, which employs
manifold regularization to extract valuable information from
unlabeled datasets. Second, a regularization-based CL strategy
known as elastic weight consolidation (EWC) [37] is introduced
to derive a novel continual semisupervised learning (CSSL) al-
gorithm, CS2GESN, which facilitates knowledge accumulation
across all operating modes. Notably, EWC is primarily selected
for the CL in terms of lower computational cost and the flexibility
of integrating it with nondeep learning methods. Finally, the
proposed CS?GESN enables flexible modeling by achieving
effective combination between SSL and CL for multimode
processes with sparse labels. The main contributions of this work
are three-fold as follows.

1) The concept of CSSL is introduced for quality prediction
in the presence of data scarcity, which is the first attempt
to multimode processes with sparse labels.

2) A novel CSSL-based dynamic modeling method,
CS>GESN, is developed to aggregate process dynamic
information from each mode, facilitating knowledge ac-
cumulation across modes for quality prediction.

3) In the parameter consolidation phase, a Fisher informa-
tion matrix (FIM) estimation formula based on pseudoin-
verse parameter optimization is designed to assess the
significance of output weights W concerning historical
modes.

Il. PROBLEM STATEMENT

Three distinct operating modes switch successively and re-
peatedly, as depicted in Fig. 1. This switching nature presents
a challenge: a local model p(61q|Soa), trained on a historical
old mode dataset {Sq}, must constantly update its parameters
Oold — bhew to adapt to new modes. However, this results in an
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Fig. 2.  Comparison diagram of traditional SSL modeling and the pro-
posed continual SSL modeling for multimode processes.

intractable problem: when updating the model using new mode
datasets {Spew }, the updated model p(fpew|Snew ) may overwrite
previously learned information from historical modes, causing
catastrophic forgetting. As a result, the model’s performance
significantly deteriorates when a historical mode reappears.
Alternatively, one might combine all historical mode datasets
with the new mode dataset to update the model’s parame-
ters, P(Gnew|Sola U Snew ). However, this approach is not only
resource-intensive in terms of data storage but also struggles
with balancing learning across modes due to distribution dis-
crepancies between them. Moreover, the frequent switching
between modes complicates the collection of substantial labeled
datasets for each mode, exacerbating model deterioration due to
the scarcity of labeled samples. As shown in Fig. 2, traditional
SSL modeling methods build a local SSL model (LSSM) that is
effective only within each mode but fail to aggregate incom-
plete knowledge from sparse labeled samples across modes.
This manner inevitably leads to catastrophic forgetting—where
critical features from historical modes are overwritten by new
mode datasets—resulting in model confined to specific operat-
ing mode. Furthermore, the scarcity of labeled samples allows a
loss of modeling information, which in turn hampers the ability
of CL to alleviate catastrophic forgetting. In summary, this work
proposes a new idea for constructing a continual semisupervised
model (CSSM), allowing mutual promotion between SSL and
CLinacoupled manner. This strategy facilitates effective knowl-
edge accumulation across modes, which is critical in enhancing
comprehensive generalization for multimode processes with
sparse labels.

. PROPOSED CS’GESN ALGORITHM

A. Semisupervised Graph ESN

As a type of randomized RNN for dynamic modeling, ESN
consists of three layers, i.e., input layer, reservoir pool layer, and
output layer. It is well known that only output weights between
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the reservoir pool layer and the output layer need to be trained.
However, the scarcity of labeled samples prevents the traditional
supervised ESN from accurately capturing dynamics within the
abundant unlabeled samples. SSL provides a viable solution to
make full use of unlabeled samples for dynamic modeling. In
detail, the status of the reservoir can be updated directly using all
labeled and unlabeled samples, while the calculation of output
weights is performed using only labeled samples. Under the
circumstances, the constructed model is regarded as a semisuper-
vised ESN (S?ESN). Consider for the moment all collected in-
put samples {X} = {X' UX"} = [z(1),z(2),...,z(N)]" €
RN*m the corresponding reservoir state vectors is denoted as
V =[v(1),v(2),...,v(N)]" € RV*¢, where N = N; + N,,,
m is the input size, and c is the reservoir size. The output of the
labeled samples, denoted as Y! e RN, are first zero-padded to
form another matrix Y € R” . Essentially, Y preserves all rows
from Y'! whenever y(i) is recorded and populates remaining
rows with zeros in instances where y(i) is not recorded. To
identify the locations where y(¢) is available, a measurement
index matrix J is defined as

g1 -+ 0 -~ 0
S0 -0

J=10 - 4 0| e RVN
0 0 0 - jn

where j; = 1 when y, is measured, and j; = 0, otherwise.

Thus, the labeled state vectors V! € RVix¢ are organized
from the state matrix V by the index position of labeled samples,
which is described as

V=TV = [w(5]),v(h), ..., v(k)]T (1)

where jf(l < i < Nj) denotes the index position of labeled
sample.

The output weight Wy, of SESN is calculated by labeled
state vectors and corresponding output labels as

= (V) V! jwlc)f1 (V)Y 2)

where y is the regularized coefficient for alleviating overfitting.

Although S?ESN is superior to supervised ESN, it still ignores
structure information within unlabeled samples. In general, we
expect a smoothing hypothesis [27] that if two samples in the
input space are close to each other, then they should have sim-
ilar outputs, which enables label propagation between similar
samples. Therefore, a semisupervised graph echo state network
(S’GESN) is constructed by introducing manifold regularization
based on the neighbor graph, and its optimization objective is
formulated as

1 2
jSZGESN = 5 HYl - VlWoutH + % HVVoutH2
N N
+ 23N w(i, ) [0() Wou — v() Woull®
i=1 j=1
3)

SIS
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Fig. 3. Overall flowchart of the proposed CS*GESN.

where A is abalance coefficient for SSL.w (%, j),4,7 = 1,..., N,
is similarity weight coefficient between neighbors (i) and x(j),
calculated by the following function:

w(i, §) = exp (— () — ()| 202) .

Then, the third term of (3) can be converted into matrix form as

“

VILVW,,

out

S
=W,
2

T T
outv

A
= EW (D—-Q) VW, (5)
where L is the Laplacian matrix, @ = [w(4, j)] represents the
adjacency matrix, and D is a diagonal matrix where each ele-
ment, D;;, equals the sum of weights Z;V:TN“ w(, j).
Furthermore, (3) can be reformulated as

1
Tsarss = 5 [1Y! = V' Woul[* + 2 | Woul

T VILVW,.

out

A
+3W ©)

Taking derivatives of (6) concerning Wy, and setting it to zero,

we have the following equation:

aJSZGESN

v«752(‘,1551\1 = OW ot
= — (V) Y+ (V) VW + 7 W

+AVILVW,, = 0. (7)

In the end, (7) can be calculated as

T

-1
Wi = (V) V4L +avTIv) (V) Y @)

Remark 1: Note that all labeled and unlabeled samples with
noise provides valuable information for updating the reservoir
status whenever there is significant lack of labeled samples.
Meanwhile, we incorporate a manifold regularization term to

mitigate the negative effects of noises.

B. Continual 8> GESN Model

The successive switching nature of multimode processes
poses a significant challenge for modeling. On one hand, incom-
plete knowledge acquired from a single mode through SSL is dif-
ficult to effectively aggregate, limiting its generalization across
modes. On the other hand, in the case of data scarcity, traditional
CL struggles to accumulate critical knowledge. To this end, we
develops a novel continual semisupervised modeling method,
ie., CSZGESN, which achieves mutual promotion between SSL
and CL in a coupled manner, facilitating knowledge accumu-
lation across modes, and its overall flowchart is illustrated in
Fig. 3. Consider mode M as representing the historical mode
and mode M, as representing the new mode, mode M collects
datasets S v¢, with V4, samples, including N /l\,ll labeled samples
{X!y,, Y } and N}, unlabeled samples {X, , @}, where
Ny, > N /lvll. Similarly, mode M collects datasets S, with
N, samples, including N}, labeled samples {X/, ,Y' }
and N}, unlabeled samples {X}, , @}, where N, > N/l\/lz.
After the training of mode M, the optimal parameters 6}, of
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SGESN are obtained. We expect to be able to further learn the
new mode M, without degrading the performance of old mode
M. Hence, by considering the importance of parameters 6}
in the old mode M, the objective function of CS2GESN for
training new mode M, is defined as

Jesresn(0) = Ts2gesn (05 Sm,)
+n7loss (aaaj\Alka]FMl) (9)

where Jeqgrsn(f) is the loss function of CS?GESN based on
mode M, datasets and mode M parameters. Js2ggsn (0, Sat,)
represents the fitting error term of S?’GESN for M.
Jioss (0, 034, 2, F o, ) denotes the information loss for the old
mode M. Here, A4, is penalty coefficient for CL and F 4, is
the FIM for M.

The second term on the right-hand side of (9) can be reorga-
nized as

Jloss (97 ejwl7)‘M1FM1) = Jioss (Woutawj\/(p)"/\/llFM])

A
- J;l (WOU‘ - Wj\/l])T Fum,
- (Wouw = Wiy, ) - (10)

Substituting (6) and (10) into (9), we have
1 2
jCS2GESN(W0ut) = E HY,ZMZ - V,l/\/lzwoutH + 5 Hwoutllz

A
+ EWT V;\r/lz LMZ VMZWOUI

out

A
+ 5 (Wou = Wiy) Fag
(Wou = Wiy,). (an

Itis clear that the objective function (11) can reduce toa S>GESN
objective if A, = 0, i.e., all information of old mode M is
discarded.

Taking derivatives of (11) concerning W oy, and setting it to
zero, we have the following equation:

VIesGesn = Lgc‘;zfiftm
= — (Vi) Yh + (Vi) Vi Wa
+ YWou + AV 1, Liat, Vo, Wou
+ v Far, (Wou — Wiy, ) =0. (12)

The output weight W, of CS?GESN is derived from (12)

=T (Vi) Yo 400 Fag Wiy, ) (13)
where I is denoted as
L= (Vi) Vi, +9L
+ AV 4, L, Vg + A Foug,- (14)

Remark 2: To overcome data scarcity, on one hand, manifold
regularization constraint in SSL is to decrease the upper bound
of generalization error. The inclusion of unlabeled samples
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helps maintain smoothing of the data manifold, thereby enabling
the model generalization. On the other hand, an EWC-based
regularization in CL is to consolidate learned knowledge from
historical data, enabling knowledge accumulation across modes.

C. Estimation of FIM for CS* GESN Model

Before solving (11), output weight W7, and FIM F (, need
to be firstly calculated. As the optimal parameters of the mode
M, W7, is easy to obtain by S’GESN. The calculation of
F a1, about the optimal output weight W7, mainly depends on
the gradient of the S?GESN optimization objective

1

Fumi = s
Niy, +Niy,

(VJSZGESN,MI ) (VJSZGESN,MI)T :
(15)

Note that the calculation of (15) is close to zero, mainly because
the optimization goal of S?GESN is expected to be minimized
by making V Jqgesn €qual to zero. Therefore, employing F
in (15) approaching zero to estimate the parameters importance
is inappropriate. To avoid this issue, a small perturbation coef-
ficient ¢ is added to (7) to obtain a modified nonzero gradient

~ T T *
VJSZGESN,MI = -0 (V5\/11) Yﬁvll + (Vi\/tl) V5\/11WM1

+ Wiy, + AV L, Va, Wiy, (16)

where ijZGESN, M, denotes the modified nonzero gradient for
mode M, 6 can be set to any value other than § = 1. The
detailed explanation for (16) is provided in section Appendix
I of the Supplementary Material.

Hence, (15) can be further formulated as

1 <VjSZGESN,/\/tl ) (VjSZGESN,MI ) i :

F = -
MTUNL FNY,
a7

Remark 3: 'When we get the optimal output weight, the FIM
derived from these gradients of (15), with each diagonal element
close to zero, is not an effective measure of output weights
importance. According to [41], the gradients directly reflect the
rate of change of the loss function. Therefore, an output label
bias is introduced in the proposed S?>GESN to obtain a nonzero
gradient. The estimated FIM in (17) with nonzero gradients are
sensitive to the historical operating modes, enabling the retention
of historical data learned knowledge and alleviating catastrophic
forgetting.

D. Recursive Form of CS* GESN Model

For more than three successive modes, the recursive form
of CS>GESN is briefly derived in this section. When datasets
Su, from mode M3 arrives, and historical mode datasets S,
and Sy, are not available, the Bayesian posterior is further
derived as

log p(0|S) = IOg p(0|SM|aSM27SM3)
= log p(Sr|0) +log p(0[Sat,;Sar,)

+ constant (18)
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where S contains datasets from three modes, i.e., Sy, S,
and S,,. After learning historical mode M; and M,, the
corresponding datasets S, and S, are discarded. Therefore,
the recursive Laplace approximation is adopted to approximate
(18).

Similar to (9), the objective function of CS?GESN for new
mode M3 is described as

Testcesn(0) = Tsicsn (0, Sat,) + Tioss (0, 03,5 Tans) -
(19)

With the successive arrival of new modes, the above derivation
can be reformulated as a more general form. For the emerging kth
(3 < k < K) mode to be learned, denoted as M, the datasets
are denoted as S, , the modeling objective is formulated as
follows:

log p(0|S) = log p(Sm,|0) +log p(8|Sa,, ..

-+ constant.

9 SMk—l)
(20)

Using recursive Laplace approximation, (20) can be can be
approximately formulated as

1
~log p(0]S) = —log p(Su,10) + (0 — Oni,)"

T, (6 — Or; ) + constant Q21
where
T, =Yy + At Frr,, k>3
T, = 2m, F gy (22)

where F »(, , denotes the FIM for mode M,_;, which can be
calculated in sequence by (17). A, , is the penalty coefficient
estimating the importance of mode M;._;. Accordingly, the
recursive form of (19) is given as

jCSZGESN(W/Vlk) = \7SZGESN (WMk?SMk)
+ x7loss (WMk 3 Wj\/lk,] 5 TMk,,l) (23)

where W7, is the output weight of CS?GESN in the previous
mode My 1. Jeaesn( W, S, ) is the objective loss of
S2GESN for mode M. Jioss(Wm,, Wiy, - La,_,) is anin-
formation loss approximating the loss sum of the historical £ — 1
modes. In the end, the implementation details of S2GESN and
CS?GESN are summarized in Algorithm1 and Algorithm?2
of the Supplementary Material.

E. Computation Complexity Analysis

Taking two available modes M; and M, as an exam-
ple, the computational complexity of the proposed method
includes three components: 1) The computational complex-
ity for the optimization of S>.GESN for the historical model
M, is O(Npyme+ ¢+ Njy e+ (N, )?); 2) the compu-
tational complexity for the estimation of FIM denoted by
F)y, for the historical mode M is O(c?); 3) the computa-
tional complexity for the optimization of CS?’GESN model
for the new mode M, is O(Nuy,mk + ¢ + ¢ + N c+
(N, )?). Meanwhile, the computational complexity for the op-
timization of mixture semisupervised graph ESN (MS?GESN)
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TABLE |
MODE PARAMETERS OF TE PROCESS

Mode G/H ratio Production level (kg/h)
M 50/50 14076
Mo 10/90 14077
M3 50/50 Maximum

is O 7 Nyyme+c + 37 Ny e+ (X Nu,)?). It
is observed that the proposed CS?’GESN does not impose a
significant increase on computational cost.

V. EXPERIMENTAL RESULTS AND DISCUSSION

To verify the effectiveness of the proposed CS*GESN, in
this section, two typical multimode industrial cases are inves-
tigated, including the Tennessee Eastman (TE) process and the
three-phase flow facility (TPFF) process. In our experiment, our
proposed CS?GESN and some baselines are listed below.

ESN: ESN, which is a supervised model only suitable for
single mode.

Continual ESN (CESN): CESN, which is a continual super-
vised model suitable for multiple successive modes.

S?ESN: S’ESN, which is a semisupervised model only suit-
able for single mode.

S?GESN: S?’GESN, which is a semisupervised model that
combines graph regularization and is only suitable for single
mode.

MS*GESN: MS2ESN, which builds a model using datasets
from all available modes.

CS?ESN: CS2ESN, which is a CSSM suitable for multiple
successive modes.

CS?GESN (Proposed:) CS>?GESN, which is a CSSM that com-
bines graph regularization and is suitable for multiple successive
modes.

The experimental schemes for the proposed CS?’GESN and
other baselines are detailed in Table AI of the Supplemen-
tary Material. Three common metrics, root-mean-squared error
(RMSE), mean absolute error (MAE), and R-square (R?), are
adopted to evaluate the modeling performance.

A. TE Process Benchmark

The TE process in [42] is first utilized to evaluate the pro-
posed CS>GESN. It includes a reactor, a stripper, a recycle
compressor, a condenser, and a separator. In this process, there
are 12 manipulated variables XMV (1-12) and 41 measured
variables XMEAS (1-41). The measured variables are further
classified into 22 continuous variables XMEAS (1-22) and 19
component variables XMEAS (23-41). To implement quality
prediction, only 22 continuous variables XMEAS (1-22) are
selected as input variables, and the component variable XMEAS
38 is chosen as the quality variable. Meanwhile, based on the
mode parameters listed in Table I, three steady operating modes,
denoted by { M, M, M3}, are simulated, with 1000 samples
collected for each mode.

In the experimental phase, for each mode, the first 500 samples
are considered the training datasets, while the remaining one
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TABLE Il

PREDICTION PERFORMANGE COMPARISON OF CS?GESN AND OTHER BASELINES FOR TE PROCESS

' Training sources LR: 5% LR: 10% LR: 20%
Scenario - Methods 1.2 and Modely MOde! 1abel Testsources pyiqp MAE  R2 RMSE MAE R2 RMSE MAE R2
ST S?GESN My A M 0.0224 00183 0.7975 0.0217 0.0176 0.8104 0.0216 0.0172 0.8132
S2 CS2GESN  Msand A B My 00531 0.0391 07772 0.0438 0.0320 0.8481 0.0444 0.0345 0.8445
S3  CS2GESN - B My 00250 0.0203 0.7493 0.0248 0.0197 0.7524 0.0246 0.0196 0.7560
S4  S2GESN Mo C Ms  0.0569 0.0448 07439 0.0490 0.0381 0.8098 0.0462 0.0370 0.8312
S5 S2GESN - c My 00327 00264 0.5705 0.0289 0.0235 0.6646 0.0307 0.0255 0.6212
S6  CS2GESN M and B D Ms 01297 0.0940 0.8095 0.1240 0.0954 0.8258 0.1403 0.1120 0.7769
S7  CS2GESN - D My 00648 0.0503 0.6684 0.0561 0.0449 07512 0.0485 0.0387 0.8143
S8  CS2GESN - D My 00305 0.0245 0.6262 0.0302 0.0246 0.6325 0.0287 0.0233 0.6682
S9  S2GESN Ms E Ms  0.1195 0.0852 0.8382 0.1055 0.0688 0.8738 0.0944 0.0699 0.8990
S10  S2GESN - E My 00702 0.0553 0.6103 0.0284 0.0227 0.6755 0.0792 0.0671 0.5041
SII S2GESN - E My 00341 0.0286 0.5318 0.0869 0.0729 0.4027 0.0372 0.0308 0.4448
SI2 MS2GESN My, My F My 00637 0.0494 0.6786 0.0539 0.0411 0.7700 0.0479 0.0364 0.8185
SI13  MS2GESN - F My 00276 0.0222 0.6944 0.0243 0.0192 0.7630 0.0256 0.0206 0.7358
S14  MS2GESN M, My, Ms G Ms  0.1807 0.1464 0.6298 0.1560 0.1276 0.7240 0.1526 0.1212 0.7361
SI5  MS2GESN - G My 0.0627 0.0466 0.6895 0.0510 0.0384 0.7942 0.0541 0.0417 0.7682
S16  MS2GESN - G My 00263 0.0212 07228 0.0282 0.0228 0.6799 0.0291 0.0229 0.6594
S17  SZESN My H My 00234 0.0184 07809 0.0237 0.0184 0.7748 0.0217 0.0172 0.8109
SIS CS?ESN  Myand H I My 00562 0.0421 07502 0.0492 0.0368 0.8086 0.0444 0.0345 0.8439
S19  CS?ESN - I My 00291 0.0237 0.6591 0.0269 0.0214 0.7093 0.0249 0.0198 0.7508
$20  S?ESN Mo I My 00575 0.0433 0.7390 0.0545 0.0419 0.7654 0.0464 0.0372 0.8299
S21  S2ESN - I My 00326 0.0265 0.5733 0.0302 0.0244 0.6344 0.0301 0.0250 0.6366
S22 CS’ESN  Mgand 1 K Ms 01347 0.0853 0.7945 0.1197 0.0858 0.8376 0.1416 0.1129 0.7728
$23  CSZESN - K My 00858 0.0713 04180 0.0738 0.0599 0.5688 0.0486 0.0388 0.8132
S24  CS2ESN - K My 00394 0.0321 03774 0.0331 0.0261 0.5600 0.0290 0.0235 0.6632
$25  S2ESN Ms L Ms  0.1396 0.0898 0.7790 0.1153 0.0808 0.8494 0.0940 0.0693 0.8999
$26  S?ESN - L My 00959 0.0798 0.2729 0.0786 0.0669 0.5110 0.0795 0.0675 0.4998
$27  S?ESN - L My 00410 0.0349 0.3255 0.0353 0.0299 0.5006 0.0370 0.0307 0.4506
$28  ESN My M My 00408 0.0329 03312 0.0286 0.0232 0.6720 0.0251 0.0206 0.7471
$29 CESN  Mjand M N Ms 00734 0.0611 05738 0.0643 0.0487 0.6735 0.0472 0.0375 0.8238
S30  CESN - N M; 00388 0.0303 0.3942 0.0356 0.0285 0.4919 0.0324 0.0261 0.5774
S31 ESN Ms 0 My 0.1031 0.0780 0.1599 0.0815 0.0625 04747 0.0661 0.0509 0.6540
$32  ESN - 0 My 00454 0.0361 0.1713 0.0444 0.0371 0.2084 0.0351 0.0287 0.5044
S33  CESN Ms & N P Ms 02300 0.1839 04002 0.1930 0.1522 0.5779 0.1598 0.1314 0.7106
S34  CESN - P My 00884 0.0670 0.3818 0.0794 0.0611 0.5016 0.0558 0.0464 0.7534
S35  CESN - P My 00402 0.0319 0.3510 0.0391 0.0309 03867 0.0375 0.0318 0.4355
S36  ESN Ms Q Ms 02751 02040 0.1422 0.1956 0.1193 0.5665 0.1748 0.1286 0.6537
$37  ESN - Q My 0.1254 0.0978 -0.2439 0.1003 0.0747 0.2037 0.0956 0.0772 0.2768
S38  ESN - Q My 00560 0.0465 -0.2613 0.0434 0.0357 0.2443 0.0438 0.0361 0.2278

# LR: The label ratio of training datasets.
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constitute the test datasets. It is noted that only a small number of
training datasets for each mode are annotated due to fast switch-
ing between modes. Consequently, three types of label ratios
(LR), i.e., 5%, 10%, and 20%, are investigated to achieve mod-
eling in scenarios with sparse labels. Through trial and error, the
relevant parameters for all methods are set identically for a fair
comparison: the input weight Wj, randomly initialized within
the range [—1, 1], the state weight W s randomly initialized
within the range [0, 1], the reservoir size ¢ = 500, the leaking
rate = 0.95, and the spectral radius » = 1.8. Subsequently, the
regularized coefficient «y of all seven models is set to 0.05, while
the balance parameter A, supporting smooth assumptions, is set
to 1073 for S*\GESN, MS*GESN, and CS*GESN. In addition,
for CESN, CS2GESN, and CS2ESN, the penalty parameter for
the FIM is set to 10%,

A total of 38 scenarios (S1-S38) are conducted for each LR in
our work. The prediction performance comparison of CS?GESN
and other methods are listed in Table II. Some key insights are
summarized as follows.

1) By comparing the modeling scenario in a single mode of
M, My, and M3, thatis, S1, S4, 59, S17, S20, S25, S28,

2)

3)

S31, and S36, it is evident that the ESN model performs
the worst. Semisupervised models, including S?GESN
and S°ESN, outperform ESN, with S?GESN showing the
best performance. The primary reason is that the sparse
label issue significantly degrades the modeling accuracy
of the supervised model, and SSL effectively alleviates it.
When the new mode M, arrives, S2GESN and S?ESN
update their model parameters using the datasets from
mode M. Observations from six scenarios (S1, S4, S5,
S17,S20, and S21) indicate that they achieve satisfactory
performance in the new mode M,. However, they suffer
from catastrophic forgetting in the historical mode M,
leading to poor prediction performance. Furthermore,
with the arrival of the new mode M3, a similar phe-
nomenon is concluded in ten scenarios (S1, S4, S9, S10,
S11, S17, S20, S25, S26, and S27), where catastrophic
forgetting of historical modes M and M occurs despite
satisfactory performance in the new mode M.

In contrast to 2), observing four scenarios (S2, S3,
S18, and S19) reveals that the proposed CS?GESN and
CS?ESN effectively mitigate catastrophic forgetting by
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TABLE IlI
COMPREHENSIVE PERFORMANCE COMPARISON OF CS?GESN, MS>GESN, CS*ESN, AND CESN FOR TE PROCESS

RMSE / MAE / R? / MAPE (%)

LR

CS2GESN MS2GESN

CS2ESN CESN

5% 0.0855 / 0.0562 / 0.9329 / 5.7288 0.1115 /0.0714 / 0.8860 / 6.8553 0.0949 / 0.0629 / 0.9173 / 6.4365 0.1442 / 0.0943 / 0.8094 / 9.2824

10%
20%

0.0805 / 0.0550 / 0.9406 / 5.5801 0.0962 / 0.0629 / 0.9152 / 6.1456 0.0834 / 0.0573 / 0.9362 / 5.7387 0.1226 / 0.0814 / 0.8622 / 8.0408
0.0873 / 0.0580 / 0.9301 / 5.6660 0.0950 / 0.0619 / 0.9173 / 6.0881 0.0880 / 0.0584 / 0.9289 / 5.7017 0.1001 / 0.0698 / 0.9081 / 6.8819

* The bold and underline value denotes the best performance, LR: The label ratio of training datasets.

retaining important knowledge from the historical mode
M. Similarly, in six scenarios (S6, S7, S8, S22, S23,
and S24), catastrophic forgetting of historical modes M,
and M, is mitigated when the new mode M3 appears.
Furthermore, CS?GESN outperforms CS?ESN due to the
effective integration of CL and SSL advantages.

4) In scenarios S28-S32, although CESN can mitigate the
catastrophic forgetting observed in ESN, it struggles to
achieve satisfactory performance due to the sparse labels
that hinder accurate knowledge capture.

5) From the five scenarios (S12-S16), it can be seen that
although MS?GESN does not forget much about the his-
torical modes, it is difficult to achieve satisfactory perfor-
mance for all modes. Specifically, the MS?GESN model
may be influenced by distribution differences between
modes, hindering its ability to simultaneously describe
the complicated data properties of multiple modes. In
addition, training on all mode datasets when a new mode
arrives is not an ideal solution, as it can lead to a data
storage burden.

In summary, from Table II, when SSL and CL are separately
applied to the S9-S11 scenarios and the S33-S35 scenarios,
neither of them supports the unified modeling objective of aggre-
gating the incomplete process dynamics of the modes, and thus
it is difficult to obtain satisfactory performance. In the scenarios
of S6-S8, the proposed CS?’GESN model achieves an effective
combination between SSL and CL, mitigating the negative ef-
fect of sparse labels and catastrophic forgetting across modes.
Fig. Al in the Supplementary Material displays the predicted
values and absolute errors for CS?GESN, MS?>GESN, CS?ESN,
and CESN, using 5% labeled training samples. Furthermore,
comprehensive prediction performance across all modes is pre-
sented in Table III, showing that CS?GESN is the best in all
scenarios.

B. TPFF Process

The TPFF process [43], which aims to supply a controlled
flow rate of water, oil, and air to a pressurized facility, is an
industrial system from Cranfield University. It can operate in
different modes by adjusting two manipulated variables, i.e., the
ariflow rate and the waterflow rate. Fig. A2 of the Supplementary
Material includes a gas—liquid separator, a three-phase sepa-
rator (TPS), numerous coalesces, and storage tanks connected
by pipelines of different specifications and geometries. In this
process, 16 process variables are chosen as inputs and the TPS
pressure is chosen as the quality variable. A detailed description

TABLE IV
SETTINGS FOR MODE PARAMETERS

Mode types ~ Water flow (Kg/s) — Air flow (m®/s) ~ Sample size
Mi 2 0.0208 1000
Ma 1 0.0347 700
M3 2 0.0417 800

of the chosen process variables can be found in the work of [43].
In this case, we only investigate three steady operating modes,
denoted as { M, M,, M3}, with the corresponding parameters
listed in Table IV. There are 1000, 700, and 800 samples for M,
M, and M3, respectively.

In the experimental phase, the former 400 sample points in
each mode serve as the training datasets, and the remaining
samples constitute the test datasets. Given that the study in [43]
provided high-quality datasets with different data distributions,
the datasets are normalized first. Three types of LR, i.e., 5%,
10%, and 20%, are investigated to evaluate the proposed model
under sparse label scenarios. Through trial and error, the rel-
evant parameters for all methods are set identically for a fair
comparison: the input weight Wj, randomly initialized within
the range [—1, 1], the state weight W, randomly initialized
within the range [0, 1], the size of reservoir ¢ = 1500, the leaking
rate o« = 0.95, and the spectral radius = 1.8. Subsequently, the
regularized coefficient 7y of all seven models is set to 0.05, while
the balance coefficient A, supporting smooth assumptions, is set
to 1073 for S*\GESN, MS?GESN, and CS*GESN. In addition,
for CESN, CS2GESN, and CS?ESN, the penalty coefficient for
the FIM is 10°.

The prediction performance comparison of CS?’GESN and
other baselines is listed in Table V. Several key insights are
summarized below.

1) CS’GESN consistently outperforms other baselines,
showing lower RMSE and MAE values and higher R?
values. For instance, in scenario S2 of 5% LR, CS2GESN
has an RMSE of 1.6063, an MAE of 1.3002, and an R? of
0.7503, outperforming both S’GESN in scenario S4 and
MS?GESN in scenario S12.

2) Compared to four scenarios (S3, S5, S21, and S32),
CS?GESN performs better than S’GESN, S?ESN, and
ESN, effectively alleviating the catastrophic forgetting
for historical mode. In addition, as observed in three
scenarios (S3, S19, and S30), CS’GESN performs bet-
ter than CS?’ESN and CESN. This implies that ac-
curate extraction of valuable knowledge information
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TABLE V
PREDICTION PERFORMANCE COMPARISON OF CS?>GESN AND OTHER BASELINES FOR TPFF PROCESS

' Training sources LR: 5% LR: 10% LR: 20%
Scenario  Methods (Data and Model) Model label Test sources RMSE ~MAE R2 RMSE MAE 2 RMSE MAE R2
(x10%) (x10™) (x10%) (x10™) (x10%) (x10%)
S1 S?2GESN My A My 2.0951 1.7337 0.5587 2.0663 1.6991 0.5707 1.8390 1.5118 0.6600
S2 CS2GESN Mo & A B Ma 1.6063 1.3002 0.7503 1.5525 1.2981 0.7668 1.4181 1.1787 0.8054
S3 CS2GESN - B My 1.8579 1.5382 0.6530 1.7135 1.3490 0.7048 1.6930 1.3910 0.7119
S4 S2GESN Mg C Mo 1.8921 1.5573 0.6536 1.7809 1.4654 0.0.6931 1.5164 1.2391 0.7775
S5 S2GESN - C My 22929 1.8689 0.4715 2.1494 1.7736 0.5355 2.0954 1.7662 0.5586
S6 CS2GESN M3 & B D M3 6.4252 5.1032 0.6006 5.5783 4.1910 0.6990 4.9750 3.8282 0.7606
S7 CS2GESN - D Mg 1.5419 1.2487 0.7700 1.3446 1.1163 0.8251 1.5098 1.2178 0.7795
S8 CS2GESN - D My 1.8265 1.5288 0.6646 1.7687 1.4716 0.6855 1.9900 1.6312 0.6019
S9 S2GESN M3 E M3 44146 3.4730 0.8115 4.5120 3.4434 0.8030 3.9827 3.0875 0.8465
S10 S2GESN - E Ma 2.0519 1.6729 0.5926 2.0645 1.7050 0.5876 2.1314 1.7453 0.5604
S11 S2GESN - E My 2.8600 2.3582 0.1777 2.7477 2.2548 0.2409 2.8325 23018 0.1934
S12  MS2GESN My, Ms F Ma 1.7026 1.4060 0.7195 1.4610 1.2302 0.7935 1.4816 1.2479 0.7876
S13  MS2GESN - F My 1.8573 1.5624 0.6532 1.8418 1.5379 0.6589 1.5928 1.3295 0.7449
S14  MS?GESN M1, Ma, M3 G M3 6.6019 4.7094 0.5783 7.6255 5.4003 0.4375 7.1108 5.0207 0.5108
S15  MS2GESN - G Ma 1.4682 1.2168 0.7914 1.4344 1.2096 0.8009 1.4192 1.1668 0.8051
S16  MS2?GESN - G My 1.7847 1.4865 0.6798 1.7336 1.4443 0.6979 1.4990 1.2318 0.7741
S17 S2ESN My H My 2.2528 1.8632 0.4898 2.0924 1.7209 0.5598 1.8369 1.5103 0.6608
S18 CS2ESN Mo & H 1 Ma 1.7778 1.4285 0.6942 1.6906 1.4092 0.7235 1.4403 1.1961 0.7993
S19 CS2ESN - 1 My 2.0081 1.6589 0.5946 1.9096 1.5628 0.6334 1.8122 1.4614 0.6698
S20 S2ESN Ma J Mg 1.9137 1.5674 0.6457 1.7357 1.4481 0.7085 1.5145 1.2395 0.7781
S21 S2ESN - J My 24216 19705 04104 22976 19118 0.4693 2.0928 1.7648 0.5597
S22 CS?ESN M3z and T K M3 6.5030 5.2751 0.5909 6.1185 4.3824 0.6378 5.4016 4.0023 0.7177
S23 CS2ESN - K Ma 1.5659 1.2576 0.7627 1.4578 1.2021 0.7944 1.6364 1.3287 0.7409
S24 CS2ESN - K My 1.8380 1.5335 0.6604 1.7598 1.4594 0.6886 1.9981 1.6306 0.5986
S25 S2ESN M3 L M3 45768 3.6174 0.7973 4.5325 3.4717 0.8013 3.9767 3.0826 0.8470
S26 S2ESN - L Ma 2.0700 1.6879 0.5854 2.0702 1.6957 0.5853 2.1325 1.7450 0.5600
S27 S2ESN - L My 29188 2.4069 0.1435 2.8113 2.3091 0.2054 2.8375 2.3056 0.1905
S28 ESN My M My 27674 22394 0.2300 2.0097 1.7609 0.5567 1.8095 1.4943 0.6708
S29 CESN Mo and M N Ma 24011 1.8759 0.4422 1.8851 1.5427 0.6561 1.5989 1.3141 0.7526
S30 CESN - N My 27686 2.2453 0.2293 2.1553 1.8123 0.5330 2.0246 1.6445 0.5879
S31 ESN Ma (0] Mo 2.5551 2.2378 0.3683 2.1046 1.7567 0.5714 1.8900 1.5463 0.6544
S32 ESN - (0] My 29775 2.4062 0.1087 2.7540 2.2745 0.2375 29218 24165 0.1417
S33 CESN M3 &N P M3 9.1038 7.1538 0.1982 7.0592 5.1668 0.5179 6.7314 4.4988 0.5616
S34 CESN - P Ma 1.9493 1.5208 0.6324 1.7373 1.4141 0.7080 1.5817 1.3004 0.7579
S35 CESN - P My 2.2940 19139 04709 2.0799 1.7450 0.5651 2.0772 1.7345 0.5662
S36 ESN Ms Q M3 9.2435 7.6942 0.1734 7.2773 5.5926 0.4876 7.1393 4.8967 0.5069
S37 ESN - Q Ma 2.5280 1.9887 0.3816 2.3364 1.8892 0.4718 2.2667 1.8613 0.5028
S38 ESN - Q My 4.1800 3.5098 -0.7567 2.8715 2.3331 0.1710 2.8840 2.3536 0.1637
# LR: The label ratio of training datasets.
TABLE VI

COMPREHENSIVE PERFORMANCE COMPARISON OF CS?GESN, MS?>GESN, CS?ESN, anD CESN FOR TPFF PROCESS

RMSE (x10%) / MAE (x10%) / R? / MAPE (%)

LR

CS2GESN MS2GESN

CS2ESN CESN

5% 3.8459 / 2.5640 / 0.6262 / 0.2569 3.9215/ 2.4159 / 0.6114 / 0.2424 3.8907 / 2.6211 / 0.6175 / 0.2627 5.3672 / 3.4355 / 0.2721 / 0.3441
10% 3.3816 / 2.2263 / 0.7110 / 0.2232 4.4445 / 2.6074 / 0.5008 / 0.2612 3.6658 / 2.2994 / 0.6604 / 0.2304 4.2457 / 2.7215 / 0.5445 / 0.2726
20% 3.1574 / 2.2118 / 0.7481 / 0.2218 4.1304 / 2.3826 / 0.5689 / 0.2389 3.3820 / 2.2906 / 0.7110 / 0.2296 4.0633 / 2.4849 / 0.5828 / 0.2490

* The bold and underline value denotes the best performance, LR: The label ratio of training datasets.

from unlabeled datasets can help mitigate catastrophic
forgetting.

3) It is clear from 11 scenarios (S28-S38), that CESN and
ESN exhibit poorer performance with higher RMSE and
MAE values and lower R? values in most scenarios. For
example, in S32 with 5% LR, ESN has an RMSE of
2.9775,an MAE of 2.4062, and an R 0f 0.1087. Although
CESN alleviates the catastrophic forgetting of ESN, their
modeling performance is not ideal owing to the issue of
sparse labels.

4)

5)

As observed in five scenarios (S12-S16), it is evident
that MS?GESN struggles the most, exhibiting high errors
and low overall performance. The primary reason is that
MS2GESN cannot adequately describe the complex data
properties of multiple modes. In addition, it is not suitable
for practical situations due to a data storage burden.

More importantly, in three scenarios (S11, S27, and
$38), S’GESN, SESN, and ESN do not perform very
well against the historical mode M. The primary rea-
son is the significant difference between mode M3 and
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historical mode M. This further demonstrates that while
preserving important knowledge from the historical mode
M, the performance of CS?GESN in S6, CS?ESN in
S22, and CESN in S33 is not ideal in the new mode
M ;. However, CS>GESN still exhibits the best among
them.

In the Supplementary Material, Fig. A3 presents the pre-
dicted values and corresponding absolute errors of the proposed
CS2GESN compared to other approaches, including MS>?GESN,
CS?ESN, and CESN, with 5% labeled training samples. Subse-
quently, these four models are utilized to predict all modes under
three LR simultaneously, and their comprehensive prediction
performance are listed in Table VI. It is clear that the proposed
CS’GESN exhibits superior performance for multimode pro-
cesses with sparse labels.

V. CONCLUSION

In this article, we have developed the CS?GESN for online
prediction of product quality in multimode processes, where
each mode arrives successively with sparse labels. Unlike con-
ventional modeling approaches, the proposed CS?’GESN has
CL capabilities that alleviate the issue of catastrophic forgetting
when updating mode parameters for a new mode, aligning well
with practical demands. Meanwhile, a SSL technique is com-
bined to extract the valuable information of unlabeled samples
for each single mode with sparse labels, which not only im-
proves modeling performance within each single mode but also
strengthens the retention of key parameters across all modes,
further alleviating catastrophic forgetting. The comprehensive
experimental results of the TE and TPFF processes have verified
the effectiveness of the proposed CS>?GESN model, achieving a
more flexible solution for multimode processes.

In the future, we will make improvements in the following
two aspects: 1) EWC-based CL methods still have a learning
bottleneck despite their low computational complexity, and it is
crucial to investigate more advanced CL strategies; 2) we will
explore effective combination of SSL with CL to enable mutual
promotion in noisy environments.
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