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Abstract—Online continual learning (CL) is beneficial for
learning incrementally from continuous data streams without
forgetting previously learned knowledge. However, current online
CL approaches have overlooked the time cost of online data col-
lection and model adaptation, resulting in a high-latency service
response, especially in high-velocity non-stationary data streams.
In this work, we aim to realize latency-aware online CL for
non-stationary data streams, and propose a two-stage time-scale
optimization for online data collection and model adaptation. In
the first stage with uncertain data arrivals, we propose an optimal
stopping algorithm with a logarithmic regret bound to make an
irrevocable decision on when to stop data collection. To minimize
the training time of model adaptation for stability-plasticity
trade-off in the second stage, we introduce a bidirectional data
selection algorithm with a logarithmic approximation, to greedily
determine which samples to select from both newly collected
data and the previous ones. Extensive evaluations demonstrate
that our proposed approach consistently outperforms the-state-
of-art solutions, improving the accuracy by 16.8% on average
and reducing the latency by up to 6.2 times.

Index Terms—Online Continual Learning, Latency, Stability
and Plasticity, Non-stationary Data Streams

I. INTRODUCTION

There is an increasing demand to provide machine learning
models as a service to support time-sensitive intelligent appli-
cations, e.g., real-time person identification through surveil-
lance cameras [1], object detection with unmanned aerial
vehicles (UAV) [2] and traffic light detection for autonomous
vehicles [3]. The prevalence of non-stationary data streams in
these online applications poses great challenge for its service
performance guarantee. To enhance performance for online
service provisioning, the machine learning model should be
upgraded to adapt to new arriving data samples. Consequently,
it is essential and imperative to learn incrementally from non-
stationary data streams under a latency constraint.

Online CL has gained increasing attention for its ability to
learn incrementally from data streams, by enabling frequent
model retraining to adapt to new arriving data samples, while
not forgetting the previously learned knowledge [4]-[6]. A
majority of online CL approaches have been proposed to
overcome catastrophic forgetting, including experience replay
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based on gradient diversity [7], shapley values [8], and mutual
information [5]. However, existing works only focused on how
to realize stability-plasticity trade-off during the learning pro-
cess, while often overlooking the low-latency requirements of
online service provisioning. As demonstrated in computation-
ally budgeted CL [9], the existing CL approaches, including
distillation [10], sampling [7], FC layers correction [11] and
model expansions [12], fail to have good model performance
in a latency-constraint setting. Therefore, it is challenging
to realize online CL for non-stationary data streams with
performance guarantee under a strict latency constraint of
response time.

The latency of learning incrementally from non-stationary
data streams comprises two components: the waiting time due
to online data collection and the training time required for
model adaptation. However, the existing online CL approaches
neglect the waiting time of online data collection, and regard
data samples arriving at once for model adaptation, without
exploring the impact of data collection in online CL. Although
some works take into account the training time of model
adaptation, they still relied on outdated models for online
service provisioning, resulting in subpar model performance
[13]. Furthermore, most approaches neglected the conflict
between the waiting time of online data collection and the
training time of model adaptation, leading to high-latency
service responses, especially for high-velocity data streams. To
achieve latency-aware online CL, it is crucial to determine both
the waiting time for online data collection and the training time
for model adaptation, thereby balancing model performance
and response latency.

In this work, we focus on the latency-aware online CL for
non-stationary data streams, and formulate it as a two-stage
time-scale optimization problem. In the first stage, we need to
determine an appropriate-sized time window to perform online
data collection, ensuring that the collected data samples are
effective enough for the subsequent model adaptation, while
minimizing the waiting time of online data collection. In the
second stage, we aim to conduct efficient and effective data
selection both on the newly collected data samples and the
historical stored data samples, to make the trade-off between
model accuracy and training time. However, solving this two-
stage time-scale optimization problem presents two significant
challenges. First, without the information of future arrival data,
it is hard to make the optimal decision on the online data
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collection. Furthermore, due to the non-stationarity of data
streams, new arriving data samples evolve over time, making
it harder to predict their underlying distribution, and decide
when to stop the data collection. Second, performing data
selection on both newly collected data samples and previously
stored data samples to achieve a stability-plasticity trade-
off is challenging under the strict time constraints of model
adaptation. Compared to selecting data samples for replay
solely from previously stored dataset, the bidirectional data
selection is more challenging due to the conflict between the
stability on previous data samples and the plasticity on new
ones. Moreover, the coupling between the model performance
and its training time with respect to the quality and quantity of
data samples makes it difficult to identify an efficient coreset.

To address the first challenge, we formulate the problem

as an optimal stopping problem with a Markov process to
capture the non-stationarity of data streams. At each time
step, an irrevocable decision must be conducted on whether to
continue collecting data or to stop. Continuously interacting
with non-stationary data streams can learn the shifting pattern
of the non-stationarity of data streams, but would increase
the waiting time. By using information entropy to measure
the diversity of newly collected data samples as the reward
feedback for online data collection, we introduce an optimal
stopping algorithm with a logarithmic regret upper bound. As
for the second challenge, to achieve stability-plasticity trade-
off, we minimize the gradient discrepancy computed from
the selected data samples and the full ones to improve its
plasticity, and control the gradient angle computed from the
data samples selected from new dataset and the ones selected
from previous dataset to prevent catastrophic forgetting. To
avoid the extensive computation of gradients, we approximate
the differences between gradients by bounding them with
the differences among data samples. We further divide the
data selection on newly collected data samples and previously
accumulated ones separately, and propose a bidirectional data
selection strategy to start data selection on the new dataset,
and then followed by the previous ones. For theoretical anal-
ysis, we leverage the submodular optimization and utilize a
straightforward greedy approach to find the efficient solution
with a logarithmic approximation.

Our contributions in this work are summarized as follows.

o In this work, we focus on the latency of learning in-
crementally from non-stationary data streams, by con-
sidering the time cost of online data collection and
model adaptation, and propose a two-stage time-scale
optimization approach for latency-aware online CL.

o In the first stage with uncertain data arrivals, we utilize
information entropy to characterize data diversity, and
propose an optimal stopping algorithm with a logarithmic
regret bound to make an irrevocable decision on when to
stop online data collection.

o To minimize the training time of model adaptation for
stability-plasticity trade-off in the second stage, we in-
troduce a bidirectional data selection algorithm with a
logarithmic approximation, to greedily determine which

samples to select from both newly collected data and the
previous ones.

« Extensive evaluations demonstrate that our proposed ap-
proach consistently outperforms the-state-of-art solutions,
improving the accuracy by 16.8% on average and reduc-
ing the response latency by up to 6.2 times.

II. PRELIMINARIES
A. Non-Stationary Data Streams

In non-stationary data streams, data samples arrive in se-
quence over time steps 7. At every time step ¢t € {1,2,...,T},
the current data samples (z,y:) ~ D; consist of an input
feature x; € X and its corresponding label y; € ), where D,
represents the data distribution. In order to characterize the
distribution change of data streams, we adopt a Markov pro-
cess {Dy,t > 1} with state space D and transition probability
matrix P, which can be described as follows:

Pt(di,dj) :P(Dt+1 Zdi|Dt:dj),Vdi,dj ED7 (D)

where P*(d;,d;) is the conditional probability of changing
from the distribution d; at time step ¢ to the distribution d; at
time step ¢ + 1. Therefore, given the initial data distribution
D; and the transition probabilities {P*}! _, we can describe
the distribution of data samples at next time step:

t
Dyp1 =D, Pt =Dy H Pk, )
k=1

We leverage the conditional probability of the new data
distribution at the next time step to characterize the non-
stationarity of data streams. If the probability of the new
data distribution at the next time step is high, it indicates a
high level of non-stationarity, otherwise with a low-level one.
Consequently, we can characterize the non-stationarity of data

streams as follows:

P!'(Dit1 ¢ {Dithmi {Drthmt) = 0, 3)

where « is a hyperparameter over the level of non-stationarity.
Control over « enables exploring continuous data streams with
different levels of non-stationarity.

B. Latency-aware Online CL

We adopt latency-aware online CL paradigm that employs a
pipeline for online data collection and model adaptation with
multiple rounds, as illustrated in Figure 1. In the ¢-th round,
the latency L; of online CL comprises two parts: the waiting
time w; of the i-th online data collection and the training time
7; of the i-th model adaptation, e.g., L; = w; + ;. After
collecting enough new arriving data samples, we assume that
the 7-th model adaptation starts at the time step s;. The waiting
time of the ¢-th online data collection is defined as the interval
between the (i — 1)-th model adaptation and the i-th one, e.g.,
w; = 8; — S;—1. The training time of the ¢-th model adaptation
is modeled linearly as f(-) with respect to the number of data
samples /C; utilized for model adaptation [14], i.e.,

7 = [(Ki) = 6(|Ki]) + ¢, 4
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Fig. 1. The illustration of latency-aware online CL.

where x and ( are algorithm-specific parameters.

To effectively learn from non-stationary data streams, online
CL needs to perform continuous model adaptation to new
data samples. Let B; be the newly collected data samples
between the (i — 1)-th and i-th model adaptation, e.g., B; =
{(xe,y1)]8i-1 <t < s;},and C; = {Bj}j;ll be the previously
accumulated ones. In the ¢-th model adaptation, we seek to
learn a model 6; that maps the input x; € X to the label
y; € V. The objective of online CL is to adapt to the current
data distribution while not forgetting the previous knowledge:

1
Li(B;,C;) *ﬁ Z l(zt,yfﬁ:)
(ze,ye)EB
N )
A l 97, )
|C ‘ Z (xtvyh )
(z¢,y¢)€C;
where [ indicates any standard loss function (e.g., cross-

entropy loss), and A is the regularization weight.

C. Problem Formulation

To realize low-latency online CL for non-stationary data
streams with performance guarantee, it is essential to deter-
mine the time step s; to start model adaptation and a dataset
K; C B; UC; as training data for the trade-off between the
model performance £; and response latency L;. Therefore,
the optimization problem for latency-aware online CL can be
formulated as follows:

min £;(B;, C;) +vLi(si, Ki), (6)
where 7 is the regularization weight, and L; denotes the
function of response latency.

Considering the conflicts between data collection and model
adaptation, we first decompose the optimization problem in
Eq. (6), and then reformulate it as a two-stage time-scale
optimization problem. In the first stage, we want to maximize
the information diversity of the collected data samples, while
minimizing its waiting time. Thus, the time optimization
problem in the first stage can be formulated as:

s; = argmax H({(zy, yo)|sio1 <t < si}) —pwi, (1)
where H ({(x¢,y1)|si—1 < t < s;}) is the information entropy
of the collected data samples, and p is the regularization
weight. In the second stage, we would minimize the loss

function and the training time of model adaptation by selecting
the data samples /C;. To adapt to new data samples without
catastrophic forgetting, we divide the data samples /C; into two
parts: the coreset selected from newly collected data samples
M; C B; and the one from previously accumulated data
samples N; C C;, e.g., K; = M; UN;. Consequently, the
optimization problem in the second stage can be described as:

MG N = arg min, £i(B;, Ci) + 7. (8)

III. TWO-STAGE TIME-SCALE OPTIMIZATION

In this section, we first develop an optimal stopping algo-
rithm to address the online data collection problem in the first
stage. Subsequently, we introduce a bidirectional data selection
algorithm to achieve efficient data selection in the second
stage. We then present a comprehensive two-stage time-scale
optimization algorithm across multiple rounds, and provide its
convergence analysis along with performance guarantees.

A. Stage I: Online Data Collection

In the first stage, we need to determine a stopping time s;
for the ¢-th online data collection. Our goal for this stage is to
maximize the accuracy of the updated model on both the newly
emerging data samples and existing ones, while minimizing
the waiting time required for the data collection process.
Considering that the accuracy of the updated model cannot
be obtained in advance, we leverage information entropy as a
substitute metric to evaluate the efficiency of the collected
data samples. Higher information entropy implies that the
collected data samples are more valuable for model retraining
to improve its plasticity. Specifically, we model the online data
collection process as a discrete-time, infinite-horizon optimal
stopping problem. At each time step ¢t € {s;,_1, -+, T}, we
can choose to stop the data collection process, or continue
with the increasing waiting time. We explicitly compute the
information entropy of the collected data samples with its label
categories. The category state space is C' = {c1,¢2,  ,¢n}
and its labels y € C. Consequently, we aim to maximize the
information entropy of the collected data samples minus its
waiting time by re-writing the objective in Eq. (7) as:

max (= D" py., (@) logpy, (€) =i+ (s = i) ), )

ceC

where Y, = {ys,_,, " ,Ys, } is the label set of the collected
dataset, and py, (c) means its probability of each label.
Considering that the arriving data sample adheres to a
Markov process, we can utilize the Markov Decision Process
to solve this optimal stopping problem. To maximize Eq. (9),
we treat the reward brought by each newly collected data y,
as the increase in information entropy along with the time
penalty. The decision to continue collecting new data samples
yields the corresponding reward, while the decision to stop
has no impact on the reward. However, the entropy increment
of a newly collected data sample cannot be determined solely
by itself; it necessitates the entire dataset Ys,. By viewing Y,
as the corresponding state of the new data sample at next time
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step, directly calculating its entropy increment and reward may
lead to an excessively large sample space. For efficient model
retraining, we approximate the entropy increment by using the
I nearest samples to the new ones, instead of the entire dataset
Y,,. With the assumption that the distribution of the [ data
samples mirrors that of Yj,, the sign of the entropy increment
is identical. Formally, we define the state space, action space,
and rewards of this optimization problem as follows:

o State S: Sy = {ye—i+1,Yt—142, - Yty €S.
o Action A: A = {stop, continue}.

e Reward R: R(St) =l + H(St) — H(St_l).

Due to the data distribution shift conforming to the Markov
property, the state transition here also adheres to a Markov
process. Given the state transition probability Ps, s, from the
state .S; to the another one S;, we can calculate the maximum
expected future reward Q*(S;) obtained by taking the action
to continue in state .S;,

Q*(St) =R(Si) + Y Ps,s,., max{Q*(Si+1),0}. (10)
Si+1€S

Correspondingly, adopting the action to stop yields a future
reward that is perpetually 0. Thus, the optimal policy 7 : S —
A can be defined by

if @*(S:) <0
otherwise.

stop,
a* (St) _ { P
continue,

We learn the unknown state transition probabilities from the
non-stationary environment of data streams. According to the
Bellman equation, the widely utilized approach for updating
the Q-function is

Q(St) + (1= B)Q(Se) + BR(S:) + oV (Si41)],

where V(S:4+1) = max{Q(S¢+1),0}.

We solve the optimal stopping problem through Algo-
rithm 1. We begin by continuously collecting ! data samples
to form S; (Line 2). Subsequently, for each newly collected
data samples, we determine whether to stop using the Q-
value and the optimal policy n* (Line 4). If we decide to
stop (a = 0), the stopping time is returned. Otherwise, we
compute the subsequent state along with the entropy increment
and the associated waiting time introduced by the new sample
collection (Line 6-7). Ultimately, we update the Q-value based
on Eq. (12). To reduce the regret of the optimal stopping
problem algorithm, we implement the UCB-Hoeffding algo-
rithm to refine the updates made to the Q-values [15]-[17]. In
contrast to Eq. (12), an additional term b has been incorporated
into the update of the Q-function (Line 10), which serves
as a confidence bonus reflecting the algorithm’s confidence
level regarding the currently explored Q value. Specifically,
according to the UCB algorithm, we define the bonus term b:

4v2
=13

11

12)

H1og(2ST(N(S;) + 1)(N(Sy) + 2))
N(S)

13)

Algorithm 1: Optimal Stopping Algorithm

Input: State space size S, the length of data streams
T, discount factor ¢, learning rate 3.
Output: The stopping time ¢.
1 Initialize Q(S),Q(S) + 25, N(S) + 0;
2 S ={y1,y2,,up a Lt
3 while a # 0 do

4 a < 7*(Sy);

5 if a =1 then

6 Spr1 = S \{ye—1} U{yer

7 R(Si11) < H(Si1) = H(Se) —

8 N(S;) « N(Sy) + 1;

9 V (Siz1) < max{Q(S;11),0};

10 Q(St) « (1 - B)Q(S:) N

1 +B[R(S) + b+ ¢V (Sir1)]s

2| | Q) min{Q(s).Q 50 };

13 B t+—t+1;

14 return t.

where H <+ W is a constant with hyperparameters
0, and the learning rate § <+ MHTTS” diminishes progres-

sively with the accumulation of learning epochs N (.S;). For
Algorithm 1, we can prove that the upper bound of its regret

is less than @ (log 28T ) [15].

(1-9)
B. Stage II: Bidirectional Data Selection

In the second stage, given the newly collected dataset B; and
the previous one C;, we aim to solve the optimization problem
presented in Eq. (8) for the optimal M} C B; and N C C,,
to minimize the training time of the i-th model adaptation,
e.g., 7;, while adapting to new arriving data samples without
forgetting previous ones, e.g., £;. The i-th model adaptation
with stochastic gradient descent can be described as follows:

0; = 0i1 — n(vi + vi),
Vi = RG] Dergnem, V@Y 0io1),
v = ﬁZ(m,yt)EM Vl(xt,yﬁei—l)’

(14)

where ; represents the average gradient computed from the
data samples in M;, and v; is the average gradient computed
from the ones in N, respectively. Similarly, we define T'; and
T, as the full average gradients for the newly collected data
samples 53; and the previously accumulated ones C;, e.g.,

s = 37 X (e yoren; Vi@ i 0i1),
T, = ﬁ Z(whyt)eci VZ(JTt,yt; 91_1)'

To maximize the generalization capability of the updated
model 6; across all accumulated data samples {13; };'-:1, it is
essential to minimize the gradient discrepancy between the
selected data samples and the corresponding whole ones, e.g.,
lvi = T;|| and ||v; — Y;||. Additionally, to adapt to the current
task while preventing catastrophic forgetting [7], it is necessary

5)
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Algorithm 2: Bidirectional Data Selection Algorithm

Algorithm 3: LATE

Input: Newly collected dataset 3;, previously dataset
C;, threshold ¢, regularization weight .
Output: new coreset M;, previous coreset N;.
Mi<—®,M<—®,IM —0,Zp, <03
ICf, < Zxkeci %71-371 < Zxkglgi |:E]:| 5
/+ Current Data Selection */
while |[Zy, —Zp,|| < 175 do
Tpm,  argmaxgep\m, 9(M; U{z}) — G(M
M — M; U{zpm,} s
IMi — ZkaMi |./f/17k1| )
/* Previous Data Selection */
7 while A do
8 TN, arg maXzeC,/\M GWN; U {zx})
s.1. <I/\/17IML> > 0;
9 | NN U{zn, )
10 INiFZIkEM\ﬁ/ﬁ ;
11 return M;, N;.

[

z)

QA v s W

- G(M)

to control the gradient angle computed from new selected
data samples and previous selected ones, e.g., (y;,v;) > 0.
Consequently, the objective function of the bidirectional data
selection problem in Eq. (8) can be reformulated as follows:

MG N = argmin [M;| + NG,

16
st T £ Ao~ Tl < 6, fo) 20, OO

where the error € ensures that the sampling gradients closely
approximate the full gradients.

Solving the optimization problem in Eq. (16) is challenging
and costly due to the large combination space and the extensive
computation required for full gradients across all accumu-
lated data samples. To alleviate the extensive computation of
gradients, we approximate the differences between gradients
derived from data samples using the techniques in [18], [19]:

IVU(zi, y:56) —Vi(zj,y;:0)|| < const.||x;—z;||, Vi, 5. (17)
In this way, we can bound the difference between the gradients
v; and the full gradients I'; by the distance between the
sampling data samples M, and the full collected data samples
B;. Similarly, we can compute the similarity between the data
samples M, and the data samples N; to bound the product
of gradients from these two sampled datasets, e.g., (i, v;).
Consequently, we can reformulate the constraint conditions in
Eq. (16) as follows:

H EzkEMi |./:\E/}lcb| - ZIkEBi ‘2’?‘ S lj/\ ?
A
12 eren: % - kaec,; |§f| = 1€+)\ ) (18)

By applying triangular inequality, we can obtain an upper
bound for the approximation to the first constraint condition
in Eq. (18), and define the function G(M;) as follows:

Input: Initialized model 6y, state space size S, the
length of stream 7", discount factor ¢, learning
rate (3, threshold e, regularization weight \.

Output: i-th updated model 6;.

1+ 1,50 0;

-

2fort=1:T do
/+ Stage I: Data Collection */
3 s; + Algorithm 1(S, T, ¢, B);
4 if t == s; then
5 Bi < {zk, yrti,,
6 Ci + {Br}i)s

/* Stage II: Data Selection */
7 M, N; < Algorithm 2(B;,C;, €, \);
/+ Parallel: Model Adaptation =*/

8 ’Yi:|M|ZzyeM Vl(x y,HZ 1);
9 Ui:|N|Z(»Ly)€N Vi(z,y;0:-1);
10 0; = 01 — 1y +vi);

1 11+ 1;

12 return 6; .

Tk Xy Tk
HZ——Z—H,ZII - > ==
TREM,; Ml z,EB; |B| z €EB; B 1 TREM; |Bil

£ 2. 19

< X mu Igig —qapl #9009

z €

As for the optimization problem in Eq. (16), we can reduce
it as a set cover problem, which is NP-hard, and employ a
straightforward greedy approach to find the efficient approx-
imate solution. Specifically, given M, and B;, we greedily
select the data sample in B; but not in M, that yields the
highest gain:

max G(M; U {z}) —

zeB\M; (Ml)

(20)
Incrementally select the data samples using this greedy ap-
proach until the selected dataset M satisfies the correspond-
ing constraint condition. Similarly, we then utilize the same
strategy to obtain N;. As summarized in Algorithm 2, we
realize the bidirectional data selection by first performing data
selection on the new dataset (Line 3-6), and then followed by
the selection on the previous ones (Line 7-10).

Before presenting the performance analysis of Algorithm 2,
we first introduce the definition of submodular function, and
then prove that the function G in Eq. (19) is a submodular
function, and Algorithm 2 provides a solution with a logarith-
mic approximation in Theorem 1.

Definition 1. A set function f : 2N — R defined on a finite set
N is called a submodular function, if for every AC B C N
and every element x € N\B , the following inequality holds:

f(AU{z}) = f(A) = f(BU{z}) = f(B). (2D
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Theorem 1. The function G is a submodular function, and the
bidirectional data selection algorithm with greedy approach
provides a solution with a logarithmic approximation.

C. Algorithm Design and Analysis

In the previous sections, we introduced two algorithms for
online data collection and model adaptation within a single
round. Expanding upon these two algorithms, we have now
developed a multi-round optimization algorithm, referred to
as low-latency continual learning (LATE). LATE not only
executes online data collection and selection sequentially for a
single round, but also concurrently performs the data collection
of the next round and the model adaptation of the current
round, both of which are inherently time-sensitive tasks.

We present LATE, the online two-stage time-scale opti-
mization algorithm shown in Algorithm 3. Initially, LATE
initializes the variables ¢ and sy (Line 1), where 7 represents
the index of the current round of model adaptation, and s
denotes the initial time point. At each time step ¢, LATE
employs Algorithm 1 to determine whether to stop online data
collection (Line 3). If Algorithm 1 continues proceeding with
data collection, it runs without any return value. However,
if Algorithm 1 stops online data collection, it yields the
optimal stopping time s;. Depending on the decision in the
first stage, LATE initiates bidirectional data selection using
Algorithm 2, aiming to identify the optimal training samples
M; and N; from the newly gathered data samples B; and
the previously accumulated ones C; (Line 4-7). Following
in this manner, LATE simultaneously performs the model
adaptation and initiates the next round of data collection to
reduce the time cost. Specifically, LATE calculates gradients
for the collected and selected datasets M, and N, aggregates
these gradients, and updates the model parameters from 6;_1
to 0; (Line 8-11). Concurrently, LATE restarts the subsequent
data collection stage and reactivates Algorithm 1 to identify
the optimal time point s;4; for online data collection in the
next round, thus forming a continuous cycle of data collection
and model adaptation (back to Line 3).

Next, we provide an analysis of the convergence of LATE.
Before giving the corresponding convergence analysis, we
provide the following assumptions.

o (Lipschitz gradient) For any model parameters 6; and 6,
there exist a constant L > 0 that makes the loss gradient
VL(0;) satisfies |VL(0;) — VL(6,)|| < L||6; — 0,

o (Bound gradient variance) There exist a constant ¢, such
that E||v; — T'[|] < o, E[Jv; — T4[]] < 0, Vi.

o (Bound loss) There exist the supremum of loss gap A,
between 6 and 6*, i.e., Ay = sup L(61) — L(6%).

According to the above assumptions, we provide the conver-
gence analysis of Algorithm 3 in Theorem 2. It demonstrates
that the minimum value of the gradient produced by LATE is
bounded by the sampled gradients and converges over time.

Theorem 2. Considering the model parameter 0, collected
dataset B;, learning rate 1, bound gradient variance o and

bounded loss /\p, the iterates of LATE satisfy:

fZEuvc 0.)|* <

t=1

(22)

T
TR O (01 + @)+ Ar)

t=1

2
where ©; = %’fnvtn? + (L772 — ) v, ) e = VL0 1) -
Ve, and @y = (n — Ln?)(VL(Or—1), e) — 77<Uta€t>~

IV. PERFORMANCE EVALUATION

In this section, we first describe the experimental setup, and
then report the experimental results with overall performance
and key parameter analysis.

A. Experiment Setting

1) Datasets and Models: we utilize two different image
datasets: CIFAR100 and Tiny-ImageNet to testify the effec-
tiveness of our method. As for machine learning models, we
select two lightweight models: MobileNet V2 and ResNet18.
As for these models, the learning rate and batch size of model
retraining are 0.01 and 32, respectively. Moreover, we set the
decay factor and momentum to their default values of 0. As
for data streams, we consider class-incremental CL settings
[20], [21] by dividing the whole classes of each dataset into
different data groups with the length of data streams 7', and
configure the arrival interval for data streams to be 1s.

2) Baselines: We compare our proposed LATE with the
following classical CL methods:

o MIR, Maximally Interfered Retrieval, a memory retrieval
method that retrieves memory samples that suffer from
an increase in loss given the estimated parameters update
based on the current task [22].

o« GDUMB, Greedy Sampler and Dumb Learner, greedily
stores samples from data streams, and trains a model from
scratch using samples only in the memory [23].

o AGEM, Averaged Gradient Episodic Memory, a memory-
based method that utilizes the samples in the memory
buffer to constrain the parameter updates [24].

3) Metrics: We evaluate the performance of LATE by using

the following two metrics:

o Average Accuracy: We use Af(x¢,y:;0) to denote the
prediction accuracy of predictor § where z; is the input
feature, y; is the truth label and ¢ is the time step.
The average accuracy at the end of data streams can be
measured as follows:

1z
A(T) = = ; Ay ). (23)
o Response Latency: We compute the waiting time w; of
the ¢-th online data collection and the training time 7; of
the ¢-the model adaptation, and add these two time cost
as its response latency:

1 T
:Tth:wt+Tt.
t=1

(24)
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Fig. 2. The performance comparison of four CL approaches: (a) Accuray of MobileNet V2 on CIFAR100; (b) Accuracy of ResNet18 on Tiny-ImageNet; (c)
Latency of MobileNet V2 on CIFAR100; (d) Latency of ResNet18 on Tiny-ImageNet.
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Fig. 4. (a) The impact of € on accuracy; (b) The impact of € on latency; (c) The impact of 7" on accuracy and latency; (d) The frequency of model adaptation.

B. Overall Performance

Figure 2 illustrates the average accuracy and response
latency of four different CL methods with time steps 7' = 20.
Figure 2(a) depicts the average accuracy of MobileNet V2
on the dataset CIFAR100, showing that the average accuracy
of these four CL methods decreases over time steps. At time
steps T' = 20, it is evident that LATE outperforms other CL
methods with a 21% performance improvement. The main
reason for this phenomenon is that LATE performs online
data collection and selects valuable samples from both the
newly accumulated dataset and previous ones. The proposed
LATE enhances its plasticity without catastrophic forgetting,
making it more efficient compared to other CL methods. To
further validate this result in a more persuasive manner, we
conducted additional experiments using ResNet18 on the Tiny-
ImageNet dataset. As shown in Figure 2(b), the results confirm
the same conclusion: LATE outperforms the other CL methods
with an 11% improvement in average accuracy. Figure 2(c)
plots the response latency of MobileNet V2 on the dataset
CIFAR100, demonstrating that the response latency of these

four CL methods increases over time steps. At time step
T = 20, it is observed that MIR has the highest response
latency at approximately 55 seconds, while LATE has the
lowest response latency at around 8 seconds. Consequently,
without frequent model adaptation to avoid data congestion,
LATE outperforms the other CL methods with an average ac-
celeration of 2.5 times. Similarly, as shown in Figure 2(d), we
further validate the response latency of these four CL methods
by using ResNetl8 on the Tiny-ImageNet dataset. Although
the response latency on ResNetl1S8 is relatively high compared
to the lightweight model MobileNet V2, the acceleration in
response latency is up to 7.5 times between LATE and the
other CL methods, further demonstrating the superiority and
robustness of LATE.

C. Key Parameter Analysis

Impact of «. In figure 3, we explore the impact of non-
stationarity of data streams on the average accuracy and
response latency of these four CL methods. Figure 3(a) plots
the average accuracy of MobileNet V2 on the CIFAR-100
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dataset with four different values of a. It is evident that
the average accuracy of these four CL methods is higher
in scenarios with low-degree non-stationarity data streams.
Regardless of whether the non-stationarity is high or low,
LATE consistently demonstrates superior model performance
compared to the other CL methods. Similarly, we can obtain
the same conclusion by further using ResNet18 on the Tiny-
ImageNet dataset shown in Figure 3(b). Figure 3(c) plots the
response latency of MobileNet V2 on the dataset CIFAR100
with different value of «, and we find that the response latency
of LATE increases with the value of «, whereas the response
time of other methods does not show a direct correlation with
the non-stationarity of data streams. This indicates that only
the LATE method optimizes for different non-stationarity of
data streams, demonstrating higher adaptability compared to
the other three CL methods. Moreover, LATE has shortest
response time comparing to other CL methods, and can be
further validated in Figure 3(d) with more experiment by
utilizing ResNet18 on the Tiny-ImageNet.

Impact of €. We use parameter € to control the amount of
data collection and selection. The larger the parameter value,
the less data needs to be collected and selected. In Figure
4, we investigate the impact of ¢ on the average accuracy
and response latency. Figure 4(a) shows the average accuracy
and response latency of MobileNet V2 on the CIFAR-100
dataset with different values of e. It is evident that both the
average accuracy and response latency of LATE increase as
the collected and selected data samples increase. Therefore,
LATE with e achieves the highest accuracy compared to the
other settings. Additionally, Figure 4(b) compares the response
latency of model adaptation with different values of ¢, showing
that the response latency increases with the amount of data. It
is clear that LATE exhibits the smallest response latency.

Impact of T'. We further investigate the impact of the length
of time steps on the average accuracy and response latency of
these four CL methods. Figure 4(c) shows the average accu-
racy and response latency of MobileNet V2 on the CIFAR-
100 dataset over time steps 7' = 100. It is evident that both
the average accuracy and response latency of LATE fluctuate
initially but stabilize as T" increases. Additionally, Figure 4(d)
compares the frequency of model adaptation between LATE
and the other CL methods, revealing that LATE requires fewer
adaptations. While the frequency of model adaptation for the
other CL methods increases linearly with time steps, LATE
shows a relatively slower rate of increase.

V. RELATED WORKS

Non-stationary Data Streams. Massive data streams are
continuously collected from ubiquitous end devices, and re-
quired immediate processing to satisfy the low latency require-
ments of many real-world applications [1]-[3], [25]-[27]. In
traditional continual learning scenarios, data arrives in batches,
with each batch consisting of i.i.d. samples and available in
large quantities. However, in the context of non-stationary
data streams, data arrives gradually over time, and the data
distribution also evolves with time [28], [29]. For instance, a

UAV equipped with a high-resolution camera captures images
for object detection on the fly, and the categories of these
images may undergo significant changes due to the non-
stationarity of environment [2]. To tackle the non-stationarity
of continuous data streams, machine learning model should be
retrained or replaced to adapt to new arriving data [4]-[6]. To
learn online from data streams with frequent data distribution
change, a system for enabling learning and prediction at same
time has been proposed, where a novel objective function
synchronizes the latent space with the continually evolving
prototypes [28]. However, existing works only center on how
to realize efficient model training or model selection, while
often overlooking the low-latency requirements of online ser-
vice provisioning. Consequently, it is essential and imperative
to learn incrementally from non-stationary data streams under
the latency constraint.

Online Continual Learning. Online CL is becoming a
mainstream paradigm to learn incrementally from continuous
data streams without forgetting previously learned knowledge.
The current practices to overcome catastrophic forgetting can
be identified into three main families of approaches: Reg-
ularization methods add extra terms to the loss function to
limit the model’s capacity, thereby preventing the model from
overfitting to new learning tasks [30]-[32]. Replay methods
reintroduce old data during the training process to help the
model recall old knowledge [33]-[35]. Expansion methods
increase the model’s capacity to learn new tasks while main-
taining access to old knowledge [36]-[38]. Although in an
online manner, current online CL methods are still unable to
support online service provisioning, as most of them overlook
the conflict between the waiting time of online data collection
and the training time of model adaptation. There also exist
a few works in online CL to focus on the training time of
model adaptation. In order to realize inference queries at any
time, the authors design a new memory management scheme
and learning rate scheduling strategy to adapt in online, task-
free, class-incremental of blurry task streams [39]. To evaluate
current CL methods, a new real-time evaluation in online CL
has been proposed to consider the training delay and fast
change in data distribution [13]. Although these methods can
perform model inference without any delay, the performance
of online service provisioning is subpar due to the reuse of
an older model, especially for slow-training CL methods and
high-velocity data streams with fast data distribution change.

Data Selection. Data selection refers to the process of
choosing a coreset from a large dataset, ensuring that this
selected coreset is similar to the original one. There exist
various approaches to obtain a coreset from a large dataset.
Importance sampling amplifies the loss/gradients of significant
samples based on influence functions [40]. Recently, a bilevel
optimization framework has been proposed to incorporate
cardinality constraints for coreset selection [41]. To evaluate
the importance of data, a large amount of research works
mainly focus on metrics like loss [42], gradient norm [43],
[44], uncertainty [45], [46], shapely value [47] and representa-
tiveness [48]. In continual learning, data selection is often used
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to choose the data that needs to be replayed. They select replay
samples based on loss increment [22], gradient diversity [7],
shapely values [8], mutual information [5] and other deliber-
ately designed algorithms [23], [49], [50]. However, existing
method is extremely limited in practice and inapplicable in
online service provisioning settings due to the excessive com-
putational cost incurred during model adaptation. In contrast,
our proposed approach utilizes gradients as the criterion for
data selection, and simultaneously perform data selection on
both historical and new data to reduce the time cost of online
data collection and model adaptation, which is beneficial for
learning incrementally from non-stationary data streams.

VI. CONCLUSION

In this work, we focused on the latency of learning incre-
mentally from non-stationary data streams, and have proposed
a two stage time-scale optimization approach to realize low-
latency online CL. In the first online stage with uncertain data
arrivals, we have designed an optimal stopping algorithm with
a logarithmic regret bound to make an irrevocable decision
on when to perform model adaptation. To reduce the training
time of model adaptation in the second stage, we introduced
a greedy sample selection algorithm to determine samples
to be used from both new accumulated data and previous
ones, to improve its plasticity without catastrophic forgetting.
Extensive evaluations demonstrate that our proposed approach
consistently outperforms the-state-of-art solutions, improving
the accuracy by 16.8% on average and reducing the response
latency by up to 6.2 times.

APPENDIX
A. Proof of Theorem 1

Proof. We define the function G in Eq. (19), and prove that
this function is a submodular one as following. First, given
A C M; C B; and every element x € B;\M;, we can have:
GM; U{zx il
g( {z}) — ZH\M|+1 \&I”
T €U 25
Th o (25)

Mir1 B

- rHéM H
Tl i

where U denotes the the set of data samples with the change
of the maximum value. Similarly, we can further obtain:

x
G(AU{x}) ~ ZHWH Bl
i
Zm%}ii”wﬂ |zs’|||+ Z H|A\+1_ |zs>-|||

€U

l_lze;ga;ke/\/l 2T |.A|+1 |B; |H

(26)
Due to A C M; C B;, the set of data samples with the change
of the maximum value is in A. Besides, there also exists the
other set @ in A but not in M;. Thus, we can conclude it
with G(AU {z}) — G(A) > G(M; U {z}) — G(M,). As for
the logarithmic approximation, the proof is similar to [51] and
we omit the details due to the space limit [

B. Proof of Theorem 2

Proof. Let v o= \J\lft\ Z(Il i)EN Vi(x;,y;;0;—1) and
v = |M | 2o (ar)EM; Vi(z;,yi;0:—1). Moreover, we de-
fine VL(0;—1) = \Brl (e ynyes, VUi, yi;0) and e =
VL(0;—1) — ;. In this way, we can have that £(6;) <
L(0—1)+ < VL(O—1),

L
Oy — 0,1 > +5H9t — 0| @7)

L 2
= L(0-1) = 1 < VE@O-1), 00+ % > + -l + vl
:£(9t 1)—’17<VL‘(9 )’Ut+€t>
Ln

2L, 1>||2+—||et+utu2
L
(VL) e+ vil]?) =l VLG

2
n
= IVLO-1)|” + == [lvelf?

L 2
= L) + (5]

Ly 2 2
+ THBt” + (Ln* = n)(ve,ve) — n{ve, er)
+ (n— Ln*)(VL(O:_1), es).

To analyze the convergence of the updated model, we need to
provide proof of gradient boundedness. For this purpose, we
need to transform the inequality in Eq. (27) and rewrite it as:

Li?

(n— 7)||V/~‘(9t D2 < L(0—1) — L) (28)
7||Ut||2 + 7||€t||2 + (Ln? = m){vr, )
= n{ve, e + (11— L* ) (VL(O:-1), e).-
For easy to read, we denoting ©, = LT"ZHUAP + (Ln? —

m{ve, e), Pe = (n— Ln?)(VL(O:-1), er) — n{ve, e). Taking
the expectation over the gradients V.L(0;_1), we can reformu-
late and have:

Ln
E|IVLO 1) < 20 ) lled]|*+ (29)
1
m(ﬁ(etfl) — ,C(at) + @t + q)t)

Next, we further accumulate the gradients after multiple
rounds of model retraining, and eliminate intermediate terms
using the boundedness property in Eq. (29). Thus, we can
further get the following conclusion:

T

1 Ln 2
7 2 EIVLO)|* < oz et (30)
; T35
1 T
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m
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