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Abstract

In the realm of high-frequency data streams, achieving
real-time learning within varying memory constraints is
paramount. This paper presents Ferret, a comprehensive
framework designed to enhance online accuracy of Online
Continual Learning (OCL) algorithms while dynamically
adapting to varying memory budgets. Ferret employs a fine-
grained pipeline parallelism strategy combined with an it-
erative gradient compensation algorithm, ensuring seam-
less handling of high-frequency data with minimal latency,
and effectively counteracting the challenge of stale gradi-
ents in parallel training. To adapt to varying memory bud-
gets, its automated model partitioning and pipeline plan-
ning optimizes performance regardless of memory limita-
tions. Extensive experiments across 20 benchmarks and 5
integrated OCL algorithms show Ferret’s remarkable ef-
ficiency, achieving up to 3.7x lower memory overhead
to reach the same online accuracy compared to compet-
ing methods. Furthermore, Ferret consistently outperforms
these methods across diverse memory budgets, underscor-
ing its superior adaptability. These findings position Ferret
as a premier solution for efficient and adaptive OCL frame-
work in real-time environments.

1. Introduction

Data is crucial for Machine Learning (ML), forming the ba-
sis for algorithms and models [29, 52, 74]. In real-world
applications [23, 70], data arrives in high-frequency streams
with varying distributions [51, 77]. This makes data time-
sensitive and short-lived [11, 47, 75], rendering offline-
trained models based on historical data ineffective for future
data of unknown distribution [60]. Thus, the significance of
Online Continual Learning (OCL) is growing [6, 39, 76],
as it enables learning over data streams to adapt to dynamic
data distributions in real-time.

In the literature, OCL tackles two main challenges: 1)
mitigating catastrophic forgetting [50], where the model re-

tains previously learned knowledge while acquiring new in-
formation (e.g., regularization-based [2, 9, 10, 19], replay-
based [12, 38, 67], sampling-based [3, 4, 82], others [25,
64], etc.), and 2) enhancing rapid adaptation [1 1, 47], which
involves swiftly adjusting to new data or tasks (e.g., latency-
oriented [28, 69], buffering [53, 81], others [26, 68], etc.).
In general, the increasing demand for resource-limited sys-
tems that can seamlessly integrate new information with
minimal latency has driven the popularity of OCL [31]
Therefore, this paper explores the challenge of rapid adap-
tation under varying memory constraints in OCL.

To effectively address the above OCL challenge, it is
essential to explore solutions beyond mentioned algorith-
mic improvements by also optimizing the underlying frame-
work. An efficient OCL framework must prioritize both
processing speed and memory management under the lim-
ited memory capacity so that it can efficiently handle un-
limited data streams with dynamic data distributions for
increased online accuracy [11] (i.e., a metric measuring
real-time accuracy for continuous new data predictions).
Specifically, the framework should quickly process incom-
ing data to extract valuable insights and make informed de-
cisions [55, 73] by minimizing both the latency from data
receipt to its initial processing and the time taken for the
learning process itself. Additionally, the framework is not
only expected to operate within a predetermined memory
allotment but also to demonstrate scalability across diverse
memory capacities [18, 56]. This duality ensures that the
framework remains efficient regardless of the memory re-
sources available, thereby maintaining consistent perfor-
mance in dynamic environments.

Numerous ML frameworks have been proposed that of-
fer innovative approaches to scalable and flexible ML de-
velopment [5, 17, 30, 35, 36, 41, 54, 83, 85]. For instance,
Ray [54] facilitates distributed computing on any scale,
while Pytorch [5] excels in dynamic computation graphs for
model training. Despite their advancements, these frame-
works often do not specifically address the unique require-
ments of learning over streaming data [28], which is a
key focus of OCL. Recently, there are some frameworks
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dedicated to OCL by prioritizing real-time data process-
ing [43, 45, 79]. Nevertheless, they either lack general
applicability or fail to balance processing speed with con-
sumed memory, leading to reduced online accuracy and low
memory scalability, underscoring the need for innovative
solutions in this domain.

In this work, we propose an OCL framework named
Ferret, designed to achieve eFficiEnt pipeline leaRning
over fRequEnt data sTreams for enhanced online accu-
racy across memory constraints. Ferret comprises a fine-
grained pipeline parallelism component with an iterative
gradient compensation algorithm and a model partitioning
and pipeline planning component. Firstly, to facilitate rapid
adaptation over frequent streaming data for higher online
accuracy, Ferret employs a fine-grained pipeline parallel
strategy, allowing precise control over each pipeline stage
for seamless data management. Additionally, to mitigate the
impact of stale gradients in parallel processing, Ferret in-
tegrates a novel iterative gradient compensation algorithm.
Secondly, to guide the selection of optimal model partition
schemes and pipeline configurations under given memory
budgets, Ferret solves the involved multivariate optimiza-
tion problem through a bi-level optimization algorithm.

Our contributions can be outlined as follows:

* We propose a framework named Ferret for boosting the
online accuracy of OCL algorithms under memory con-
straints. To the best of our knowledge, this is the first
work focusing on enhancing OCL by employing pipeline
parallelism and scheduling.

» To process high-frequent data streams without delay, Fer-
ret employs a fine-grained pipeline parallelism strategy,
enabling interleaved processing of incoming streaming
data. Furthermore, Ferret utilizes an iterative gradient
compensation algorithm to efficiently mitigate the effects
of stale gradients across different pipeline stages, prevent-
ing performance degradation.

e We derive the optimal parameters for automatic model
partitioning and pipeline planning by mapping the in-
volved multi-variable optimization problem into a bi-
level optimization problem.

» Extensive experiments on 20 benchmarks demonstrate
that our proposed framework consistently enables more
efficient OCL within given memory budgets. The code is
open-sourced for reproduction.

2. Related Work

The current OCL research focuses on two areas: mitigating
catastrophic forgetting and enhancing rapid adaptation.
Mitigating catastrophic forgetting: Catastrophic for-
getting, often quantified by the test accuracy [28, 45, 47],
poses a significant barrier to the efficacy of OCL in dy-
namic environments, where the ability to preserve historical
information is crucial. Multiple directions have emerged to

reduce catastrophic forgetting, including: 1) regularization-
based techniques [2, 9, 10, 19] impose constraints on weight
updates to preserve important parameters that are crucial
for past tasks. 2) replay-based techniques [12, 38, 67] help
the model to rehearse old knowledge alongside new in-
formation by maintaining a memory of previous data. 3)
sampling-based techniques [3, 4, 82] enhance the efficiency
of replay mechanisms by selectively choosing the most rele-
vant data samples for rehearsal. 4) other techniques [25, 64]
focus on various novel approaches, such as modular net-
works and dynamically allocated resources, to protect pre-
viously learned information from being overwritten.

Enhancing rapid adaptation: Rapid adaptation is in
scenarios where immediate processing of incoming data is
required [11, 47], which is often quantified by the online
accuracy [11] defined as oacca(t) = Si_, acc(y', §%)/t.
Strategies developed to enhance rapid adaptation include:
1) latency-oriented techniques [28, 69] iteratively generate
predictions and update model parameters immediately upon
the arrival of streaming data by discarding data that cannot
be processed in time. 2) buffering-oriented techniques [53,
81] buffers and samples incoming data streams and apply
periodic batch-training [61]. 3) other techniques [26, 68]
introduce novel methods like adapting model structures in
response to new tasks and learning how to learn efficiently,
to adapt to dynamic data distributions rapidly.

3. Motivation

To effectively navigate the challenges posed by OCL, it
is crucial to expand our approach beyond merely refining
mentioned OCL algorithms, by also enhancing the underly-
ing ML framework to adaptively balance processing speed
with efficient memory management under memory con-
straints. Particularly, boosting processing speed is essen-
tially reducing data processing time, which can be repre-
sented as t' + F/ Ry, Py, where t' denotes the latency from
data arrival to processing, F' denotes the required floating
point operations (FLOPS) by the underlying OCL algo-
rithm, R; and P, denote the hardware utilization rate and
the theoretical floating point operations per second (FLOPs)
of the hardware, respectively. Clearly, only ¢! and R}, are
optimizable by the framework.

Existing ML frameworks mainly focus on: 1) distributed
and parallel computing [41, 54, 85], 2) Optimized model
training and deployment [5, 35, 83], and 3) others including
security [17, 36] and debugging [30]. These frameworks
facilitate scalable and flexible ML, yet they rarely tackle
the challenges of managing streaming data. Regrettably,
the few ML frameworks designed for OCL [43, 45, 79] ei-
ther lack general applicability or fail to concurrently opti-
mize ¢! and R}, within memory limitations. For instance,
Kraken [79] is tailored for recommendation systems. Con-
versely, while Camel [45] and LifeLearner [43] boost R,
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via buffering and sampling, they also raise ¢ and memory
usage, reducing online accuracy.

Pipeline parallelism can naturally process sequential
streaming data while utilizing batch training. This moti-
vates us to incorporate pipeline parallelism into OCL to si-
multaneously minimize ¢ and maximize Rj, under a given
memory budget, thereby boosting online accuracy. We
achieve this balance through refined scheduling strategies
and better hardware integration, ensuring optimal resource
utilization within the constraints of memory budgets.

4. Problem Formulation

In this section, we define the problem we aim to address.
Note that the notations used throughout this paper are de-
fined in Sec. 9 in the appendix.

Consider a general learning problem defined over a fea-
ture space X and a label space ) that aims to minimize a
loss function £(D?; 0) where data D' = (x',y') € X x Y
arrives at timestamp ¢. Our objective is to rapidly derive an
updated model #* with D! and #*~! under a given memory
constraint M, so that the online accuracy of 6 is high. Un-
like updating a model offline with a pre-collected dataset,
D will be discarded after updating #*~! in OCL.

Directly optimizing online accuracy in our objective dur-
ing runtime is hard, as the online accuracy is only calculable
after obtaining labels of incoming data. Instead, we mea-
sure the volume of data values learned by the model as a
proxy to estimate and optimize online accuracy. Formally,
assuming D? has an initial data value of Vp: and its data
value declines as a time-dependent exponential decay func-
tion [75], we define the Adaptation Rate as follows.

Definition 4.1 (Adaptation Rate of A OCL framework).
Consider a OCL framework A receives a data D' =
(x',y") at timestamp ¢ that has an initial data value of
Vpe, and updates a model §°~! in the hypothesis space ©
at timestamp ¢ + 7% (r’y = +oo if D' is discarded). Let
the data value of D* decline as a time-dependent exponen-
tial decay function, and new data D! constantly arrives until
t = T'. The Adaptation Rate of A is defined as

Ztho efc’ri‘ VDt
= - 7T
where the constant ¢ describes the reduction rate of V.

R} )

With Def. 4.1, our objective can be formulated as

mAaXRi st Ma < M, 2

where M 4 is the memory footprint of .4 during training.

5. Methodology

The workflow of Ferret is shown in Fig. 1, comprising a
fine-grained pipeline parallelism component (A), followed
by a model partitioning and pipeline planning component

(B). In A, the model is trained using Ferret’s fine-grained
pipeline parallelism to manage high-frequent data streams
with minimal latency. Given the high degree of parallelism
within the system, gradient staleness can become significant
and variable, potentially causing severe model degradation.
To mitigate this issue, an iterative gradient compensation al-
gorithm is applied prior to model updating. In B, the model
is profiled to optimize Eq. 2, determining the optimal model
partition scheme and pipeline configuration.

5.1. Fine-grained Pipeline Parallelism
5.1.1 Architectural design

Ferret utilizes an asynchronous pipeline parallelism strat-
egy with 1F1B scheduling to process streaming data imme-
diately upon arrival. To efficiently handle high-frequency
data streams without delay, it is imperative that t/ + ¢° is
minimized. However, t/ 4 t° is inherently lower bounded
by (max; f{ + max; %), indicating that some of the data
must be discarded if ¢¢ is less than this lower bound. To
prevent the loss of data, Ferret enhances system through-
put by deploying N < [(tf + t*)/t?] workers, each per-
forming pipeline parallelism concurrently over interleaved
data streams. Specifically, the ¢-th data is processed by the
n-th worker if and only if i = ¢¢ mod [(t/ + t°)/t%].
This strategy, while effective in reducing latency, signifi-
cantly increases memory usage. Therefore, Ferret balances
the trade-offs between R and M by collectively employing
four techniques: activation recomputation [13], gradient ac-
cumulation [58], back-propagation omission and worker re-
moval, allowing precise control over each pipeline stage for
seamless data management.

T1. Activation Recomputation: Activation recompu-
tation exchanges additional computational overhead for re-
duced memory usage, as Fig. 1a illustrated. In Ferret, a bi-
nary indicator ¢;, within configuration C' denotes whether
activation recomputation is enabled for the n-th worker.
When activation recomputation is enabled (i.e., c;, = 1), an
additional forward pass is executed prior to the backward
pass, effectively managing memory consumption at the ex-
pense of increased computational load.

T2. Gradient Accumulation: Gradient Accumulation
allows multiple forward and backward passes to accumu-
late gradients before model updating, thereby decreasing
the frequency of parameter updates, as Fig. 1b depicted. In
Ferret, the parameter ¢;, ; in configuration C' defaults to 1,
indicating the number of gradient accumulation steps be-
fore model updating for the j-th stage in the n-th worker.
By utilizing gradient accumulation, the j-th stage in the n-
th worker only stores (1 + [(P —j — 1)/c}: ), instead of
(P — j), models, thereby optimizing memory usage.

T3. Back-propagation Omission: To further reduce
memory usage, back-propagation omission skips all back-
ward passes that depend on previous model parameters, as

CVPR
#715

227
228
229
230
231
232
233
234
235

236
237

238
239
240
241
242
243
244
245
246
247
248
249
250
251
252
253
254
255
256
257
258
259
260
261
262
263
264
265
266
267
268
269
270
271
272
273
274
275
276
277
278



CVPR
#715

279
280
281
282
283
284
285
286
287
288
289
290
291
292
293
294

295

296

297

298

299

300

301
302
303

CVPR
#715
CVPR 2025 Submission #715. CONFIDENTIAL REVIEW COPY. DO NOT DISTRIBUTE.
A: Fine-grained Pipeline Par with L™ and C* B: Model Partitioning and X Dt (07| (03]
gul;a;al::jn IteratlveGradlents e v g} g = Pipeline Pli::::rgy ::z:‘l’ [o }0 ; ; I\g (1) i\; ; z ;
fsté gt+1 | gt+2 |9z+3p—z gt+3P—1 . oot Constraint M [Jrorward [JBackward | Update chcmnpu\ﬁ.
rofiling . . .
P ”PH (a) Activation chompulanon LTI)
[ackoara All workes W‘o oo ﬂ]s T‘M o1
t+3P— pt+3P+1 update the Stage 0 1
_H“ — ___ _ e model et o o o]t 122 [3 3]« =
L4 '.____: """ D - '.____' ] A Model Partitioning [ Jrorvard [JBackward [ Update —
- & 3 odel and Pipeline Planning . .
i:n |:I fog |:I I ------ | I | beg max(RL} 5. 6.0, < M (b) Gradient Accumulation (T2)
- I:I fogrn | || ez [ o ] | | l 7 b7 07 [0 b7 [
Y : : ; : Optimal Model suge0] [o] [rfof2] [s]2]4] [s
5 g i ; ; ] Partition Scheme L* Stage | oot [1]z]2]3 [3]4 ]+
:Ix‘. l:l I:I """ fe ;;‘:tp" | bygrrs I """ | I | I N Workers 8&;‘:‘;&2&?? [rorward [JBackward [ Update —,
(c) Backpropagation Omission (T3)
Figure 1. The overall workflow of Ferret. In A, based on the optimal model partition scheme L™ and pipeline Smgeuﬂ"‘ T o R AR
configuration C*, N workers are spawned to initiate fine-grained pipeline parallelism that consumes stream- — sue! ofo]
ing data interleavedly, and update the same model asynchronously by iteratively compensating stale gradients. The nh wrker The nth woker
In B, L* and C™ are obtained by optimizing Eq. 2 (d) Worker Removal (T4)
Fig. lc illustrated. In Ferret, the parameter c{, ; in con- stages of the model are updated by gradients with varying 304
figuration C' defaults to 0, indicating the number of back- staleness. To surmount the above challenges, Ferret firstly 305
propagation omission steps for the j-th stage in the n-the proposes to efficiently approximate V.L(D'~!;6") using 306
worker. This approach reduces memory overhead by elimi- VL(D' ;671 by a cost-effective approximator Az(-) 307
nating the need to store multiple versions of models. based on Taylor series expansion and the Fisher informa- 308
T4. Worker Removal: Spawning N workers increases tion matrix. Then, we extend this approximator to approx- 309
the system throughput but also linearly increases the mem- imate VL(D!~1;077=1) using VL(D'™1;6'!) by itera- 310
ory footprint. When resources are highly constrained, the tively applying Az (-). 311
n-th worker can be shut down and removed to reduce the Gradients Compensation via Taylor Series Expan- 312
memory overhead by setting c2 = —1 in configuration C. sion: tIanrltOY1 work, VL(D'"';0") was naively set to 313
Finally, assume the initial data value of any data is Vp, VL(D'™™";6"7") [57, 58] and can be regarded as a zero- 314
and the retained value of the data when updating a sub- qrder Taylor serles:)lgpa?swn, leadl?_glto il_hllghQappromma- 315
set of model parameters is proportional to the size of the tion error ||[VL(D'~%;6") = VL(D' ;6 t)—‘1| . ;FO red‘tlff 316
subset model parameters, given L and C, R and M of the approximation error, we expand’ VL(D'=;6") at 0 317
the fine-grained pipeline parallelism strategy can be respec- by a first-order Taylor series expansion as follows: 318
tively formulated as VLD 0% ~ VLD 0 ) HH(L(D 0o 0 -0,
N—1P—1 mi—l ©) 319
RE — ‘wi| Z A;j, where A; ; = where H(-) denotes the Hessian matrix of -. Previous works 320
= = ZJ o (\w]|) Ch i = ’ ’ have revealed that the Fisher information matrix serves as 321
cp 20 an approximation of the Hessian matrix if the loss function 322
e~ P+ +(P—itj)t’ e (P—itit! )y, L(+) is a negative log-likelihood loss [27, 62]. Assuming 6? 323
- (3) gradually converges to its optimal value 6* during training 324
LCM({c® , + 1k €[i, P — 1|Vt +tb + crtl)’ ; . e ’
(ene 11 [ D + 8+ citf) we can achieve an unbiased estimation of H(-) by 325
N—-1 P—-1
P—-—i—1
Mp =3 3 (4 [——1 - i) (wil+ et 2 Ep o+ |[Z(6") — H(L(56")|| = 0,¢ = +o0.  (6) 326
Jﬁ?o =0 ’ To further mitigate space complexity, Z(#) is approximated 327
Lisi—1 by its diagonal elements with a hyper-parameter A to control 328
|ai| _ C:L Z |dl‘)7 (4) variance, i.e., 329
I=Li+1 H(L(0%) = AVL(50" ) o L(56)T. (1) 330
where LC'M (-) denotes the Least Common Multiple. Incorporating Eq.7 into Eq.5, we obtain: 331
VLD 0" ~ AZ(VL(D' 00,00, 00 = 8 332
5.1.2 Iterative Gradient Compensation VLD 00 1 AvL(DT L0 o vaDt et )T o Al 333
Since fine-grained pipeline parallelism is asynchronous, the where Az (-) serves as the approximator to compensate -. 334
model will be inevitably updated by stale gradients, leading Iterative Compensation: More generally, to approx- 335
to performance degradation. Moreover, different pipeline imate VL(D!=1;0'771) using VL(D!1;0*~1), Ferret 336
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VL(Dt, 6%) is delayed for T iterations
, | VL(Dt_T, 9t—r): ,
| ¢tz [ - be+7 | ¢
19t : 19T+

, Approximate VL(D?, 8+7) and apply|,
i the delayed-compensated gradients |

I t+r-1 | t—1 I
+ L f :
Approximate VL(D?, 0t+71)

i Approximate VL(D?,0+2)
I:’Forward DBackward IUpdate __Time |
Figure 2. To adapt to different levels of staleness in fine-grained

pipeline parallelism, V£(D?, §**7) is iteratively approximated by
VL(D',0).

Optimize 4
E VL(DX, 0% ptimize

bOVLDET, T VL(DS, 6%):

[

V[,(Dt_l, et—l)i

[e—cfe+1] - le—1fe+c| ¢ I
1 '\ /

...... ' VL(Dt_l,Ot) VL(Dt_gtH)I

EVL(D*1,6%)

Figure 3. To further reduce approximation errors, we opti-
mize A automatically by comparing historical approximations
(VL(D?,6%), etc.) and observations (VL(D'™!, 0), etc.)

proposes an iterative application of Az(-), as depicted in
Fig. 2. This iterative process is defined as follows:

vﬁ(thl; €t+‘r71) ~ AI(vﬁ(thl; 9t+‘r72)’ 9t+‘r717 9t+‘r72)

~Az( . AZ(VL(DPT 00,0000 L0t 0t T,
©

However, this iterative process introduces a cas-
cade of errors, wherein the approximation error ||gt —
Az(gt=1, 6%, 6'=1)||? is propagated and amplified with each
successive approximation. This arises because each approx-
imation depends on the output of the preceding one.

To mitigate this problem, we propose to optimize A un-
der the mild assumption that the distributions of E;, D* and
E, D+ are similar, as illustrated in Fig. 3. Thus, the ob-
jective of minimizing the approximation error of iterative
gradients compensation can be formulated as follows:

m/\inEkHVE(Dk; 0%) — Az(VL(DF 1,08 65|12 4 v||A|)?

:mAin||D—E—/\F||2—|—V||)\H2, (10)
where D = ExVL(D";0%), E = E,VL(D*;6%71),

F =E,VL(D* Y 0F Yo veD L") o 6" -6,

where v||\||? is an /5 regularization term to constrain the
solution of A for better stability. To reduce memory over-

head, D and E can be approximated by Exponential Mov-
ing Average (EMA), i.e.,
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E,VL(D";0%) = aB, VL(D* ;05 )+ (1—a)VL(DF 1 0571,

an
where «a is the EMA coefficient. Hence, we have
D—E=(1-a) (VLD 6" —E,vL(DF 05 71).

12)

Convergence: Similar to the analyses in [84], our iter-
ative gradient compensation algorithm yields convergence
rates of O(V27/T) and O(Va/v/T) for convex and non-
convex case, respectively. Here, V7 and V5 represent the
upper-bound of the ||-||? norm and the variance of the delay-
compensated gradient Az (-), accordingly. Compared to the
work in [84], Ferret fixes 7 to 1, and minimizes V; and V5
by Eq. 10, boosting algorithm’s robustness and accelerating
the convergence of the model.

Algorithm Design: The algorithm of Ferret’s iterative
gradient compensation is illustrated in Alg. | in the ap-
pendix. Since the maximum possible 7 equals (P — 1),
the time complexity of the algorithm is O(P — 1), which
is considered negligible during model training. Moreover,
since two additional variables, v,- and v,, are stored in mem-
ory for optimizing ), the space complexity of this algorithm
is O(2 Zf;ol |w;|). However, by setting ) = 0, the opti-
mization of ) is effectively terminated, and A remains fixed
at \°. This adjustment allows for manual tuning of A and
eliminates the need for v, and v,, thereby increasing flexi-
bility and avoiding additional memory overhead.

5.2. Model Partitioning and Pipeline Planning

The objective of model partitioning and pipeline planning is
to find an optimal model partition scheme L* and its corre-
sponding pipeline configuration C'* that maximize R within
a given memory constraint M, namely,

L. C" = argnEaCxRE s.t. Mp < M. (13)
This problem can be reformulated as a bi-level optimiza-
tion problem, decomposing it into two interrelated sub-

problems: (1) determining the optimal C' given a L, and (2)
identifying the optimal L based on the solution from (1):

L* = arg mLaX{Rg\C}:}

st. Cp = arg mcax{RE\L},MF < M. (14)

5.2.1 Iterative Configuration Search (Sub-problem 1)

Given a model partition scheme, the objective of sub-
problem (1) is to solve

Ccr = argmgx{RfTr|L} s.t. Mp < M. (15)
With more than 2&V(P+1) potential combinations for C, a

brute-force enumeration of C' is impractical. Observing that
dMp/dmaxc{RL|L} > 0, we employ an iterative algo-
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rithm to determine the optimal C' that maximize R%, while
ensuring M g remains within the memory budget. Specif-
ically, to prevent memory over-consumption, we progres-
sively deploy T1-T4 as follows to balance RZ and M p.

S1. Deploy T1 for all workers: By setting c;, = 1 for
all workers, the data processing time increases. Specifically,
for the n-th worker, setting ¢, = 1 will respectively reduce
RZL and Mp by Eq. 19 in the appendix.

S2. Deploy T2 for the j-th stage in the n-th
worker: If ¢} ; = 0, increasing ¢y ; by Acy . =
[r(P_JP__l—%Lﬂ_l] — ¢y, ; will lead to a reduced frequency
of model parameter updates. Here, the value of AcZy j is
determined to prevent Aci;,j—wz J_HM r = 0 due to the

ceiling function. Consequently, RE and Mg will be re-
spectively decreased by Eq. 20 in the appendix.

S3. Deploy T3 For the j-th stage in the n-th worker:
If Acy ; = +oo, setting ¢, ; = land ¢}, ;, = P—1—j will
completely eliminate the need for the j-th stage in the n-th
worker to store additional model parameters by bypassing
any backward pass that requires previous model parameters.
Consequently, RE and M ¢ will be respectively reduced by
Eq. 21 in the appendix.

S4. Deploy T4 for the n-th worker: If ¢; ; # 0 for
all j € [0,p — 1), removing the n-th worker will lead to a
decrease in RE and M by Eq. 22 in the appendix.

Algorithm Design: The algorithm of the proposed
searching is illustrated in Alg. 2 in the appendix. Overall,
the time complexity of this algorithm is O(N P?), and it
will be executed only once before fine-grained pipeline par-
allelism begins.

5.2.2 Brute-force Planning (Sub-problem 2)

In Ferret, L is determined by first establishing an upper
bound on the time consumed for each stage (t°), and then
solving the following optimization problem:

L = argmin{P} s.t. t+1b < te. (16)

Namely, minimizing the number of pipeline stages while
ensuring the time consumed for each stage is bounded.
Since the layers in a stage must be consecutive, this problem
can be solved in linear time by iteratively grouping consec-
utive layers into a stage until no additional adjacent layer
can be grouped. Therefore, the solution space for L is not
extensive, being limited to (L2 — L)/2 at worst. Thus, to
solve sub-problem (2), we can simply enumerate all possi-
ble model partition schemes, feeding them into Alg. 2 in the
appendix to obtain the global optimum L*.

Algorithm Design: The algorithm of the proposed plan-
ning is illustrated in Alg. 3 in the appendix. The time
complexity of this algorithm is O(L?3). Nevertheless, the
algorithm will be executed only once before fine-grained
pipeline parallelism begins.

6. Experiments

In this section, we seek answers to the following questions.
(1) How does Ferret boost online accuracy? (Sec. 6.2) (2)
How does Ferret mitigate catastrophic forgetting. (Sec. 6.2)
(3) How does our fine-grained pipeline parallelism per-
form? (Sec. 6.3) (4) What are influences of different
pipeline configurations? (Sec. 6.3) (5) How does our iter-
ative gradient compensation algorithm perform?(Sec. 6.4)

6.1. Evaluation Setup

Datasets and models:  Following the conventions of
the community [45], 18 image classification datasets,
including MNIST [22], FMNIST [78], CIFARI10 [42],
CIFAR100 [42], SVHN [59], Tiny-ImageNet [44],
CORe50 [49], CORe50-iid, Split-MNIST, Split-FMNIST,
Split-CIFAR10, Split-CIFAR100, Split-SVHN, Split-
Tiny-ImageNet, = Covertype [8], CLEARI0 [47],
CLEARI100 [47], are used in our experiments. More
details about the datasets can be found in the appendix.
To cover both simple and complicated learning problems,
five models including Multi-Layer Perceptron (MLP),
MNISTNet, ConvNet, ResNet-18 [33] and MobileNet [34]
are used in the experiments. Note that ResNet-18 and
MobileNet are pretrained on the ImageNet-1K dataset [21].
Compared methods: For

question (1):  Oracle, 1- SIcc 092 8]
Skip [28], Random-N B- = o
Skip, Last-N B-Skip and @ &
Camel [45].  Here, Ora- 3 /6/0
cle is an ideal method that <qu O/é
sequentially processes every Slo -~
streaming data without any Sl
delay. B-Skip and Camel se- log(RF)
lects a subset from the lat-

Figure 7. Relation be-

est B unprocessed data us-
ing Random-NN, Last-N and
Coreset sampler, respectively.
For question (2): Vanilla, ER [12], MIR [3], LwF [46],
MAS [2]. For question (3) and (4): DAPPLE [24],
Pipedream [57], Pipedreams gy [58], Zero-Bubble [65]
and Hanayo [48]. For question (5): None, Step-Aware [32,
40], Gap-Aware [7], Fisher [14], and Iter-Fisher (i.e., it-
erative gradient compensation).

Evaluation metrics: To measure catastrophic forget-
ting while accounting for memory footprint, Test Accu-
racy [28, 45] Gain per unit of Memory' (the higher the bet-
ter) is defined as

tween oacc and log(RE)

exp(tacca(t) — taces(t))
Mu/ Mg

where tacc computes the test accuracy and B is the baseline

tagmp(A,t) = log(

) a7

IResults in the appendix show standard test accuracy and online accu-
racy but ignore memory consumption during training.
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Table 1. Online Accuracy Gain per unit of Memory (agms (A, T')) of different algorithms, where B is Srofmone” mam  pm
= ip errety_ o
the 1-Skip. "M-", ”M”, "M+ refer to the ferret method with minimal, medium and maximal memory S B o e E%
footprint, respectively. ge F:J
£, gz e sy Ky
£, EEDS
Setting ‘ Oracle ‘ 1-Skip Random-N Last-N Camel ‘ Ferrety_ Ferrety; Ferretyr+ g d
0
MNIST/MNISTNet 2732401 0s0 043406 -0261014 -07li032 | 53li07 16261037 2634407 O s &
FMNIST/MNISTNet 19.3540.99 010 -03li947r -025.05 0.6104 | 5931081 12694081 18.371101
EMNIST/MNISTNet Bioas | Oxo 19400  202:003  1.55:01 | 4192007 88+04 12095047 (2) EMNIST/MNISTNet
CIFAR10/ConvNet 10.57+0.00 0ro  47li00s 4781003 472005 | 32li016  62lig15  944i010 315 F
CIFAR100/ConvNet 5245001 | Oxo 0781007 0831005  075:00s | 1585004 261003 4392005 g E,]
SVHN/ConvNet 15.4140.23 0ro  7.041008 7241011 7.39:0.00 5101 11524003 1434403 £10 5
Tinylmagenet/ConvNet 2.1340.07 (U -0.22410.04 -0.240.03 0211005 | 0.4810.03 0.5410.03 1.19.0.07 g IIIIF;] E‘,’j
CORe50/ConvNet 26.0140 42 0xo 12131042 12274041 11.07204s | 9081045 17951045 24.49.0.43 25 < o
CORe50-iid/ConvNet 1924499 0i0  2.87i571 574108 52lin49 | 3551077 10741576 1796495 5 £
SplitMNIST/MNISTNet 1821076 | Oxo  234w043  237x063  33s04s | 6.0lsoss 14555055 1705107 o HES R R M i e
SplitFMNIST/MNISTNet | 11.3241 47 0xo 1531047 1494040 1961039 | 5431056 937:135 10.2941 47 Methods
SplitCIFAR10/ConvNet 7491012 010 3.0540.11 3.1140.11 3.1240.00 | 2914019 4.84.1 05 6.19.0.07 (b) CIFAR100/ConvNet
SplitCIFAR100/ConvNet 10514015 0xo  28ligor 2861005 2741013 | 3.541003 6131013 961004
SplitSVHN/ConvNet 6.4910.33 019 2.940.19 2914001 2.89410.21 2761016 541008 5.38.0.35 .
SplitTinyImagenet/ConvNet |  2.14.40 1 0o -0245005 0214002 0261001 | 0475001 0624001 119.00, Figure 4. Consumed memory
CLEAR10/ResNet 10.37+0.06 0ro 7841007 7931006 2941055 | 244w006  TTlroos  926x00s of different stream learning al-
CLEAR10/MobileNet 20.36.40.2 0xo 1181092 124014 11854007 | -1.772015 1468405 18514035 - : :
CLEAR100/ResNet 21711043 0to 15191040 15364046 14391046 | 7.511044 15531035 20.84-057 gorlthrr.ls. Ferret aChl‘)fveS rapid
CLEAR100/MobileNet 23.5141.03 0xo 9161025 9391015 8721006 | 1051015 1581030 2211.9s adaptation across varying mem-
Covertype/MLP 7.6640.27 019 -1.33403 134031 1344029 0.7410.01 1.6110.29 3.38.0.42 ory constraints.

R * *| ol ® * +] Table 2. Online Accuracy Gain per unit of Memory (agmp (A, T)) and Test Accu-
< < racy Gain per unit of Memory (tagmgs(A)) of different integrated OCL algorithms
£ e § pesen | € N on CORe50/ConvNet, where B is the 1-Skip. Camel has its dedicated component to
g 65 apple S s e . . . . . .
< £ B Opereamy | < oo mitigate catastrophic forgetting and cannot be integrated with various OCL algorithm.
£ Yo 4 anayo £ W
oA g 550 b ¢

554 $ prace b Metric  Oracle ‘ 1-Skip Random-N  Last-N Camel ‘ Ferrety;—  Ferrety Ferrety;+

2.5 5.0 7.5 10.0 5 10 15

Memory Footprint (Ratio) Memory Footprint (Ratio) Vanilla agm 26.0140.42 | Oxo 12.1340.42 12271044 11.07404s8 | 9081045 17.21.045 24.8210.43

tagm 2361064 | Oxo 1.0840.62 0974030  1.48+0.42 1.010.45 1.074049 1731053

(a) EMNIST/MNISTNet (b) CORe50/ConvNet ER[12]  agm 24.0340.26 | Oxo 7.8410.17 8114029 - 7124000 16.09:016 23.540.25
tagm 4184043 | Ox0 1.94.40.26 2344029 - 0.8210.29 3.140.25 4.06.10.36

Figure 6. Relationships between online accuracy MREBI agm 24031026 | 0o 7825021 806202 - 7124000 16094015 2351025
. . . . tagm 4184043 | Oxo 211015 224014 - 0.8210.29 3.140.25 4.06.0.36

and memory consumption of different pipeline par- LwF[46] agm  2602:04s | Oxo  12.25:042 1245045 - 9.02504 17.96:045 2467104
M 1 1 tagm 2.3610.64 010 1.210.62 1.09+0.39 - 0911044 1.8840.49 1541053
allelism strategies, the marker size represents the MAS [2] agm 25.86+0.25 | O+o 120450035 12234020 - 874017  17.794022 24.46.10.23
standard errors of means. tagm 271023 | 0xo  08ligar  09ligay - 0592025 1661015 169102

method for comparison. Similarly, as Fig. 7 shows online

accuracy can be used to estimate R~ [11], Online Accuracy

Gain per unit of Memory' (the higher the better) is defined

as

exp(oacca(t) — oacen(t))
M/ Mg

We evaluate three versions of Ferret under different
memory constraints: Ferrety;— (minimal), Ferrety; (the
same memory constraint as Pipedreams gyy), and Ferretyy -
(no constraint). Without clarification, each experiment is
independently repeated three times to obtain the final re-
sults. In all tables, the best and second-best performance
are highlighted by bold and underline, respectively. More
details about the evaluation setup can be found in Sec. 12.

agmp(A,t) = log( ). (18)

6.2. Overall Comparisons

Table | shows agmp(.A,T) across 20 different settings to
evaluate both performance and consumed memory of differ-
ent frameworks. Here, B is chosen to be the 1-Skip due to
its low memory footprint. From the table, it is evident that

Ferretyr and Ferrety, constantly outperform other compet-
ing algorithms. Notably, Ferrety; even achieves compa-
rable performance compared to Oracle, indicating that Fer-
ret effectively enables rapid adaptation. On the other hand,
while Ferrety;— shows slightly inferior performance com-
pared to its counterparts, it demands less memory for OCL,
as depicted in Fig. 4. This implies that in scenarios where
memory is severely constrained, Ferret is the only method
capable of learning.

Furthermore, various OCL algorithms are integrated on
CORe50/ConvNet in Table 2. It can be observed that Fer-
ret not only mitigates catastrophic forgetting (i.e., increased
tagm) but also markedly enhances online performance (i.e.,
increased agm), validating its orthogonality and superiority
compared to other OCL frameworks for rapid adaptation.

6.3. Comparisons on Pipeline Parallelism

Table 3 compares agmp(.A,T) of different pipeline paral-
lelism strategies across 20 different settings to evaluate the
performance of Ferret’s fine-grained pipeline parallelism

CVPR
#715

518
519
520
521
522
523
524
525
526
527
528
529
530
531
532

533

534
535
536



CVPR
#715

537
538
539
540
541
542
543
544
545
546
547
548
549
550
551
552
553
554
555
556
557
558
559
560
561
562
563
564
565
566

567

568
569

CVPR 2025 Submission #715. CONFIDENTIAL REVIEW COPY. DO NOT DISTRIBUTE.

Table 3. Online Accuracy Gain per unit of Memory (agmg(.A, T')) of | Table 4.
different pipeline parallelism strategies , where B is the DAPPLE. Note | Online Accuracy differences between Ferret with and without
” 9% 99, ki 9 99 3 b .

that ”1W”, ”2W” and "3W” refer to 1, 2 and 3 wave(s) for the Hanayo| gradients compensation algorithms .

algorithm, and no gradients compensation is applied to all asynchronous

pipeline parallelism strategies for fair comparisons

| Synchronous PP Asynchronous PP Ferretyi4 Ferretys

Setting | DAPPLE 7B Hanayorw H: H: Pipedream  Pipedreamopy  Ferrety || | Step-Aware  Gap-Aware Fisher Iter-Fisher Step-Aware  Gap-Aware Fisher Iter-Fisher
MNIST/MnNet 019 679:04 244403 54016 8.16.10.35 823,050 835:045 ||| -56.0442.78 -14.03:1.24 -0.02,0.01 0.01.0 | 4353:2.36 -12.1121.03 -0.01:0.01 0.02..0
FMNIST/MnNet 0o 4061036 1524045 281065 5291053 5365051 S548i053 ||| -37754217  -9.07:0.63 -0.02:0.03 0.05:0.01 | -37.74:2.53  -7.07:0.55 -0.01.0.01 0.02.:0
EMNIST/MnNet 0so 2331008 091002 1.8ligos 2.5 2.8410.0 299007 3025000 205,005  -481:0.15 0.01:0.02 0.04:0.02 | -3336:0.13  -3.46:0.33  0.01,0.01 0.04.0.02
C10/CNet 0ro 1761008 0961014 15li00s 1932012 | 2531000 2784006 3051015 210125019 -1.715.0.43  -0.32,0.07  0.25.0.06 9.6:0.19  -122:0.39  -0.14.0.3 0.42.0.21
CI100/CNet 040 0712001 0051005 0561006 0742006 | 0.874000 Lllioos 1724001 8.08:0.17  -2.1700.05 -0.04:0.08 0.13:0.05 | -54.0.07 -1.04:0.04 -001.0.07  0.1:0.02
SVHN/CNet 0i0 2131030 0361015 15240935 221096 | 331024 3325000 3.6lig1p ||| -14.92:042 2630004 002,004 031002 | -247:1.18  -291.011 022:0.07  03:0.07
Tinyl/CNet 010 0.1810.02 0.0310.01 0.1940.02 0.1920.04 0.2640.01 0.5240.03 0.540.06 -3.724.0.16 -1.06.0.09 -0.01:0.02 0.06..0.03 -1.3240.17 -0.11:0.19  0.17.0.19 0.35.0.15
COReS0/CNet 0 4181023 1384012 361016 4691011 | 6.031047 5912000 Td3s0s ||| 23936016 -3.27.0.05 -0.22,0.11  0.1.0.08 | -33.41.024 -4.18:0.34  0.02.0.12 0.34.0.07
(CORe50-iid/CNet 0o 3582002  119i01s 2941002 374x007 | 5071018 5241000 6184005 ||| 245654022 391,02 022,008 0324006 | -23.77.0.3 0.23:0.12  0.39.0.1
S-MNIST/MnNet 0i0 294029 1331026 2971091 3691093 | 431020 401203 4474020 26.8:3.2  -4214021 -0.05:,0.02 0.03.0.01 | -46.24.1.41 -0.03:0.01 0.02.:0
S-FMNIST/MnNet 0i9 1562029 091tn1s 1484105 1891031 | 2.06:005 2091007 2241005 ||| -1443:2.83  -237.0.4  001.0.02 0.03.0.02 | -46.07:4.03 0.01..0.01 0.0
S-C10/CNet 010 0961014 0444013 1.1940.03 1425014 2214008 2164005 258401 -6.93.0.12 -140.14  -0.1940.09  0.1.0.03 -8.11:0.75 -0.12,0.12  0.23:0.12
S-C100/CNet 010 1572005 0544014 1255010 1675012 | 248101 249.0; 3494006 ||| 14142037 305,01 -023.0.18 0.38.0.23 | -12.56.0.23 20.1:0.19  0.24.0.09
S-SVHN/CNet 049 0861005 0491005 0884006 1. 1.39:0.04 1581005 1751003 5691046 -1.18:0.12  0.03:0.03 0.05:0.03 | -12.13:0.87  -127.0.09 -0.05:0.02 0.03-0.01
S-Tinyl/CNet 0r0 027005 0084005 O.ddigee O 0.2940.03 0471001 0.66.0.01 3614014 -1.0100.05  0.05.0.1 0.12:0.1 | -1700.12 -037:0.03 0.08:0.07 0.18-0.08
CLEAR10/RNet 0r0 0385015 0461005  1.0450.06 . 181006 1924005 2124005 626,018  -0.72.0.08 0.02,0.06 0.14.0.04 | -11.25,0.28  -052.0.05 -0.02,0.04 0.08.0.04
CLEAR10/MoNet 0ro 1032061 0655023 23lio1s 2651040 | 4251000 3824006 5344011 218174026 -1.700.05 -0.14:0.32  0.5.0.15 | -20.69.0.58 5 -0.28.0.37  0.36.0.18
CLEAR100/RNet 0o 276101 1361020 252:0m 3 385400 398010 4241020 -1745.0.02  -038:0.54 -0.07:0.04 0.65.0.32 | -24.62.0.24 202:0.18  1.27:0.21
CLEAR100/MoNet 0p0 31053 1265012  3.031050 4 5.6650.19 5882058 Td2i000 ||| -3065£0.93 03017  0.6340.46 12048 | -26.85.1.22 0.58.0.78  1.03-0.7
Covertype/MLP 01o  0.62:0.14 0244012 0.640.16 0.83:016 | 0.9240.16 0.8240.13 0.8940.08 -9.241.13 -2.8:0.1  -0.09.0.05 0.05.0.02 | -10.27.0.39 -0.01:0 0.09.0.01

under memory constraints. Specifically, B is selected as
DAPPLE, and no gradients compensation is applied to any
asynchronous pipeline parallelism strategies. Additionally,
Hanayo;w, Hanayosw and Hanayosw are three variants
with 1, 2, and 3 waves, respectively.

In general, all asynchronous pipeline parallelism strate-
gies significantly outperform synchronous pipeline par-
allelism strategies, even ZB, which claims to eliminate
pipeline bubbles. This is because synchronous pipeline
parallelism strategies, in an effort to achieve higher hard-
ware utilization rates and avoid conflicting model versions,
must design complex workflows that stage gradients and up-
date model parameters synchronously, resulting in delays in
data processing and wasted data value. Conversely, asyn-
chronous pipeline parallelism strategies process data and
update model parameters immediately, thereby minimiz-
ing processing latency. Among all asynchronous pipeline
parallelism strategies, Ferrety;’s fine-grained pipeline par-
allelism strategy consistently surpasses the others due to its
more efficient memory utilization.

To investigate the impact of different pipeline configura-
tions for Ferret, we select five different memory constraints
ranging from minimum to maximum to simulate learning
under varying memory budgets Fig. 6 shows that Ferret suc-
cessfully solves Eq. 2 for obtaining optimal pipeline config-
urations under dynamic environments, scaling effectively
as we increase the memory constraint. Specifically, lack
of precise control over each pipeline stage to balance be-
tween performance and memory footprint prevents compet-
ing strategies from scaling well.

6.4. Comparisons on Gradients Compensation

To evaluate the effectiveness of Iter-Fisher, we apply var-
ious gradients compensation algorithms to Ferrety; and

Ferretyr, and compare the final online accuracy gain. The
results are shown in Table 4. From the table, we can ob-
serve that applying Step-Aware and Gap-Aware algorithms
for compensating stale gradients significantly reduces the
online accuracy. This is because these algorithms miti-
gate the gradient staleness problem by simply penalizing
the step size of stale gradients, leading to a slow conver-
gence rate when the system is highly paralleled. Although
Fisher leverages first-order information for better compen-
sation, it does not consider varying levels of staleness at dif-
ferent stages of pipeline parallelism, resulting in a marginal
decrease in accuracy compared to no compensation. On the
other hand, Iter-Fisher consistently improves online accu-
racy across all settings, without requiring manual hyper-
parameters tuning. This indicates that Iter-Fisher effectively
adapts to different levels of staleness in parallelism, and
automatically optimizes A for better compensation, demon-
strating its robustness and effectiveness.

7. Conclusion

This paper introduces Ferret, a novel framework de-
signed to boost online accuracy of OCL algorithms
under varying memory constraints. Ferret employs a
fine-grained pipeline parallelism strategy to adapt to
varying distributions of incoming streaming data rapidly.
To mitigate the gradient staleness problem in parallel
processing, Ferret integrates an iterative gradient com-
pensation algorithm to prevent performance degradation.
Additionally, pipelines are automatically scheduled to
improve performance under any memory scenario by
optimizing a bi-level optimization problem. Extensive
experiments conducted on 18 datasets and 5 models
confirm Ferret’s superior efficiency and robustness com-
pared to existing methods, demonstrating its potential as
a scalable solution for adaptive, memory-efficient OCL.
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