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Abstract

Continual learning requires models to sequentially acquire
new knowledge while preserving previously learned informa-
tion. Current approaches combine pretrained vision back-
bones with randomly initialized classifiers, creating an ini-
tialization asymmetry that limits performance. We propose
Bootstrap Your Own Classifier (BYOC), which initializes
classifiers using class prototypes extracted from the pre-
trained backbone, establishing a fully coherent initializa-
tion. This simple change dramatically stabilizes sequen-
tial fine-tuning. To address the gradual drift between the
evolving backbone and previously learned classifiers, we em-
ploy exponential moving average updates for the backbone
and calibrate historical classifiers based on current task
adaptation patterns. Despite its simplicity, BYOC achieves
state-of-the-art performance on CIFAR-100, ImageNet-R,
ImageNet-A, CUB-200, and Stanford Cars, demonstrating
that proper initialization from pretrained representations
substantially outperforms complex parameter-efficient meth-
ods. Our work reveals that pretrained vision models are
inherently strong continual learners when provided with
consistent initialization across all components. Code is
available at: https://github.com/jordangong/
continual-learning.

1. Introduction

Imagine a student learning mathematics who suddenly for-
gets basic arithmetic upon studying calculus—this is the
reality of catastrophic forgetting [12, 28] that plagues neural
networks in continual learning [7, 44]. While humans seam-
lessly accumulate knowledge throughout their lives, artificial
neural networks struggle to learn new tasks without destroy-
ing previously acquired capabilities. This fundamental lim-
itation has persisted despite decades of research, blocking
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Figure 1. Comparison of continual learning paradigms revealing
the initialization asymmetry problem. Dotted boxes indicate ran-
dom initialization, while solid boxes show semantically initialized
components. Red dashed arrows represent unstable gradient flow
causing backbone disruption, while green dashed arrows indicate
stable gradients. (a-b) Conventional approaches pair pretrained
backbones with random classifiers, creating unstable optimization.
(c) Prototypical classification avoids learning entirely. (d) BYOC
achieves coherent initialization—both backbone and classifier are
“pretrained”, enabling stable joint optimization. Fire and snow sym-
bols indicate trainable and frozen parameters.

the path toward truly adaptive Al systems.

The landscape changed dramatically with the advent of
large-scale pretrained vision models [9]. Researchers discov-
ered something remarkable: models pretrained on massive
datasets exhibit unprecedented resistance to catastrophic for-
getting [5, 33]. Yet paradoxically, even with these powerful
pretrained backbones, continual learning performance re-
mains far from satisfactory. Why do we still struggle when
the foundation seems so solid?

The answer lies in an important but underexplored aspect
of current methods. While researchers have focused on lever-
aging the stability of pretrained backbones, they typically
pair them with randomly initialized classifiers—creating a
fundamental asymmetry that may limit system performance
(Fig. 1). This practice, carried over from from conventional
transfer learning paradigms [22], overlooks a key distinction:
in continual learning, we must sequentially adapt to multiple



tasks, not just one. Each random initialization introduces
substantial perturbations to the carefully pretrained represen-
tations, requiring the backbone to compensate for arbitrary
starting points rather than learning meaningful task-specific
adaptations.

Consider what happens during the first gradient steps of
training with a randomly initialized classifier (Fig. 1a). The
dotted box and red dashed gradient arrow tell the story—the
loss is dominated by the need to move classifier weights from
their random positions to something sensible, propagating
unstable gradients through the backbone and disrupting its
pretrained structure. Researchers have attempted to shield
the backbone through parameter-efficient fine-tuning meth-
ods [45, 46] (Fig. 1b), inserting adapters or prompts while
freezing most parameters, yet the unstable gradients persist.
Others have abandoned parametric classifiers entirely, using
fixed prototypes extracted from frozen features [52] (Fig. Ic,
shown in gray to indicate their immutable nature). But these
solutions treat symptoms rather than the disease—they con-
strain the model’s ability to adapt rather than addressing the
root cause of instability.

What if we could eliminate this initialization asymmetry
entirely? Our key insight is straightforward yet effective:
we can “pretrain” classifiers by initializing them with se-
mantically meaningful weights derived from the backbone’s
own representations (Fig. 1d). Notice how both components
share the same green color, indicating coherent initializa-
tion, with stable green gradients flowing between them. By
computing class prototypes [37]—the mean representations
of training examples per class—we create classifier weights
that already reside in the correct region of the representation
space. This is not merely an engineering trick; our investiga-
tion reveals that this initialization significantly improves the
optimization landscape.

Fig. 2 tells a compelling story through a carefully de-
signed experiment. We take a ViT-B/16 backbone pretrained
on ImageNet-21K and fine-tune it on three diverse target
datasets (CIFAR-100, ImageNet-R, and ImageNet-A) us-
ing either random or semantic classifier initialization. The
results are striking: random initialization causes 2.5-3.5 %
more backbone drift (Fig. 2a) while achieving similar target
task performance (Fig. 2b). The true revelation comes from
the zero-shot transfer of the fine-tuned backbone to held-out
datasets (CUB-200 and Stanford Cars), where we extract
class prototypes as classifier weights using the fine-tuned
backbone to measure preservation of general representations
(Fig. 2c and Fig. 2d). Random initialization consistently
degrades transfer performance below the original pretrained
model (w/o fine-tuning), indicating overfitting to the target
task. In contrast, semantic initialization maintains or even im-
proves transfer capabilities, suggesting the backbone learns
broadly useful refinements rather than narrow task-specific
adaptations. These findings reveal that proper initialization
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Figure 2. Empirical comparison of random versus semantic classi-
fier initialization. We fine-tune a ViT-B/16 pretrained on ImageNet-
21K on 3 target datasets: CIFAR-100, ImageNet-R, and ImageNet-
A, comparing random-init vs. semantic-init classifiers. (a) Back-
bone drift: L1 distance between original and fine-tuned parameters
(x1072). (b) Target task accuracy after fine-tuning. (c-d) Zero-shot
transfer of the fine-tuned backbone to held-out datasets (CUB-200

and Stanford Cars) measures generalization, where we extracts
class prototypes as classifier weights.

indeed changes what the model learns, not just the stability
of learning.

Our method, Bootstrap Your Own Classifier (BYOC),
turns continual learning into a different process. Instead of
fighting against random initialization with architectural con-
straints [27, 45, 46] or learning rate tricks [50], we embrace
full model adaptation from a coherent starting point. The
pipeline is elegantly simple: extract prototypes using the
pretrained backbone, initialize classifiers with these proto-
types, then jointly fine-tune both components. This approach
unlocks the full potential of pretrained models while keeping
the stability that make continual learning possible.

But our innovation does not stop at initialization. Sequen-
tial learning introduces a subtle yet critical challenge: as the
backbone evolves to accommodate new tasks, it drifts away
from the representation space where previous classifiers were
optimized. We address this through two synergistic mecha-
nisms. In details, we 1) employ exponential moving average
(EMA) [15] updates for the backbone, smoothing its trajec-
tory through representation space, and 2) introduce a novel
classifier calibration strategy that adjusts previous classifiers
based on observed adaptation patterns in current task, keep-
ing alignment without requiring access to historical data.

The results speak for themselves. Across challenging
benchmarks spanning ImageNet variants [17, 18, 24] and
fine-grained recognition [23, 41], BYOC achieves state-of-



the-art performance through what is arguably the simplest
approach in recent continual learning literature. No architec-
tural modifications, no carefully tuned hyperparameters, just
principled initialization and thoughtful adaptation.

Our contributions are threefold:

* We reveal the impact of initialization asymmetry on con-
tinual learning stability, showing through systematic ex-
perimentation that prototype-based initialization creates
a more favorable optimization landscape for sequential
learning compared to random initialization.

* We introduce the first continual learning framework that
fully embraces pretrained knowledge in both backbone
and classifiers, showing that simple sequential fine-tuning
is highly effective when started from the right point.

* We develop practical solutions for backbone-classifier
alignment through EMA updates and similarity-based cal-
ibration, maintaining system coherence throughout the
continual learning process.

2. Related Work

Traditional continual learning. Early continual learning
research focused on training neural networks from scratch
while mitigating catastrophic forgetting through three main
paradigms. Regularization-based methods like LwF [26],
EWC [21], SI [49], and MAS [1] constrain parameter up-
dates to preserve previous knowledge. Replay-based ap-
proaches including iCaRL [34], A-GEM [4] BiC [47], and
DER [2] maintain memory buffers of previous examples,
with GDumb [31] demonstrating that simple replay can out-
perform sophisticated methods. Architecture-based methods
like PNN [35], DEN [48], PodNet [10], and DyTox [11]
modify network structure to accommodate new tasks. While
foundational, these methods struggle to match the perfor-
mance of pretrained model approaches.

PEFT-based continual learning. The emergence of power-
ful pretrained models has shifted continual learning toward
parameter-efficient adaptation [13, 19, 20]. Prompt-based
methods learn task-specific prompts while freezing the back-
bone, including L2P [46], DualPrompt [45], CODA-Prompt
[36], HiDe-Prompt [43], and SDP [38]. Adapter-based ap-
proaches insert trainable modules, with LAE [14], EASE
[51], InfLoRA [27], MOS [39], DIA [25], and SEMA [42]
achieving strong performance through various mechanisms
for managing task-specific parameters. However, recent anal-
yses [40] suggest their success may stem primarily from re-
stricting the parameter space rather than the proposed mech-
anisms, which motivates our full fine-tuning approach.

Full fine-tuning with pretrained models. Recent work
demonstrates that pretrained models fundamentally alter
continual learning dynamics [6, 30, 32]. Zhou et al. [52]
introduced prototypical classifiers to continual learning
through SimpleCIL (training-free) and APER (with fine-
tuning), showing strong performance with minimal com-
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plexity. SLCA [50] shows that differential learning rates
enable effective full fine-tuning, though it implicitly im-
plements feature replay. RanPAC [29] bypasses forgetting
through random projections. Our BYOC advances beyond
these methods by demonstrating that full fine-tuning can be
highly effective when combined with semantic initialization
and explicit alignment strategies, addressing the initializa-
tion asymmetry that previous approaches overlooked and
achieving superior performance without replay or parameter
restrictions.

3. Method

We first formalize the continual learning problem setting,
then detail our proposed Bootstrap Your Own Classifier.

3.1. Problem Formulation

Continual learning evaluates a model’s ability to sequen-
tially acquire knowledge from a stream of tasks without
forgetting previously learned information. We focus on
class-incremental continual learning, where the dataset D
is partitioned into 7T tasks based on class membership. For
task ¢, we denote D; = {(x,y) | (x,y) € X; x Y}, where
X and ), represent the input and label spaces. The key
constraint is that label spaces are disjoint: J; N Y; = () for
1 # j, meaning each class appears in exactly one task. The
complete dataset satisfies D = Uthl Dyand ) = Uthl Ve

Following recent paradigms in continual learning, we em-
ploy a pretrained backbone fp, : X — R? with initial param-
eters 0, where d denotes the representation dimension. For
each task ¢, we attach a task-specific classifier g,,, : R? —
Rl with parameters w,. The model sequentially learns
tasks 1 through 7', updating the backbone parameters from 6
to O while acquiring classifier parameters {wy, ..., wr}.
The objective is to minimize the expected loss across all

observed tasks: £ = Ec(1 7\E s,y e, [{(9uw, (for (), y)],
where ¢ denotes the task-specific loss function.

3.2. Bootstrap Your Own Classifier

Building upon the empirical findings presented in the intro-
duction, we present Bootstrap Your Own Classifier (BYOC),
a continual learning framework that leverages semantically
initialized classifiers to unlock the full potential of pretrained
vision models. Our approach initializes task-specific clas-
sifiers using class prototypes extracted from the pretrained
backbone, creating a fully coherent system that maintains
stability throughout sequential learning. To address the in-
evitable drift between the evolving backbone and previously
learned classifiers, we introduce two complementary mech-
anisms: exponential moving average updates for backbone
parameters and a calibration strategy for historical classifiers.
Pipeline. Our continual learning pipeline operates through
three distinct phases, as illustrated in Fig. 3:
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Figure 3. The Bootstrap Your Own Classifier (BYOC) framework.
Our method consists of three key stages: (a) Initialization: Class
prototypes are extracted using the original pretrained backbone
0o for each task on-demand, serving as semantically meaningful
classifier initializations. (b) Training: Each task involves joint fine-
tuning of the backbone (inherited from the previous task) and a
prototype-initialized classifier, creating a sequence of specialized
classifiers paired with an evolving shared backbone. (c) Infer-
ence: The current backbone processes inputs through all previously
learned classifiers to generate predictions across the entire learned
label space.

Initialization Phase Fig. 3a): When encountering task ¢, we
first extract class prototypes from the training data D, using
the original pretrained backbone fy,. For each class ¢ € ),
we compute the prototype as:

1

D]

p =

Z feo(x)v

(z.9)eDL”

ey

where Dt(c) = {(z,y) € D¢ | y = c}. Critically, we consis-

tently use the original pretrained backbone 6 for prototype
extraction across all tasks, rather than the current backbone
0:—1. This design choice prevents the accumulation of rep-
resentational drift, as empirical evidence shows that task-
adapted backbones become increasingly specialized, leading
to suboptimal prototype initialization for subsequent tasks.

The extracted prototypes {pf) }eey, form the initial weights
for the task-t classifier.

Training Phase (Fig. 3b): For each task ¢, we jointly fine-
tune the backbone parameters (initialized from 6, _1) and the
classifier weights (initialized from prototypes p;). This joint

optimization updates:
Qt,l — 6‘t (2)

and Pt — Wy,
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through standard gradient descent on the task-specific loss ¢;.
Unlike parameter-efficient approaches that freeze the back-
bone or restrict updates to small modules, our method allows
full adaptation of both components, leveraging the stability
provided by semantic initialization. Each task produces a
specialized classifier g,,, that remains fixed after training,
while the backbone continues to evolve through later tasks.
Inference Phase (Fig. 3c): During evaluation, an input x
is processed through the current backbone fy, (where ¢ de-
notes the current number of learned tasks) and all previously
learned classifiers {gu,,.-.,gw, }- The prediction is ob-
tained by aggregating logits across all classifiers:

Q:arg max [gwl(fm(x))@"'@gwt(f«%(x))]a (3)

c€V1:t

where & denotes concatenation of logit vectors, and V.4 =
U§:1 Y, represents the complete label space learned so far.
Backbone-classifier misalignment. A fundamental chal-
lenge in our framework emerges from the sequential nature
of learning: as the backbone adapts to new tasks, it gradually
drifts from the representation space where previous classi-
fiers were optimized. As illustrated in Fig. 4a, when learning
task 2, the backbone parameters evolve from 6, to 65 to
minimize the task-2 loss. While 05 aligns well with its corre-
sponding classifier wa, it has drifted from the task-1 classifier
w1, which was optimized for 6;. This misalignment accu-
mulates across tasks, potentially degrading performance on
earlier tasks despite the absence of catastrophic forgetting in
the traditional sense.

Backbone Stabilization via EMA: To mitigate rapid repre-
sentational drift, we employ exponential moving average
(EMA) updates for the backbone parameters, inspired by
self-supervised learning methods such as MoCo [16], BYOL
[15] and DINO [3]. Before training on task ¢, we create
a teacher copy 6;_, of the current backbone 6;_;. During
training, after each gradient update to the student backbone:

Or—1 < 011 — Vo, , L, 4)
we update the teacher using momentum:
0, 1 < ab,_; +(1—a)bi_q, 5)

where « € [0, 1] is the momentum coefficient (typically set
close to 1). At the end of task ¢, we use the teacher parame-
ters 0 as the backbone for evaluation and subsequent task
learning. This mechanism ensures that the backbone evolves
smoothly while incorporating knowledge from all gradient
updates, effectively ensemble the trajectory of optimization
rather than using only the final checkpoint.

Classifier Calibration: While EMA reduces the rate of back-
bone drift, we further address the backbone-classifier mis-
alignment by adapting previous classifiers to the evolved rep-
resentation space. Our calibration strategy leverages a key
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Figure 4. Illustration of backbone-classifier misalignment and our calibration strategy. (a) As the backbone adapts from 6; to 62 during

task-2 learning, it drifts away from the task-1 classifier wi, creating misalignment in the representation space. (b-e) Our classifier calibration
process: (b) After learning task 1, we have prototypes pg )
through w, () (yellow triangles), with transformation vectors showing the adaptation pattern. Task 2 prototypes ps, (®) through p28) (blue

circles) are initialized. (c) After task 2 training, the task 2 prototypes are transformed to fine-tuned weights w§5> through w£8>

) through p; ) (yellow circles) and their corresponding ﬁne tuned weights w;

(blue triangles),

while task 1 weights remain unchanged. (d) We compute similarities between all task 1 and task 2 prototypes—the dashed circle around ps

(5)

is shown for illustration only; in practice, all task 2 prototypes contribute to each task 1 class calibration based on their similarities. (¢) We

apply weighted combinations of task 2 transformation vectors (from ps to w2) to task 1 weights, yielding calibrated weights w

§4) (green triangles) that better align with the updated backbone 65.

design choice: since all prototypes across tasks are extracted
using the original pretrained backbone 6y, they exist in a uni-
fied representation space. This enables us to meaningfully
compare and transfer adaptation patterns (from prototype
to fine-tuned weights) across tasks. When the backbone
evolves for a new task, we calibrate previous classifiers by
applying weighted transformations from similar current-task
classes, effectively propagating the learned adaptation to
maintain alignment. Fig. 4b to Fig. 4e illustrate this calibra-
tion process.

After learning task ¢, we observe the transformation from
prototypes p; to fine-tuned weights w, (Fig. 4b and Fig. 4c).
For each class c in a previous task s < ¢, we calibrate its
weights by aggregating transformations from all classes in
task ¢, weighted by their similarity (Fig. 4d):

+Z)\ck

keEV:

k k
w® — My,

(6)

b =

where A i represents the similarity weight between class ¢
from task s and class k from task ¢, computed as:

exp(sim( ps ,p75 )/T)
Zjeyt exp(sun(pS (J))/T)

» Dt

Here, sim(-, -) denotes cosine similarity and 7 is a tem-
perature parameter. This calibration mechanism (Fig. 4e)
allows previous classifiers to adapt to the evolved representa-
tion space by learning from the adaptation patterns of similar
classes in the current task, maintaining alignment without
requiring access to previous task data.

The calibrated weights w, replace the original fine-tuned
weights w; for all previous tasks s < ¢. This calibration
process is executed after each task completion, ensuring that

Ack = (N

7669

D ( ) through

all historical classifiers remain aligned with the current back-
bone representation. Notably, since the calibration involves
only arithmetic operations on existing weights without gra-
dient computation, it can be performed offline or as a post-
processing step, adding minimal computational overhead to
the continual learning pipeline.

4. Experiments

This section details our experimental design, presents bench-
mark results, and provides an ablation analysis.

4.1. Experimental Setup

Datasets and evaluation. We evaluate on 5 standard bench-
marks, three ImageNet variants: CIFAR-100 [24] (low-
resolution 32x32 images), ImageNet-R [17] (artistic style
renditions), and ImageNet-A [18] (natural adversarial ex-
amples) and two fine-grained datasets: CUB-200 [41] (200
bird species) and Stanford Cars [41] (196 car models). Fol-
lowing standard protocols, we partition each dataset into 10
sequential tasks, with additional 20-task splits for CIFAR-
100 and ImageNet-R. We report last-task accuracy (last) and
average accuracy across all tasks (avg) to capture both final
performance and learning stability.

Baseline methods. We compare against three categories of
continual learning approaches: 1) Parameter-Efficient Fine-
Tuning (PEFT): Prompt-based methods including L2P [46],
DualPrompt [45], and CODA-Prompt [36]; adapter-based
approaches including LAE [14], EASE [51], InfLoRA [27],
MOS [39], DIA [25], and SEMA [42]. 2) Full Fine-Tuning:
Standard fine-tuning, APER w/ FT [52], Slow Learner, and
SLCA [50]. 3) Training-Free: SimpleCIL [52], which uses
fixed prototypes without parameter updates.
Implementation details. Following standard practice [46,



Table 1. Continual learning performance on CIFAR-100, ImageNet-R, and ImageNet-A across 10 and 20 task splits. We report last-task
accuracy (last) and average accuracy across all tasks (avg). Results marked with an asterisk () are from DIA, while dagger (}) indicates
values from original papers. Best results are in bold, second-best results are underlined. Joint training performance represents the upper

bound with simultaneous access to all data.

CIFAR-100 ImageNet-R ImageNet-A
Method 10 tasks 20 tasks 10 tasks 20 tasks 10 tasks
last avg last avg last avg last avg last avg
L2P* [46] 82.84 87.31 7993 8594 7234 7736 69.64 7528 4404 51.24
DualPrompt® [45] 83.44 88.76 81.15 87.87 69.10 7428 66.61 7245 53.19 6147
CODA-P* [36] 87.13 91.75 8196 89.11 7330 7847 6996 7534 52.08 63.92
LAE* [14] 8533 8996 83.69 8786 7239 79.07 69.86 7738 47.18 58.15
EASE* [51] 87.76 9235 85.80 9151 76.17 81.73 6523 7745 55.04 65.34
InfLoRA™ [27] 88.31 92,57 8580 91.51 76.78 8142 71.01 7728 52.16 61.27
MOST [39] — — 89.25 9330 77.93 8296 — — 59.12  69.13
DIA* [25] 90.80 94.29 88.74 9341 79.03 85.61 76.32 83.51 61.69 71.58
SEMAT [42] 87.84 9223 — — 7482 8139 69.60 77.84 5135 62.50
Finetune 77.19 8774 63.63 8043 6130 73.82 53.19 6556 2649 4181
SimpleCIL [52] 80.07 84.87 80.07 8526 52778 57.89 5278 58.66 47.59 56.89
APER w/FT [52] 87.10 91.03 87.10 9131 6787 7394 67.87 7460 4892 59.61
Slow Learner [50] 87.57 9235 84.87 90.13 7595 8056 74.01 78.12 5494 64.05
SLCA* [50] 9126 94.09 90.08 93.85 77.00 81.17 74.63 7992 60.63 70.04
BYOC (ours) 9145 9434 9033 9417 8047 8529 7839 8354 6282 7131
Joint 93.24 — 93.24 — 85.09 — 85.09 — 63.33 —

50, 52], we employ ViT-B/16 [9] pretrained on ImageNet-
21K [8] as the backbone for all methods. We use SGD with
momentum and train for 20 epochs per task with batch size
256 to ensure convergence. For BYOC, we set the learning
rate to 0.005 without scheduling, while baseline methods
use grid-searched optimal learning rates. Training augmenta-
tions include random resized crop to 224 x 224 (resize-only
for CIFAR-100), random horizontal flip, and normalization
with mean and standard deviation from pretraining protocols
[9]. Evaluation uses center-cropped 224 x 224 images after
resizing.

4.2. Benchmark Results

Tab. 1 and Tab. 2 show comprehensive comparisons across
all benchmarks, with BYOC achieving state-of-the-art.

ImageNet variants (Tab. 1). BYOC achieves best perfor-
mance on CIFAR-100 across all configurations, surpassing
the previous best method SLCA by 0.19-0.25% on last-task
accuracy while approaching the 93.24% joint training up-
per bound. On ImageNet-R, BYOC demonstrates substan-
tial improvements with 80.47% (10-task) and 78.39% (20-
task) last accuracy—outperforming SLCA by 3.47% and
3.76% respectively. The challenging ImageNet-A bench-
mark shows similar gains, with BYOC reaching 62.82%
last accuracy, a 1.13% improvement over DIA. While DIA
achieves marginally higher average accuracy on some con-
figurations, this reflects PEFT methods’ conservative learn-
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Table 2. Performance comparison on fine-grained recognition
benchmarks CUB-200 and Stanford Cars with 10-task splits. Met-
rics include last-task accuracy (last) and average accuracy (avg).
Notation follows Table 1.

Method CUB-200 Stanford Cars
last avg last avg
L2P* 79.62 8576 38.18 51.79
DualPrompt* 81.10 88.23 40.14 56.74
EASE* 84.65 90.51 — —
DIA* 86.73  93.21 — —
Finetune 45779 6830 28.04 53.76
SimpleCIL 86.49 91.22 3784 47.97
APER w/ FT 86.09 90.97 57.16 67.41
Slow Learner 75.49 84.69 58.43 70.99
SLCA' 8471 90.94 67.73 76.93
BYOC (ours) 87.14 92.85 68.82 77.89
Joint 88.42 — 86.85 —

ing; BYOC's superior last-task performance indicates better
knowledge acquisition with competitive stability.

Fine-grained recognition (Tab. 2). On CUB-200, BYOC
achieves 87.14% last accuracy, closely approaching the
88.42% joint ceiling and outperforming all baselines includ-
ing SimpleCIL’s competitive 86.49%. While SimpleCIL’s



Table 3. Component-wise ablation of BYOC on CIFAR-100 and
ImageNet-R (10 tasks). We evaluate the individual and combined
contributions of semantic initialization (sem. init.), exponential
moving average updates (EMA), and classifier calibration (calib.).

CIFAR-100 ImageNet-R

Method
last avg last avg
Baseline Finetune 76.84 87.29 61.30 73.82
w/ sem. init. 89.92 93.23 79.05 83.79
w/ EMA 80.57 89.72 67.12 74.85
Ours w/ sem. init. + EMA 90.93 94.04 79.69 84.53
w/ sem. init. + calib. 90.42 93.69 79.33 84.19
w/ all (ak.aBYOC) 91.45 94.34 80.47 85.29

strong performance demonstrates the value of prototype rep-
resentations, BYOC extends this insight through learnable
prototype-initialized classifiers that adapt during training.
Stanford Cars shows more dramatic improvements: BYOC
achieves 68.82% last accuracy (1.09% over SLCA) and re-
markably outperforms standard fine-tuning by 40.78%, high-
lighting how semantic initialization transforms continual
learning dynamics on fine-grained tasks.

Notably, SLCA implements implicit feature replay by
sampling from recorded class statistics, making it an excep-
tionally strong baseline. BYOC’s consistent improvements
without any replay mechanism underscore the effectiveness
of semantic initialization and alignment strategies.

4.3. Ablation Studies

Tab. 3 decomposes BYOC’s performance gains by evalu-
ating individual components. Semantic initialization alone
provides substantial improvements over standard fine-tuning,
increasing last-task accuracy by 13.08% on CIFAR-100 and
17.75% on ImageNet-R, validating our core hypothesis that
prototype-based initialization creates a more stable optimiza-
tion landscape. The EMA mechanism in isolation yields
modest gains (3.73% on CIFAR-100, 5.82% on ImageNet-
R), confirming that backbone stabilization alone is insuffi-
cient without proper initialization. However, combining se-
mantic initialization with EMA produces synergistic effects,
achieving 90.93% on CIFAR-100—a 1.01% improvement
over semantic initialization alone. Classifier calibration pro-
vides additional refinement when combined with semantic
initialization, and the complete BYOC framework achieves
optimal performance by addressing both initialization and
alignment challenges, reaching 91.45% and 80.47% last-task
accuracy on CIFAR-100 and ImageNet-R.

Initialization strategy analysis (Fig. 5a). Comparing three
initialization (without EMA or classifier calibration) ap-
proaches reveals that using the original pretrained back-
bone for prototype extraction is crucial. This approach
achieves 90.01% on CIFAR-100 compared to 82.82% with
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(a) Comparison of classifier initialization strategies.
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Figure 5. Ablation studies on key design choices. (a) Comparison
of classifier initialization strategies: random, previous-task back-
bone prototypes, and original pretrained backbone prototypes. (b-c)
Sensitivity analysis of hyperparameters (Hparams) on CIFAR-100
and ImageNet-R.

previous-task prototypes and 76.84% with random initial-
ization—improvements of 13.17%, 17.75%, and 31.37%
over random initialization on CIFAR-100, ImageNet-R, and
ImageNet-A, respectively. This confirms that maintaining
consistency with the pretrained representation space, rather
than adapting to potentially drifted task-specific representa-
tions, is essential for stable continual learning.
Hyperparameter robustness (Fig. 5b and Fig. 5¢). BYOC
demonstrates remarkable stability across hyperparameter set-
tings. The temperature parameter 7 and momentum coeffi-
cient o show consistent performance across wide ranges,
with variations of only ~1.4% between best and worst
configurations. Optimal settings vary slightly by dataset
(v = 0.9999 for CIFAR-100 vs. o = 0.99 for ImageNet-R),
potentially reflecting different degrees of distribution shift
from pretraining data.

Representation quality analysis (Fig. 6). We evaluate back-
bone representation quality through prototype-based probing
(Fig. 6a and Fig. 6b), where class prototypes extracted as
classifier weights assess the backbone’s discriminative power
on the entire dataset after each task. BYOC consistently
achieves the highest probing accuracy, with particularly pro-
nounced advantages on ImageNet-R. Representation stability
analysis (Fig. 6¢c and Fig. 6d) reveals the stability-plasticity
trade-off: both semantic initialization variants exhibit high
stability while achieving superior accuracy compared to Slow
Learner. On ImageNet-R, the stabilizing effect of EMA is
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Figure 6. Representation quality analysis on CIFAR-100 and
ImageNet-R. (a-b) Prototype-based probing accuracy on the entire
dataset after each task, where prototypes are extracted as classifier
weights to evaluate the backbone’s discriminative power throughout
continual learning. (c-d) Cosine similarity between representations
from consecutive tasks measured on the test set, where higher
values indicate greater stability.

evident as semantic init. + EMA maintains higher similarity
than semantic initialization alone. Crucially, while Slow
Learner achieves comparable stability to BYOC, its accuracy
remains substantially lower, revealing that it sacrifices plas-
ticity for stability. In contrast, BYOC achieves the optimal
balance between stability and knowledge acquisition.

EMA application analysis (Tab. 4). We investigate whether
EMA universally improves performance or specifically ben-
efits backbone stabilization. Applying EMA to classifiers
alone degrades performance relative to standard training
(-2.12% drop on CIFAR-100), while applying it to both com-
ponents similarly underperforms. This confirms that EMA’s
benefit is specifically tied to backbone stabilization rather
than being a general performance enhancement technique.
The optimal configuration—EMA on backbone only—aligns
with our motivation of maintaining backbone stability while
allowing classifiers to fully adapt to their specific tasks.

Interaction with Slow Learner (Tab. 5). Our final ablation
examines whether BYOC benefits from differential learn-
ing rates between backbone and classifier (Slow Learner
approach [50]). Across backbone learning rate multipliers
spanning four orders of magnitude, performance variations
remain within 0.3%, indicating that BYOC’s stabilization
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Table 4. Analysis of EMA application to different model compo-
nents. Results show EMA specifically benefits backbone parame-
ters, while applying it to classifiers or both components degrades
performance, validating our targeted stabilization approach.

Backbone Classifier CIFAR-100  ImageNet-R
last avg last avg

X X 90.42 93.69 79.33 84.19

X v 89.33 91.25 78.86 83.77

v X 91.45 9434 80.47 85.29

v v 89.87 92.15 79.42 84.09

Table 5. Performance of BYOC combined with Slow Learner’s
differential learning rates. The learning rate multiplier controls
the ratio between backbone and classifier learning rates. Minimal
performance variation across four orders of magnitude confirms that
BYOC’s stabilization mechanisms eliminate the need for careful
learning rate balancing.

Method CIFAR-100 ImageNet-R
last avg last avg
BYOC 9145 9434 8047 85.29
BYOC + SL@0.001 91.22 94.12 80.24 85.20
BYOC + SL@0.01  91.50 94.32 80.45 85.34
BYOC + SL@0.1 91.46 9435 80.51 85.31
BYOC + SL@10 91.42 9440 8049 85.28

mechanisms already achieve optimal balance between sta-
bility and plasticity. This robustness to learning rate ratios
further simplifies hyperparameter selection and confirms that
semantic initialization with proper alignment supersedes the
need for careful learning rate tuning.

5. Conclusion

We presented Bootstrap Your Own Classifier (BYOC), which
achieves state-of-the-art continual learning performance
through a simple insight: semantic initialization of classifiers
from pretrained backbones dramatically improves sequen-
tial learning stability. Combined with EMA and classifier
calibration, BYOC outperforms complex methods despite
its simplicity. Our results reveal that pretrained vision mod-
els possess strong inherent continual learning capabilities,
previously untapped due to random initialization practices.
BYOC demonstrates that effective continual learning re-
quires no architectural modifications—proper initialization
and alignment suffice to unlock the full potential of pre-
trained representations.
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