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Abstract— Continual learning remains constrained by the
need for repeated retraining, high computational costs, and the
persistent challenge of forgetting. These factors significantly
limit the applicability of continual learning in real-world
settings, as iterative model updates require significant
computational resources and inherently exacerbate forgetting.
We present SAILS — Segment Anything with Incrementally
Learned Semantics, a training-free framework for Class-
Incremental Semantic Segmentation (CISS) that sidesteps
these challenges entirely. SAILS leverages foundational models
to decouple CISS into two stages: Zero-shot region extraction
using Segment Anything Model (SAM), followed by semantic
association through prototypes in a fixed feature space. SAILS
incorporates selective intra-class clustering, resulting in multi-
ple prototypes per class to better model intra-class variability.
Our results demonstrate that, despite requiring no incremental
training, SAILS typically surpasses the performance of
existing training-based approaches on standard CISS datasets,
particularly in long and challenging task sequences where
forgetting tends to be most severe. By avoiding parameter
updates, SAILS completely eliminates forgetting and maintains
consistent, task-invariant performance. Furthermore, SAILS
exhibits positive backward transfer, where the introduction of
new classes can enhance performance on previous classes.

I. INTRODUCTION

Continual learning is a paradigm where models
continuously adapt to new data and tasks over time,
unlike traditional isolated learning [1] that rely on fixed
datasets and predefined objectives. However, this process
introduces the challenge of catastrophic forgetting [2], where
learning new tasks overwrites previously learned knowledge,
degrading performance on previous tasks. Forgetting is an
inherent consequence of the training process, as learning
requires updating model parameters that adversely interferes
with previously learned weights. The severity of forgetting
largely depends on the task sequence, with longer sequences
amplifying the cumulative effect of incremental updates
and worsening forgetting over time. The stability-plasticity
dilemma [3] also influences forgetting, highlighting the
challenge of retaining prior knowledge (stability) while
adapting to new information (plasticity). While mitigating
forgetting remains the primary challenge in continual
learning, efficiency is an equally crucial factor, particularly
for real-world applications. Continual learning is inherently
storage-efficient, as it works under the confines of restricted
or no access to previous data. However, computational
efficiency has only recently received attention, despite its

importance for practical deployment. Most CL methods
assume access to extensive offline resources for continual
updates, an unrealistic expectation in resource-constrained
environments. Parameter-Efficient Continual Learning
(PECL) addresses this by leveraging Parameter-Efficient
Fine-Tuning (PEFT), updating only a small subset of
parameters. This significantly reduces overhead, making
continual learning more practical in resource-constrained
environments. Despite its advantages, PECL still struggles
with forgetting, as even minimal weight updates can
interfere with previously learned tasks. Although more
efficient than full fine-tuning, PECL methods still involve
time-consuming training per task, limiting their use in real-
world scenarios. Given these challenges, the desideratum
of continual learning is to eliminate forgetting while
maintaining resource-efficient adaptation. While preventing
weight updates entirely is the only way to fully avoid
forgetting, it limits the model’s capacity to learn new tasks.
This trade-off presents a core challenge: How can we build
a continual learning system that is both resource-efficient
and capable of learning new tasks without forgetting?

In this work, we present Segment Anything with
Incrementally Learned Semantics (SAILS), a novel
training-free framework for Class-Incremental Semantic
Segmentation (CISS). Our method leverages the powerful
generalization capabilities of foundational models to
segment objects and progressively learn new class semantics
over time. We formulate CISS as a combination of two
components: (1) Spatial segmentation and (2) Semantic
association. First, we utilize the Segment Anything Model
(SAM) [4] to extract object regions in a zero-shot, prompt-
free manner. Then, we incrementally assign semantic
meaning to these segments using class prototypes derived
from a frozen network pretrained on large and diverse data.
This enables continual adaptation without updating any
model parameters. Our approach offers several advantages:

o Training-Free Continual Learning: Our framework
enables continual learning without retraining, ensuring
computational efficiency and near real-time adaptation.

o Forgetting-Free Learning: By avoiding model up-
dates, SAILS sidesteps forgetting, maintaining stable
performance across tasks without degradation over time.



o Task-Invariant Results: SAILS achieves consistent
performance regardless of task sequence or length.

« Positive Backward Transfer: SAILS promotes posi-
tive backward transfer, improving performance on pre-
vious classes while adapting to new classes.

II. BACKGROUND AND RELATED WORKS

Incremental learning involves learning from a sequence
of tasks over time and is commonly categorized into three
settings [5]. In domain-incremental learning, the input distri-
bution shifts while the number of classes remains fixed. In
class-incremental learning, new classes from the same input
distribution are introduced incrementally. Task-incremental
learning can involve either domain or class shifts but as-
sumes task IDs are available during inference. Recent works
have extended these paradigms to more realistic scenarios:
Evolving ontologies and semantic refinement [6], [7], incre-
mental learning across modalities [8], [9], and simultaneous
adaptation to domain and class shifts [10], [11]. In this work,
we focus on class-incremental semantic segmentation, where
disjoint subsets of classes are introduced sequentially.

A. Class-Incremental Semantic Segmentation

ILT [12] uses knowledge distillation across output and
intermediate features with a frozen encoder. MiB [13] mit-
igates background shift through a modified distillation loss,
to compare previous background predictions with current
background and new class predictions. PLOP [14] uses
pseudo-labels for background pixels representing previously
seen classes. MBS [15] highlights the misclassification of
undetected old class pixels as background during pseudo-
labeling, and proposes selective pseudo-labeling and adaptive
distillation. SSUL-M [16] introduces an unknown class to
separate future classes from the background, in addition
to pseudo-labeling of previous classes and rehearsal with
exemplar memory. ALIFE [17] replays stored feature rep-
resentations instead of explicitly storing data from previous
tasks. RECALL [18] retrieves or generates old class images
and pseudo-labels them using previous models. SATS [19]
leverages transformer self-attention maps and class-specific
region pooling for both inter-class and intra-class knowledge
distillation. CIT [20] introduces a class independent trans-
formation to convert outputs into class-independent forms,
enabling accumulative distillation. NeST [21] proposed a
new classifier pre-tuning method that learns a transformation
from old classifiers to initialize new ones.

B. Parameter-Efficient Continual Learning

Parameter-Efficient Continual Learning (PECL) enables
continual learning in resource-constrained environments
by leveraging Parameter-Efficient Fine-Tuning (PEFT)
methods to reduce trainable parameters and computational
overhead. PEFT methods [22] include additive tuning,
which introduces new parameters through adapters [23],
[24], or prompts [25], [26]); Partial tuning of selected
weights [27], [28], [29], and reparameterization with low-
rank updates [30], [31]. Building on these methods, recent

PECL techniques include: Training of task-specific LoRA
models [32] and merging of them using task arithmetic
[33]. CoLoR [34] uses LoRA expert models and k-means
clustering to infer task-ID during inference. LAE [35]
introduces a three-stage framework: online PEFT for task
learning, offline PEFT for knowledge accumulation, and
ensembling for inference. O-LoRA [36] incrementally adds
LoRA modules while enforcing orthogonality across tasks to
reduce interference. InfLoRA [37] proposes interference-free
low-rank adaptation by constructing subspaces to prevent
interference between tasks. CLoRA [38] uses a single LoRA
module with knowledge distillation to transfer knowledge
between tasks in class-incremental semantic segmentation.

C. Continual Learning with Pre-trained Networks

Recent advancements in foundation models and large-scale
pretraining have significantly influenced continual learning.
Pretrained models provide strong generalization capabilities,
reducing the need for extensive task-specific training.
However, adapting these models for continual learning intro-
duces unique challenges, including catastrophic forgetting of
pretrained knowledge, distribution shifts between pretraining
and downstream tasks, and limited plasticity in frozen or
partially frozen networks. Pelosin [39] presents a training-
free approach that leverages pretrained models to compute
class prototypes and populate a memory bank. Similarly,
[40] demonstrate that a frozen pretrained feature extractor
with a Nearest Mean Classifier (NMC) can outperform more
complex methods, underscoring the strength of pretrained
representations. Extending this idea, [41] proposes Adapt and
Merge (APER), which first adapts the pretrained model on
the initial training set using PEFT to bridge the domain gap.
APER concatenates frozen embeddings from both models
to preserve generalizability and adaptivity. Supervised
Contrastive Replay [42] improves nearest-prototype
classification by encouraging intra-class compactness and
inter-class separation in the embedding space. RanPAC [43]
inserts a frozen random projection layer between pretrained
model features and the output head to improve separability
between classes, ensuring better class prototypes

III. SEGMENT ANYTHING WITH INCREMENTALLY
LEARNED SEMANTICS

While continual learning with pretrained models has
made significant strides, the majority of these advancements
have focused primarily on image classification tasks. Class-
incremental learning involves incrementally learning from
a sequence of tasks 7' = {0,1,...,n}, where each task
t introduces non-overlapping subsets of classes such that
Cy C Cand C;NC; = 0 Vi # j. In classification, each
image I corresponds to a single label ¢ € C}, and the subset
of classes C; C C encountered across tasks 7" is disjoint.
In contrast, semantic segmentation involves dense, pixel-
wise predictions where multiple classes may exist within a
single image. At each time step ¢, the model has access
to annotations only belonging to a subset of classes Cj.
Pixels belonging to classes outside C';, which include classes
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Fig. 1: The input image is first segmented using SAM, and the resulting masks are iteratively refined to produce an aggregated
mask with distinct, non-overlapping regions, which are then used for extraction of region proposals from the image.

seen so far Cp.;_1 and potential future classes Cy 1., are
labeled as background. When distilling knowledge between
tasks, this results in a mismatch between the predictions
of the previous and current task model, resulting in back-
ground shift and exacerbating the problem of catastrophic
forgetting. Background shift necessitates relearning of the
current classes, which may have been previously learned
as the background class, and would require retraining. In
a training-free setup, where updating previous knowledge is
not possible, we must find a way to handle classes outside
the current subset C; without retraining. To address this
challenge, we propose a modular decomposition of class-
incremental semantic segmentation into two subproblems:

o Spatial Segmentation Using SAM, we generate class-
agnostic region proposals R = {ry,rq,...,7x}. These
proposals represent potential objects and provide a
spatial prior for downstream semantic reasoning.

o Semantic Association As new classes C; are intro-
duced, we update the semantic understanding of the
regions using class prototypes, ensuring a consistent and
continually refined mapping from regions to classes.

A. Spatial Segmentation

We first segment the input images using the automatic
mask generator from Segment Anything Model (SAM) [4].
SAM provides the flexibility to generate segmentation masks
without any task-specific training, making it suitable for
continual learning. However, integrating SAM into class-
incremental semantic segmentation poses two key chal-
lenges: mask granularity and missing semantic context.

1) Mask Granularity.: The output from SAM typically
consists of a large number of masks, many of which
are overlapping and redundant. These masks tend to be
fine-grained, often representing sub-parts or fragments of
objects. While this granularity can be valuable for certain
applications, it poses a challenge for semantic segmentation.
These fragmented regions do not adequately capture the
holistic characteristics of objects, which is crucial for
subsequent semantic learning. To address these challenges,
we implement a refinement step that consolidates the initial
SAM output into a single mask per image. By prioritizing
large, non-overlapping masks and discarding redundant and
partial masks, our approach produces object-level segments.

Let I be the input image, and M = {M;, Ms,..., My}

denote the set of binary masks generated by SAM, where
each mask M; € {0,1}7*W represents a region and is
accompanied by metadata, including its area. We first
remove masks that trivially cover most of the image, as they
are unlikely to represent meaningful object instances. We
retain masks whose area is less than a threshold fraction
Tarea = 0.9 of the total image size:

M ={M; € M |area; < Toreq - (H-W)} (1)

Next, we sort the filtered masks in descending order by area.
Larger masks are more likely to represent entire objects,
whereas smaller masks often correspond to object parts.
Sorting ensures that larger, more comprehensive regions are
prioritized during mask consolidation:

M =My, My,..., Mk} with Ay >--->Ax  (2)

where A; denotes the area of mask M;.

We initialize an empty composite mask My, €
{1,2,.. YW where each pixel holds an integer
label corresponding to a region 7. Initially, all values in
M, are zero, indicating that no region has been assigned.
We then iterate over each sorted mask M; € M’. For each
mask, we check if it contains foreground pixels not yet
labeled in M,,,. If such pixels exist, we assign a new label
c to these pixels, incrementing c sequentially for each new
region. The update rule for each pixel (x,y) is:

Magg(xay) =c if Ml(x7y) =1 and Magg(m>y) =0 (3)

We repeat this process for all masks in M’, resulting in
the composite mask M,z that contains unique and non-
overlapping region proposals R = {ri,ra,...,rx}. These
regions form the basis for the subsequent incremental se-
mantic learning. Fig. 1 illustrates this aggregation process,
where the output from SAM is consolidated into Myg,.

B. Semantic Association

SAM produces class-agnostic masks by segmenting image
regions purely based on visual and spatial characteristics,
without any semantic information. Following the initial seg-
mentation step using SAM, the resulting mask segments or
region proposals are used for extracting regions of interest
(Rols) from the image. The key challenge that follows is
to incrementally assign semantic labels to these segments
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Fig. 2: Overview of the incremental semantic learning process. Regions of interest (Rols) corresponding to classes introduced
in the current task are embedded using a frozen pretrained backbone. For each class, either a single prototype or multiple
sub-prototypes are computed based on the intra-class variability.

as new classes are introduced over time. This requires a
continual learning method that sequentially integrates new
classes with unlabeled regions while preserving previously
learned knowledge and preventing forgetting. This reframes
continual semantic segmentation as a continual classifica-
tion problem of the segmented regions. Although existing
continual learning methods for image classification could be
adapted for this purpose, they rely on training and updating
the model, which brings us back to the core motivation of
this paper: Training is computationally expensive, forgetting
becomes inevitable, and severe performance degradation
often occurs over long task sequences.

To overcome these challenges, we propose a prototype-
based classifier built upon frozen, pretrained vision back-
bones that requires no additional training or parameter up-
dates. Our approach consists of the following steps:

o Feature Extraction: Given an input image, we extract
Regions of Interest (Rols) using the aggregated SAM
mask. Each Rol r is a rectangular crop around the ob-
ject, with the background masked and is passed through
a frozen network f(-) to obtain a feature embedding:

» =norm(f(r)) € R? “)

where d is the feature dimension.
o Prototype Computation: For each new class ¢ € C},
we compute a class prototype p. by averaging the

embeddings of all segments belonging to class c:

1 &
(F ZZH)’
¢ =1

where N, is the number of segments labeled as class c.

o Classification by Prototype Similarity: To classify
a new segment r, we compute the cosine similarity
between its embedding z, and each stored prototype for
all classes Cyp.; encountered up to task t. The segment
is assigned the class with the highest similarity score
exceeding a predefined threshold 7y, :

)

P: = norm

Pc e
arg max if sim > Tgim

c€Co:t ||Zr|| HpCH
BG,

Yr = (6)

otherwise

To address the background shift problem in class-
incremental semantic segmentation, we incorporate a sim-
ilarity threshold 7g;,,, = 0.5 during classification. Some Rols
may correspond to future classes or background regions that
are not semantically relevant. As both cases lack valid labels
in the current task, we assign such Rols to the background
(BG) class if their similarity to all known class prototypes
falls below the threshold. This prevents misclassification
and avoids assigning incorrect semantics to ambiguous or
currently irrelevant regions.

1) Intra-Class Variance: A key limitation of relying on
a single prototype per class is its inability to capture high
intra-class variability effectively. Classes like dogs with



varied breeds or vehicles of different types exhibit significant
visual diversity that a single prototype cannot fully represent.
Averaging widely dispersed embeddings can cause the class
prototype to fall into semantically ambiguous regions of
the feature space, failing to align well with any specific
subgroup. Addressing this limitation, we introduce an intra-
class clustering mechanism for classes with high variance. To
identify classes with high variance, we compute a variance
score based on cosine distance. For each class, we calculate
the mean feature vector y. and measure the average cosine
distance to all feature vectors in the class. This score reflects
how tightly the features are grouped, with higher values
indicating more variance. Classes with variance scores above
0.4 are chosen for sub-clustering.
1
Variance, = N Z cosine_distance(x;, (i) @)
i=1

By freezing the backbone and only incrementally adding
new class prototypes, our approach remains training-free,
efficient, and inherently resistant to forgetting as it avoids
interference with previous class prototypes. Fig. 2 illustrates
this process: Rols corresponding to classes introduced in
the current task are embedded using a frozen pretrained
backbone, and prototypes are computed for each class.
During inference, the Rol embedding is matched against all
prototypes and sub-prototypes across classes and assigned
the class with the highest similarity.

IV. RESULTS

In this section, we present experiments and results that
demonstrate the effectiveness of our approach. We begin by
describing the datasets used, followed by the baseline meth-
ods and implementation details. We then provide a detailed
analysis of our approach’s performance across incremental
tasks, highlighting its advantages over existing methods.

A. Datasets

We evaluate our approach on two standard benchmarks for

class-incremental semantic segmentation (CISS):

e PASCAL VOC 2012 [44] consists of 21 semantic
classes with 1,464 images in the training set. Most CISS
methods use the augmented set with over 10k images,
while our training-free approach achieves similar results
using only the original training split, eliminating the
need for large-scale annotated data.

« Cityscapes [45] is a challenging urban scene under-
standing dataset with 19 semantic classes and 2,975
training images. Our results on Cityscapes further high-
light the effectiveness and suitability of our approach
for real-world applications like autonomous driving.

B. Baselines and Implementation

For all comparisons, we adopt the SegFormer-B2 architec-
ture from the SATS framework [19], while for SSUL, we use
its corresponding framework. We perform a comprehensive
comparison against joint training (JT) and several state-
of-the-art CISS methods, including ILT [12], MiB [13],

TABLE I: Results (in mIoU) on PASCAL VOC [44] dataset
after learning all steps. SAILS™* denotes intra-class clustering.

Method 1-1 2-1 5-1 2-2
(20 Steps) | (19 Steps) | (16 Steps) | (10 Steps)
JT 80.12 80.12 80.12 80.12
ILT [12] 05.55 05.95 06.25 10.72
MiB [13] 17.03 25.74 45.63 51.83
PLOP [14] 07.55 08.14 06.94 11.32
SATS [19] 17.97 05.89 37.86 39.74
SSUL [16] 29.15 38.32 48.65 45.31
CLIP 35.97 35.97 35.97 35.97
SAILS 54.43 54.43 54.43 54.43
SAILS* 57.96 57.96 57.96 57.96

PLOP [14], SSUL [16], and SATS [19]. The joint training
baseline trains the model on all classes simultaneously in a
single task. As a result, it does not experience catastrophic
forgetting and serves as the upper-bound for comparison. We
also compare against SAM+CLIP, which combines SAM
and the default CLIP [46] ViT-B model with the officially
published code for zero-shot prediction. While it shares
the training-free benefits, we highlight its challenges and
limitations. For feature extraction in our approach, we use
a Swin-B [47] network pretrained on ImageNet. To handle
classes with high variance, we apply k-means clustering
with k = 5 within each class to obtain multiple fine-grained
sub-prototypes that better capture semantic diversity.

C. PASCAL VOC

We evaluate robustness under long task sequences
where conventional methods typically struggle due to the
cumulative effect of forgetting. CIL settings use init-inc
notation, where init is the initial number of classes and inc
the classes added incrementally, both of which influence
the severity of forgetting. We conduct experiments under
the 7-1, 2-1, 5-1 and 2-2 task splits, which lead to a
large number of incremental steps. The performance of
our approach is compared against state-of-the-art (SotA)
baselines, as summarized in Tab. 1. Performance of existing
approaches degrades significantly as the number of steps
increases, highlighting their limitations in handling long task
sequences. In contrast, our training-free framework, SAILS,
maintains consistent performance across all task configu-
rations, showcasing its robustness and task-invariant results
regardless of sequence length. Furthermore, with intra-class
clustering, we observe improved performance across tasks.

D. Cityscapes

To further validate the generalizability of our approach,
we evaluate SAILS on the Cityscapes [45] dataset under
similar challenging task splits: /-1, 2-1, 3-2, and 5-1.
We compare SAILS against SotA baselines under these
extreme task splits and the results are presented in Tab. II.
Forgetting is amplified by the underrepresented classes such
as motorcycle and bicycle, which are encountered toward
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Fig. 3: CLIP misclassifications of region segments

TABLE II: Results (in mIoU) on Cityscapes [45] dataset after
learning all tasks. SAILS* denotes intra-class clustering.

Method 1-1 2-1 5-1 3-2
(19 Steps) | (18 Steps) | (15 Steps) | (9 Steps)
JT 59.06 59.06 59.06 59.06
ILT [12] 00.12 00.22 01.52 00.81
MiB [13] 29.71 31.03 35.35 35.06
PLOP [14] 11.48 11.78 16.79 22.10
SATS [19] 15.16 21.26 24.12 33.63
CLIP 15.48 15.48 15.48 15.48
SAILS 36.51 36.51 36.51 36.51
SAILS* 45.06 45.06 45.06 45.06

TABLE III: Comparison of segment quality across methods.

Segments mloU Precision Recall
Ground Truth 56.18 80.35 71.20
Ground Truth (Non-BG) 70.87 98.49 71.64
SAM [4] 27.52 47.67 37.67
Mask2Former [48] 40.51 64.71 48.14
SAM-Agg (Ours) 54.43 79.25 63.67

the end of the task sequence in Cityscapes, and hinders
effective learning in later stages. In contrast, SAILS exhibits
stable performance across all tasks, mirroring the robustness
observed on PASCAL VOC. Our training-free approach
circumvents the cumulative performance degradation
observed in methods that rely on model updates.

E. Intra-Class Clustering

While our training-free approach ensures efficiency and
avoids forgetting, it relies on frozen features, limiting adapt-
ability to intra-class variability. To address this, we introduce
intra-class clustering, allowing multiple prototypes per class
to better capture feature diversity. As shown in Tab. IV, intra-
class clustering leads to improved segmentation performance
for most of these classes. However, for visually similar
classes like chair and sofa, performance slightly drops. This
is likely due to increased confusion between these classes,
as the additional prototypes can represent similar visual fea-
tures. For potted plant, clustering improves recall but reduces
precision. Background segments like trees and vegetation are
misclassified as potted plants due to their visual similarity.

Predicted: Monitor Predicted: Diningtable

due to shortcut learning and ambiguous regions.

F. Positive Backward Transfer

While most continual learning methods have primarily
focused on mitigating forgetting, SAILS goes further
by exhibiting positive backward transfer, improving
performance on previous tasks as new classes are added.
This effect is more pronounced when the newly added
classes are visually similar to the previously learned classes.
The new semantic context helps disambiguate earlier
misclassifications between visually similar classes. We
illustrate this phenomenon in Tab. V using the 15-5 task
setting on PASCAL VOC. After learning the initial 15
classes in step 0, we observe that their performance improves
following the introduction of the final 5 classes in step
1. For instance, introducing train enhances the previously
learned bus by offering finer semantic contrast. Similarly,
the addition of sofa improves the visually similar chair class.

G. Zero-Shot Segmentation using SAM and CLIP

While CLIP [46] is effective for zero-shot classification,
applying it to region-level segmentation reveals several
limitations. It exhibits shortcut learning, where regions are
misclassified based on scene context rather than object-
specific features. In Fig. 3, the sky surrounding the plane
is misclassified as aeroplane, likely due to the plane’s
silhouette. Similarly, the grass around the sheep is labeled
as cow, likely due to the contextual similarity between the
two scenes. CLIP also struggles with partial or ambiguous
region segments such as windows and signboards being
classified as monitor based on shape similarity. More
critically, CLIP struggles in continual learning settings
that require recognizing novel, fine-grained classes not
encountered during its pretraining. Without task-specific
fine-tuning, its utility for incremental learning is limited.

V. DISCUSSION

In this section, we discuss key design choices and
limitations of our framework, and outline promising
directions for future work. Our goal is to highlight the
trade-offs underlying our approach and identify areas where
further research could extend its applicability.

A. Leveraging SAM for Segmentation

A key design choice in our framework is the use of SAM
[4] for universal region segmentation. While computationally
heavier, SAM provides dense and high-quality masks and
crucially, generalizes across domains without retraining.



TABLE IV: Task-invariant class-wise IoU on PASCAL VOC [44]. SAILS* denotes our approach with intra-class clustering.
Classes represented with intra-class clustering are highlighted in bold.
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transfer on the initial 15 classes after learning the final 5 classes in step 1.
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In contrast, salient object detection
foreground objects, and panoptic
are dataset and domain specific,
performance when applied to new domains. To quantify
segmentation quality, we compare SAM segments, our
aggregated object-level segments (SAM-Agg), and ground
truth (GT). We include proposals from [49] generated using
Mask2Former [48], a panoptic segmentation model trained
on MS-COCO [50]. We assign classes using the same
training-free, prototype-based classification, and the results
are presented in Tab. III.

covers only dominant
segmentation models
leading to degraded

Ground-truth  segments represent the wupper bound
of segmentation performance, providing precise and
semantically consistent masks, serving both as a reference
for ideal segmentation and evaluating our prototype-based
classification. Excluding background segments further
improves accuracy and precision while maintaining high
recall. SAM’s fine-grained masks capture detailed part-level
structures but often over-segment objects into fragmented
components such as parts or limbs. Our refinement
(SAM-Agg) consolidates these into coherent object-level
masks, leading to an improvement in precision and recall
while also reducing the number of segments and thus
computational cost. Mask2Former produces stronger
segments than SAM, but this advantage is largely due to its
training on COCO [50], which closely resembles PASCAL
VOC [44] highlighting SAM’s strength as a training-free,
domain-agnostic alternative. More computationally efficient
alternatives to SAM, can help alleviate the computational
demands and lower resource requirements.

B. Frozen Pretrained Representations

Since our framework uses a frozen feature extractor, its
adaptability is ultimately constrained by the discriminative
capacity of the pretrained backbone. To mitigate this limi-
tation, we employ selective intra-class clustering to identify
subgroups within each class. However, distinguishing
between visually or semantically similar classes remains
challenging. Classes such as sofa and chair share many
visual characteristics, leading to frequent misclassifications.

Using a frozen backbone without task-specific retraining
ensures task-invariance and prevents catastrophic forgetting,
but it also constrains adaptability. Future work could explore
methods to improve downstream adaptation while retaining
efficiency through PECL. Additionally, methods built on
top of the frozen features, such as contrastive learning, can
enhance separability between classes while maintaining the
benefits of a frozen, stable backbone.

VI. CONCLUSION

Continual learning is often hindered in real-world settings
due to the need for repeated retraining, high computational
costs, and catastrophic forgetting. Addressing these chal-
lenges, we present SAILS, a training-free framework for
class-incremental semantic segmentation that avoids retrain-
ing and forgetting by leveraging SAM for zero-shot region
extraction and prototype-based semantic association. With
selective intra-class clustering, SAILS effectively handles
class variability and consistently outperforms training-based
methods, especially in long task sequences. The training-
free approach ensures task-invariant performance and even
positive backward transfer, making it a robust and efficient
solution for continual semantic segmentation.
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