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Abstract

The emergence of multimodal technologies has propelled
Vision-Language Incremental Learning (VLIL) into a re-
search spotlight. Current VLIL approaches predominantly in-
herit unimodal paradigms, failing to address fundamental dis-
tinctions between visual and linguistic modalities. Crucially,
the semantic gap between images and text creates divergent
learning dynamics: visual data exhibits rich, distributed in-
formation while textual representations remain explicit and
compact. Consequently, textual elements align with class-
specific tasks, whereas individual images inherently span
multiple such tasks, creating dual bottlenecks in class-level
memory allocation and scene-level knowledge transfer. To
overcome these challenges, we propose DCIM (Dual Class-
Individual Memory), a novel framework featuring comple-
mentary mechanisms for vision-language continual learning.
For class-level constraints, our Hierarchical Class Memory
Management (HCMM) strategy dynamically allocates mem-
ory resources across object categories. It employs forget-
ting simulation to identify and preserve the most vulnera-
ble samples, ensuring robust long-term knowledge retention.
For scene-level adaptation, the Scene Reconstruction Mem-
ory(SRM) module captures generalized environmental rep-
resentations, enabling contextual transfer to novel classes
and disambiguation of semantically related concepts within
shared scenes.Extensive experiments on two vision-language
tasks, i.e., visual question answering (VQA) and Image cap-
tioning (IC), demonstrate the effectiveness and excellent gen-
eralization ability of our approach, achieving superior perfor-
mance under continual learning settings.

Code — https://github.com/fofo1117/DCIM

Introduction

Vision-Language Models (VLMs) aim to align visual and
textual modalities for comprehensive multimodal under-
standing. Powered by large-scale pre-training and cross-
modal alignment strategies, recent advances have achieved
impressive results on downstream tasks such as Visual Ques-
tion Answering (VQA) (Antol et al. 2015; Teney, Liu, and
van Den Hengel 2017) and Image Captioning (IC) (Ander-
son et al. 2018) under static benchmark settings. However,
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Figure 1: Illustration of challenges in multi-modal class-
incremental learning. Top: Sequential learning of new
classes (Animals — Humans — Locations) while maintain-
ing knowledge of previous classes. Middle: Attention maps
showing how different objects (dog, grass, tree) share sim-
ilar visual contexts within the same scene, requiring the
model to distinguish between coexisting concepts. Bottom:
Experimental results demonstrating catastrophic forgetting
in baseline methods and the effectiveness of our approach in
maintaining performance across tasks.

these models often struggle to generalize to real-world sce-
narios, where information evolves and updates continuously
over time. In such dynamic environments, an ideal multi-
modal system should be capable of incrementally acquir-
ing new knowledge while retaining previously learned ca-
pabilities. This fundamental challenge is known as vision-
language incremental learning (VLIL).

Existing methods largely inherit unimodal paradigms and
struggle to address the inherent structural asymmetry be-
tween visual and textual modalities. Textual features typi-
cally exhibit compact and explicit semantic structures with



strong continuity and memory retention, resulting in rela-
tively mild forgetting during continual learning. In contrast,
visual semantics are spatially distributed, highly context-
dependent, and lack a unified structure. When new cate-
gories are introduced, multimodal alignment mechanisms
often shift visual attention toward novel objects, intensify-
ing the issue of catastrophic forgetting.

Despite the severity of this modality-specific forgetting
problem, current VLIL approaches have primarily focused
on coarse-grained adaptation scenarios. For instance, contin-
ual learning for VQA (Zhang, Zhang, and Xu 2023; Lei et al.
2023; Lao et al. 2023) has concentrated on adapting to new
question types (e.g., ’how many”’, ’why”’) or novel scene do-
mains (e.g., office, outdoor), addressing task-level or scene-
level forgetting when new tasks emerge. However, in prac-
tical applications, the emergence of entirely new question
formats or complete domain shifts occurs relatively infre-
quently. Instead, as shown in Figure 1, the continuous intro-
duction of new object classes within familiar question for-
mats and visual scenes represents the predominant pattern
of knowledge evolution, presenting a more fine-grained and
challenging forgetting scenario that existing methods fail to
adequately address.

Motivation. To this end, this paper investigates two core
problems in vision-language incremental learning. First, as
shown at the top of Fig.1, the model must maintain its
knowledge of previously learned classes while continuously
learning new ones. Second, as shown in the middle part of
Fig.1, multiple visual elements often coexist within a single
scene. This requires the model not only to recall previously
learned class-specific knowledge from similar contexts, but
also to distinguish between multiple concepts within the
same scene, thereby preventing knowledge confusion.

Proposed method. To address the above issues, we pro-
pose a novel vision-language incremental learning frame-
work with Dual Class-Individual Memory (DCIM). Con-
trary to the traditional training splitting approach, we divide
the database according to object superclasses in multimodal-
ity, each of which contains multiple fine-grained sub-classes.
In this way, the DCIM consists of two core components,
i.e. a Hierarchical Class Memory Management (HCMM)
and a Scene Reconstruction Memory (SRM). HCMM is
used for the knowledge memory storage of trained super-
classes, which adaptively updates the memory buffer capac-
ity allocation based on forgetting probability for each su-
perclass after training on new superclass data. By boosting
the sampling of highly forgettable superclass samples in the
class memory space beyond the uniformly allocated training
model, the learning of highly forgettable classes is achieved
while ensuring the learning of new class. To achieve this,
we design a novel forgetting simulation strategy to precisely
identify and prioritize samples with the highest risk of being
forgotten for efficient memory management.

Additionally, we designed a Scene Reconstruction Mem-
ory (SRM) module to create connections between previously
acquired class knowledge and newly introduced classes. On
the one hand, we perform global scene representation capa-
bility by reconstructing the image, and on the other hand, if
the reconstruction loss is too high during inference, we in-
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troduce less loss image features that are most similar to the
current scene for fusion. This facilitates knowledge transfer
between object classes that share similar visual contexts, en-
abling the model to leverage familiar environmental cues for
learning new concepts.

Our comprehensive experiments across multiple bench-
marks demonstrate significant improvements over state-of-
the-art continual learning methods. Overall, our contribu-
tions can be summarized as follows:

1. We propose a novel Hierarchical Class Memory Manage-
ment (HCMM) strategy, which optimizes the utilization
of limited buffer space through task-adaptive memory al-
location and forgetting simulation, enabling more effi-
cient knowledge retention across incrementally learned
classes.

. We introduce a Scene Reconstruction Memory (SRM)
module that enables the model to leverage contextual
similarities across different classes through knowledge
transfer. This mechanism not only mitigates catastrophic
forgetting but also enhances generalization to new class
tasks by exploiting shared visual contexts.

3. We establish new standardized benchmarks for class-
incremental learning on vision-language tasks (VQA and
IC) that better reflect practical, real-world scenarios. Our
extensive evaluation on these benchmarks provides a ro-
bust platform to facilitate future research in this critical
direction.

Related Works
Vision-Language Models
Recent  advances in  Vision-Language  Models

(VLMs) (Zhang et al. 2024; Chen et al. 2019; Ge et al. 2024,
He et al. 2025) have demonstrated remarkable capabilities
in bridging visual and textual modalities across various
tasks, including Visual Question Answering (VQA) (Zhang,
Zhang, and Xu 2023; Lei et al. 2023) and Image Captioning
(IC) (Del Chiaro et al. 2020; Chen et al. 2017, 2018).
While modern approaches, particularly those leveraging
large-scale pre-training (Huang et al. 2021; Li et al. 2020)
and Transformer architectures (Lu et al. 2016), achieve
impressive performance on static benchmarks, they face
significant challenges when deployed in dynamic, real-
world scenarios. The reliance on fixed datasets renders these
models vulnerable to catastrophic forgetting when learning
new classes or concepts incrementally. This fundamental
limitation significantly hinders their practical deployment
in evolving real-world environments. Addressing this
challenge requires developing specialized frameworks for
class-incremental learning in vision-language tasks that
can continually adapt to new knowledge while preserving
previously acquired capabilities.

Class-incremental Learning

Class-Incremental Learning (CIL) (Zhou et al. 2024;
Masana et al. 2022) represents a specific paradigm within
Continual Learning (De Lange et al. 2021; Lesort et al.
2020) where models sequentially learn to recognize new



classes across a series of tasks. A key characteristic of CIL
is that classes from previous tasks are either completely ab-
sent in subsequent tasks or represented by extremely lim-
ited exemplars during new task training. The fundamen-
tal objective of CIL is to continuously acquire knowledge
about new classes while maintaining performance on previ-
ously learned classes. Replay-based approaches (Chaudhry
et al. 2019; Lopez-Paz and Ranzato 2017; Gao and Liu
2023) maintain a fixed-capacity memory buffer containing
a small subset of historical examples to preserve previously
acquired knowledge during new task learning. Given the
buffer’s limited capacity, strategic selection of representa-
tive samples becomes crucial for maintaining method effec-
tiveness. For instance, Reservoir Sampling (Vitter 1985)ran-
domly selects original samples for preservation. iCaRL (Re-
buffi et al. 2017) employs a herding mechanism based on
feature representations to ensure balanced sample selection
across classes. MRFA (Zheng et al. 2024) explores the prob-
lem of buffer case overfitting from the perspective of feature
boundaries. Additionally, numerous outstanding works (Yan
et al. 2022; Ye and Bors 2020; Xiang et al. 2019) have lever-
aged generative models to obtain exemplars. A significant
challenge in sample selection lies in our inability to antic-
ipate which samples will be prone to forgetting during fu-
ture tasks while learning the current task. This challenge be-
comes particularly pronounced in multi-modal tasks, where
the combinations of text and images are infinitely varied,
and even text and images with distinctive features may com-
bine to form easily forgettable samples. To address this, we
propose a simple yet elegant and effective method for buffer
management that maximize knowledge preservation across
tasks. Our approach recognizes the unique characteristics of
forgetting in multimodal reasoning and implements targeted
mechanisms to counteract this phenomenon.

Method
Task Formulation

Incremental Learning in VQA and IC. The vision-
language incremental learning addresses the challenge of
continually acquiring new visual concepts without forget-
ting prior knowledge, under stable language patterns. This
setting reflects real-world applications where systems such
as visual question answering and image captioning continu-
ously encounter new object classes after deployment.

To simulate such dynamics, we organize the dataset based
on the object classes referenced in multimodal samples. For
example, in VQA, a question like “Is this a dog?” is assigned
to the “dog” class, which can be grouped under a higher-
level superclass “animal”. For IC, samples are similarly cat-
egorized according to the entities mentioned in the captions.
Detailed specifications are provided in the Supplementary
Materials. Formally, given a dataset D = {(I;,Q;, A;)}¥,
of NV samples, where I; denotes images, (); questions/cap-
tions, and A; answers/descriptions. Then, we split the data
into a sequence of T' class-incremental tasks. During train-
ing on class task ¢, the model is trained solely on the current
class data D;, which does not appear in previous classes,
forming a class-incremental learning scenario. The central
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challenge lies in learning new knowledge in class-task D,
without forgetting previously learned knowledge.

Benchmark Construction. We establish standardized
benchmarks on VQAZ2.0 (Goyal et al. 2017) and MS-COCO
datasets (Chen et al. 2015), partitioning them into 8 se-
quential class-tasks. To ensure robustness, we evaluate on
both forward and reverse task orderings for VQA and IC,
respectively. This bidirectional evaluation mitigates order-
dependent biases and offers deeper insights into forgetting
patterns under different learning sequences.

Overview

Our DCIM framework addresses catastrophic forgetting
in class-incremental learning through two complementary
memory mechanisms: sample-level memory management
and scene-level knowledge preservation. As shown in Fig-
ure 2, DCIM consists of three core components: (1) a
standard encoder-decoder architecture that processes mul-
timodal inputs (image I, question ) for VQA or None
for IC) to generate answers or captions, (2) a Hierarchical
Class Memory Management (HCMM) module that dynam-
ically allocates memory buffer M based on class-specific
forgetting patterns, and (3) a Scene Reconstruction Mem-
ory (SRM) module that captures and preserves visual scene-
level knowledge Fscene to facilitate cross-class transfer.

Hierarchical Class Memory Management

This module addresses both class-level and sample-level for-
getting by implementing a Dynamic Memory Allocation
strategy and a Forgetting Simulation Strategy to optimize
the allocation of limited memory space and sample selec-
tion, thereby enhancing memory buffer quality.

Dynamic Memory Allocation. Traditional ap-
proaches (Rebuffi et al. 2017) allocate equal memory
space across all previous classes, ignoring their varying
forgetting characteristics. Our key insight is that classes
exhibit different forgetting patterns—some classes are in-
herently more stable, while others are prone to catastrophic
forgetting. Inspired by this observation, we propose a dy-
namic allocation strategy that dynamically adjusts memory
distribution based on each class’s historical forgetting
behavior.

Specifically, given a fixed memory buffer of size M;stq1,
when learning class ¢, we need to accommodate new sam-
ples while preserving knowledge from classes {1, ...,t — 1}.
Our strategy computes class-specific contribution weights
based on their forgetting resilience. For each previous class
1, we first calculate its average forgetting rate F; over past
learning episodes, where the forgetting rate refers to the dif-
ference between the best performance when training class
¢ and the performance after training for the current class t.
Then, the contribution weight is computed as:

1/(FL' + 6)
t—1 =
Zj:l(l/(Fj +¢))
Using these weights, we then determine the new memory
allocation for each class-task:
)

new __ current __
M = M; (
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P =
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Figure 2: Architecture of the proposed Dual Class-Individual Memory (DCIM) framework for multimodal incremental learning.
(A) Hierarchical Class Memory Management (HCMM) dynamically allocates memory buffer across tasks based on forgetting
patterns. (B) Standard encoder-decoder processes multimodal inputs to generate answers/captions. (C) Scene Reconstruction
Memory (SRM) extracts scene-level features and adaptively combines them with prototypical representations through a gating

mechanism for robust cross-task knowledge transfer.

where MY and M"™" are the new and current memory
allocations for class 7. w; is its contribution weight. F; is
its average forgetting rate. Mo 1S the total buffer capacity.
And € is a stabilization constant. These formulations ensure
that class tasks with lower forgetting rates (more stable) con-
tribute more memory space for reallocation.

Forgetting Simulation Strategy. To optimize memory
buffer quality, we need to identify samples that are both
learnable and forgetting-prone to fill the memory M. The
key challenge lies in predicting which samples will be for-
gotten when learning future tasks, as we cannot access future
data during current training.

Previous methods simulate forgetting through random pa-
rameter perturbations or gradient ascent, measuring sample
vulnerability under artificial disturbances. However, these
approaches poorly approximate real forgetting patterns dur-
ing continual learning. We propose a more realistic simula-
tion: using existing memory samples from previous tasks to
estimate how current samples might be affected by future
learning.

For each sample in the current task ¢, we evaluate its mem-
ory priority through a three-stage process. Let L(-) denote
the loss function computed on this sample:

e Stage 1: Measure initial loss L;,; on the untrained model.

» Stage 2: Measure post-training 10ss Liineq after learning
task .

* Stage 3: Measure simulated 1oss Liplay after training on
memory buffer samples.
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Based on these measurements, we compute two comple-
mentary scores:

Learning Score: Quantifies how much the model im-
proved on this sample: Siean = Linit — Lirainea- A higher
Slearn indicates the sample was successfully learned (neither
too simple nor too difficult).

Forgetting Score: Measures vulnerability to interference
from other tasks: Storget = Lireplay — Litrained- A higher Sorger
indicates the sample is easily forgotten when learning other
data.

The final memory priority combines both factors:

3)

where o € [0, 1] balances the importance of learnability
versus forgetting vulnerability. Samples with higher priority
scores are retained in the memory buffer, ensuring we pre-
serve those that are both meaningful to learn and susceptible
to catastrophic forgetting.

Priority = & - Sicarn + (1 — @) - Storget

Scene Reconstruction Memory

To achieve individual-level scene recall across different
samples, our model incorporates Scene Reconstruction
Memory (SRM) module inspired by the AutoEncoder archi-
tecture to extract individual-level scene features from visual
representations. This module compresses the visual individ-
ual features F, € R% into a low-dimensional panoramic
vector Fiene € R% (ds < dy).



Scene Encoder compresses high-dimensional visual fea-
tures into a compact scene representation:

Fscene = ¢2(W2 ' LN(¢1(W1 ' Fv))) (4)

where W, represents learnable mapping weights, LN de-
notes layer normalization, and ¢1, ¢o are activation func-
tions.

Scene Decoder reconstructs the original visual features
from the compressed representation to ensure information
preservation:

Frecon = tanh(W4 . LN(¢3(W3 : Fﬂcene))) 4)

where tanh activation bounds the reconstructed features to
match the normalized input range.

The reconstruction quality is measured by the L2 distance
between original and reconstructed features:

Lrecon = ||Fv - Eecon"% (6)

This reconstruction loss serves dual purposes: during
training, it guides the learning of meaningful scene repre-
sentations; during inference, it provides a confidence score
for the reliability of extracted scene features, which becomes
crucial for handling out-of-distribution inputs .

Adaptive Scene Integration

During inference, the model may encounter novel scenes
that differ significantly from training data, resulting in un-
reliable scene reconstructions. To maintain robust perfor-
mance, we develop an adaptive integration mechanism that
dynamically combines reconstructed scene features with
learned prototypical representations.

Confidence Gating. We introduce a gating mechanism
that evaluates the reliability of reconstructed scene features
based on three factors:

g = U(Wg : [Fscene; Lrecon; Sim(Fscenea P*)]) @)

Where P* is the nearest scene prototype, sim(-, -) computes
cosine similarity, and o is the sigmoid activation. The gate
learns to predict reconstruction reliability by jointly consid-
ering feature quality, reconstruction error, and similarity to
known patterns.

Prototypical Representation. When scene reconstruc-
tion is unreliable, we leverage prototypical representations
learned during training as robust alternatives. We maintain
two complementary types of prototypes:

Category prototypes: For each object category ¢, we com-
pute the mean visual representation:

195 )
FC:i Fvcz
whereF(Cv

.. denotes the i-th visual feature from category c.
Scene prototypes: We discover k recurring scene patterns
via clustering:

{P1,Ps,..., P} = k-means({Fscene,i}ij\il, k) 9)

These prototypes capture common visual contexts (e.g., in-
door, outdoor, urban environments).

®
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For a given input, we construct a hybrid representation
by combining the nearest scene prototype P* with relevant
category information:

Fproto = Wproj : [P*;FCl;FCQ;"'

; Fcn} + bproj (10)

where ¢4, ..., ¢, are the top-n relevant categories based on
the current input, and Wiy,; € R¥%*(ds+mdv) projects the
concatenated features back to the scene dimension.
Adaptive Fusion. The final scene representation com-
bines both sources weighted by the confidence gate:
Fﬁnal

scene

(1)

When g =~ 1 (high reconstruction confidence), the model
relies primarily on the reconstructed scene features. When
g ~ 0 (low confidence), it falls back to prototypical rep-
resentations. This adaptive mechanism ensures robust scene
understanding even for out-of-distribution inputs.

:g'Fscene+(1_g)'Fproto

Experiments
Implementation Details

Model Architecture. We employ VL-T5 (Cho et al. 2021)
as our backbone architecture, which consists of 12 stacked
encoder and decoder blocks, each with 12 attention heads
and an embedding dimension d = 768. For visual feature
extraction, we utilize Faster R-CNN (Ren et al. 2015) pre-
trained on Visual Genome (Krishna et al. 2017) to extract 36
region features per image.

Training Configuration. We train each task for 3 epochs
with a batch size of 128, using the Adam optimizer (Kingma
and Ba 2014) with an initial learning rate of 1 x 10~% and
a linear decay schedule. The memory buffer M maintains a
fixed capacity of 1,000 samples throughout all experiments.
For the Scene Reconstruction module, we set the scene fea-
ture dimension d; = 256 and the reconstruction loss weight
Arecon = 0.005. All experiments are implemented in Py-
Torch and conducted on two NVIDIA RTX 3090 GPUs.

Task Division Strategies. We evaluate our framework us-
ing two task division strategies: (1) Taxonomy-Driven Di-
vision (TDD), where classes within each task share taxo-
nomic relationships (e.g., all animals), testing semantic co-
herence exploitation; (2) Diverse-Driven Division (DDD),
where classes are randomly distributed across tasks, testing
learning of disparate concepts.

Baseline Methods. To rigorously evaluate our approach,
we compare against established continual learning methods:
iCaRL (Rebuffi et al. 2017), TAM-CL (Cai, Thomason, and
Rostami 2023), ER (Chaudhry et al. 2019), DER (Buzzega
et al. 2020), VQACL (Zhang, Zhang, and Xu 2023),
GaB (Das et al. 2025), DECO (Luo et al. 2024)

Additionally, we establish performance boundaries with
two reference models:

* Sequential Fine-Tuning (SFT): A lower-bound baseline
that performs simple gradient updates without any anti-
forgetting mechanisms.

* Upper Bound (UB): An ideal scenario where the model
has simultaneous access to all task data during training.



Method  Memory VQA2.0-TDD R-VQA2.0-TDD VQA2.0-DDD R-VQA2.0-DDD
Size AP F RF AP F RF AP F RF AP F RF

UB None 51.64 - - 5164 - - 5164 - - 5164 - -
””” SFT None 3451 19.80 33.84 3433 1931 35.54 37.61 1632 28.67 3744 1651 2694
iCaRL 1000 3692 1421 27.94 3832 1345 2534 39.67 1141 2341 40.17 1023 21.36
ER 1000 4254 639 1297 4233 681 13.17 4378 5.9 893 4352 534 9.12
DER 1000 4355 577 1176 4361 5.62 11.62 4461 352 607 4435 3.66 6.17
TAM-CL 1000 4339 6.56 13.11 43.17 6.69 1323 4427 421 7.89 4391 448 801
VQACL 1000 4224 7.71 1593 4236 738 1561 4396 477 981 4381 462 951
DECO 1000 4371 6.14 12.63 4325 6.89 12.51 4434 462 751 4423 425 6.84
GaB 1000 4359 6.08 1244 4336 673 1232 4459 432 6.64 4421 382 634
DCIM 1000 4481 594 11.63 44.11 624 1178 4553 3.86 592 4514 391 645
DCIM (KD) 1000 45.03 5.32 11.41 44.56 527 11.26 46.14 328 564 4549 346 5.8

Table 1: Performance comparison across VQA-CIL benchmarks. Results show Average Performance (AP), Forgetting Measure
(F), and Relative Forgetting (RF) on four settings. Our dual-memory approach consistently outperforms existing methods.

Upper bound represents simultaneous training on all tasks (Memory = None), with F and RF metrics marked as

don’t apply to non-incremental learning.

Methog Memory _ COCO-CIL  R-COCO-CIL
Size . BLEU4 F BLEU4 F

UB None 25.7 - 25.7 -

~SFT None 145 139 138 137

iCaRL 1000 175 59 183 57
ER 1000 208 41 211 39
DER 1000 223 32 229 35
TAM-CL 1000 217 34 213 37
DCIM 1000 236 24 229 27

Table 2: Performance comparison across IC-CIL bench-
marks. We report BLEU-4 for generative quality (higher is
better) and the Forgetting measure F (lower is better). All
metrics are presented in percentages (%).

Since knowledge distillation is widely adopted in continual
learning methods (e.g., DER, TAM-CL) despite its computa-
tional overhead, we also present DCIM (KD) to ensure fair
comparison and demonstrate our framework’s compatibility
with this complementary technique.

Evaluation Metrics. Following standard continual learn-
ing evaluation protocols (Chaudhry et al. 2018b,a), we em-
ploy three key metrics to comprehensively assess model per-
formance:

Average Performance (AP): Quantifies the mean perfor-
mance across all previously encountered tasks after complet-
ing the current task.

Forgetting Measure (F): Measures knowledge loss by
quantifying performance degradation for each task com-
pared to when it was initially learned. Lower F values in-
dicate reduced catastrophic forgetting.

Relative Forgetting Measure (RF): Addresses limitations
in the standard forgetting measure by normalizing forget-
ting relative to initial performance. This metric penalizes
methods that achieve low forgetting by compromising initial
learning capability, providing a more balanced assessment
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of the stability-plasticity trade-off in continual learning.

Performance Evaluation

We evaluate our method by comparing it against previous
state-of-the-art approaches, with performance on the VQA
and IC tasks reported in Table 1 and Table 2 , respectively.
The results show that our DCIM framework consistently
leads on the most critical metric, Average Performance
(AP), while also surpassing competitors on the majority
of other metrics. To ensure a fair comparison with meth-
ods that leverage knowledge distillation, we also present
DCIM (KD). This enhanced version further extends our
performance lead, achieving a comprehensive state-of-the-
art result across all evaluated metrics. Furthermore, Figure
3, which plots the accuracy trajectory during the continual
learning process, visually confirms the consistent and supe-
rior performance of DCIM over time.



Method Memory Speed
DER 22.4 2.98
TAM-CL 20.6 2.80
VQACL 134 1.83
ER 11.6 1.62
DCIM 12.8 1.78
DCIM (KD) 21.9 2.86

Table 3: Training resource consumption. Comparison of

memory usage (GB) and speed (s/iter, batch=128) across
different methods.

Model Module Metric
DMA FSS SRM AP(%)t F(%)| RF(%)|
1 X X X 42.54 6.39 12.97
2 Ve X X 43.32 6.84 13.48
5 3 X v X 43.36 5.89 13.65
—g 4 X X Ve 44.41 5.64 11.62
5 5 v v X 43.61 5.91 11.81
Z 6 v X v 44.61 6.11 13.87
7 X v v 44.70 5.99 13.46
8 v v v 44.81 5.94 11.78

Table 4: Ablation studies. This table examines the effec-
tiveness of each component in our dual-memory approach.
We evaluate the impact of Dynamic Memory Allocation
(DMA), Forgetting Simulation Strategy (FSS), and Scene
Reconstruction Memory (SRM) on model performance.

Table 3 presents the resource consumption during train-
ing, highlighting that the performance gains from knowl-
edge distillation often come at a significant resource cost.
Our standard DCIM method not only achieves superior re-
sults compared to KD-based methods like DER and TAM-
CL but does so while remaining lightweight and efficient.
This demonstrates our framework’s strong balance of perfor-
mance and efficiency, with the flexibility to use knowledge
distillation for peak results.

Ablation Study

To evaluate the individual and combined contributions
of our proposed components, we conducted a compre-
hensive ablation study. The analysis revealed that each
component—Dynamic Memory Allocation (DMA), For-
getting Simulation Strategy (FSS), and Scene Reconstruc-
tion (SR)—provides a meaningful performance enhance-
ment over the baseline. Most notably, the SR module de-
livered the single largest improvement in average perfor-
mance (+1.87%) and the most significant reduction in for-
getting (-0.75%), highlighting the critical impact of scene-
level knowledge transfer. Furthermore, the study confirmed
strong synergistic effects, with combinations of compo-
nents outperforming the sum of their individual contribu-
tions. The pairing of FSS and SR was particularly effec-
tive, demonstrating that our sample selection strategy and
scene-reconstruction mechanism are highly complementary.
These results underscore that while all components are ben-
eficial, the scene-level knowledge transfer enabled by SR is
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Figure 4: Attention visualization during class-incremental
learning.

the most crucial element for mitigating catastrophic forget-
ting in our VQA-CIL framework.

Qualitative Analysis

Figure 4 preesents GradCAM (Selvaraju et al. 2017) at-
tention visualizations that illustrate how our model’s atten-
tion mechanisms evolve during incremental learning. The
visualizations reveal two key behaviors that confirm the ef-
fectiveness of our approach. First, the model retains and
distributes its attention across previously learned concepts
when a new class is introduced within the same scene, rather
than completely shifting its focus (Figure 4, a-c). Second,
and more importantly, the model actively leverages contex-
tual features from known classes to learn new ones. This
is clearly demonstrated in the bottom row (d-f), where the
model utilizes features from a person’s clothing (a down
jacket) to help identify the concept of “winter.” This ob-
served cross-task knowledge transfer empirically validates
our approach’s ability to facilitate learning through shared
visual contexts. By establishing meaningful connections be-
tween related concepts instead of learning them in isolation,
our model mitigates catastrophic forgetting and enhances
its performance on new tasks. The attention patterns par-
ticularly support our hypothesis that the Scene Reconstruc-
tion mechanism provides an effective bridge for knowledge
transfer across incrementally learned tasks.

Conclusions

In this paper, We presented DCIM, a novel framework for
Vision-Language Incremental Learning that addresses the
challenge of learning new object classes within shared visual
contexts. Through Hierarchical Class Memory Management
(HCMM) for optimized buffer utilization and Scene Recon-
struction Memory (SRM) for cross-class knowledge trans-
fer, our approach significantly outperforms existing meth-
ods on VQA and IC benchmarks. The strong performance
demonstrates that leveraging scene-level contextual similar-
ities is crucial for multimodal continual learning, providing a
promising direction for real-world applications where mod-
els must continuously adapt to emerging object categories.
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