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Abstract. Continual learning in visual question answering (VQACL) re-
quires a single vision—language model to acquire new multimodal reason-
ing skills from a task stream while retaining prior capabilities. However,
naive sequential finetuning suffers from catastrophic forgetting. Existing
continual VQA methods primarily rely on replay or parameter regulariza-
tion but largely overlook how task-specific updates accumulate and inter-
act in parameter space, particularly whether successive updates are syn-
ergistic or conflicting across layers. To address this, we introduce SCoT
(Similarity-guided Conflict-aware Task Consolidation), a continual learn-
ing framework that represents each task as a parameter update relative to a
pretrained anchor model and integrates tasks through layer-wise parameter-
space reasoning. For each layer, SCoT measures alignment between incom-
ing and accumulated task vectors, removes only destructive components via
conditional projection when conflicts arise, and adaptively modulates con-
solidation strength using similarity-guided weighting. This preserves ben-
eficial transfer while suppressing harmful interference, enabling stable yet
adaptive continual learning. Experiments on VQAv2 and NExT-QA demon-
strate strong continual VQA performance, reducing forgetting to near-zero
(0.07 and -1.90) while achieving rare positive backward transfer (+5.64 and
+6.97), outperforming strong continual-learning and task-vector baselines.
Project page: https://anand-patelO5.github.io/SCoT
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1 Introduction

Modern vision-language models (VLMs) deliver strong visual question answering
(VQA) by learning rich multimodal representations and compositional reasoning
from large-scale pretraining [4,11,26,31]. However, in deployment, these models are
rarely trained once and frozen [56]. They must continually acquire new capabilities,
particularly new question types, reasoning patterns, domains, or datasets over time
while remaining reliable on earlier skills. Enabling such continual VQA remains a
fundamental challenge because naive sequential fine-tuning rapidly induces catas-
trophic forgetting [39], disrupts cross-modal alignment [75,76], and can erode the
general-purpose reasoning inherited from pretraining [33].
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Fig. 1: Independent fine-tuning yields task-specific optima but requires storing separate
model parameters for each task, leading to high memory overhead. Sequential fine-tuning
suffers catastrophic forgetting due to task interference. Our method steers learning in
parameter space toward a shared optimum under continual learning constraints, by geo-
metrically consolidating task directions into a single shared model.

To address this challenge, existing continual VQA methods [2,5,9,24,37,58, 78|
largely adapt techniques from unimodal continual learning. They rely on replay
buffers (small subset of data from past training), regularization, or architectural
heuristics that constrain training dynamics in activation or loss space [6,47, 60,
63,65]. While effective to some extent, these approaches treat each task update as
an opaque optimization step and provide limited control over how task knowledge
accumulates and interact in the shared parameter space. As a result, they struggle to
exploit positive transfer between related task and often trade plasticity for stability
in a brittle manner. This motivates a key question: Can we go beyond preventing
forgetting to actively enable beneficial knowledge transfer by explicitly modeling
whether successive task updates are synergistic or conflicting in parameter space?

A natural route to explicit control over continual updates is to operate di-
rectly in parameter space using task vectors [21], where each task is represented
as a displacement from a pretrained anchor and continual learning becomes con-
solidation of these displacements over time. This view has motivated a range of
model-merging approaches that combine task-specific updates through weight av-
eraging [22, 62|, Fisher-weighted merging [38], continual model merging [54, 68|,
or sign- and magnitude-based heuristics [66, 71], enabling exemplar-free knowledge
integration. However, most such methods target offline merging of independently
trained models and assume access to a pool of completed task models; thereby es-
caping the harder continual-learning regime, where tasks arrive sequentially with
data and must be learned, integrated, and deployed on the fly.

More recent approaches adapt task-vector consolidation to continual settings.
MagMax [36] retains the maximum-magnitude parameter update per element, while
DuET [40] introduces layer-wise magnitude-driven mixing with directional consis-
tency regularization. However, both remain magnitude-centric and do not explic-
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itly model alignment between successive task updates—failing to resolve directional
conflicts, where incoming updates partially negate consolidated knowledge, and be-
having conservatively in ways that limit both forward and backward transfer. This
motivates consolidation strategies that reason explicitly about task update geome-
try to preserve synergistic components while suppressing destructive interference.

We propose to reinterpret continual multimodal learning as geometric consolida-
tion in parameter space (Fig. 1) and introduce SCoT, a continual learning framework
for multimodal transformers. SCoT explicitly models how an incoming task vector
interacts with accumulated knowledge per layer. It first measures directional align-
ment between incoming and consolidated task vectors; when conflicts arise, it re-
moves only the destructive component via conditional geometric projection, rather
than employing uniform shrinking or magnitude-based mixing. It then applies a
similarity-guided weighting scheme that modulates the consolidation strength, inte-
grating compatible tasks more aggressively while conservatively merging incompati-
ble ones. This similarity-guided, conflict-aware layer-wise consolidation respects the
hierarchical structure of transformers, enabling individual layers to balance stability
and plasticity independently.

This formulation enables a fundamen-
tally different continual learning behav- o) pe
ior. Instead of competing for shared pa-
rameters, tasks can reinforce one an-
other when aligned and be selectively de-
coupled when conflicting. As a result,
learning becomes constructive rather
than competitive, enabling the contin- —— — —- —
ual model to refine shared representa-
tions over time. Our approach, there-
fore, not only reduces forgetting to near-
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Fig. 2: Surpassing the Upper Bound.
On VQAv2, SCoT effectively eliminates for-

zero (Tab. 1), but also achieves positive
backward transfer—a rare regime in con-
tinual learning (Fig. 4). Remarkably, on

getting (AF ~ 0) and, remarkably, outper-
forms Joint Training—the traditional up-
per bound for continual learning.

VQAv2, SCoT surpasses even joint multi-task training (Fig. 2), demonstrating that
continual learning with proper consolidation can exceed the traditional upper bound
for continual learning.

Our major contributions are as follows:

1. We introduce a task-vector perspective for continual learning that anchors con-
tinual adaptation around a pretrained multimodal backbone.

2. We propose SCoT, a continual learning framework that explicitly controls how
task updates accumulate and interact in parameter space.

3. We demonstrate a consistently superior stability—plasticity trade-off across di-
verse benchmarks, including VQAv2 and NExT-QA, achieving near-zero forget-
ting (0.07 and -1.90) and rare positive backward transfer (+5.64 and +6.97).



4 Patel et al.

2 Related Work

2.1 Visual Question Answering. VQA [3| requires jointly reasoning over images
and text to answer natural-language queries. Early systems relied on attention-
based multimodal fusion [69,72,76], while modern VLMs unify visual and linguistic
representations within pretrained architectures [11], with generative VQA treating
answering as open-vocabulary text generation. A long-standing challenge is compo-
sitional generalization—the systematic recombination of known concepts [20, 23, 29|
which prior work addresses via factorized representations and disentangled objec-
tives [10, 77] but primarily under offline, fixed-dataset assumptions that do not
extend to non-stationary task streams.

2.2 Continual Learning. CL [56] aims to incrementally acquire knowledge from
a task sequence while preserving prior capabilities, but suffers from catastrophic
forgetting [39]. Classic approaches include regularization [2, 24,43, 51], rehearsal
[5,8,9,55,57], and architectural heuristic [27,49, 70|, with more recent variants
emphasizing gradient-interference control [8,34, 50, 67], robust representations [12,
14-16], and prompt-based adaptation for pretrained transformers [52, 58, 59, 61].
Yet most CL methods target unimodal class-incremental learning; in multimodal
or generative regimes, they often struggle to preserve cross-modal alignment and
compositional structure, essential for VQA.

2.3 Continual VQA. Continual VQA extends CL to multimodal reasoning [41,
53, 78], where both visual and linguistic distributions drift over time. VQACL [78]
formalized a generative continual VQA benchmark and showed that standard CL
techniques [2,5,9,24, 58| are insufficient, proposing rehearsal with dual-level task
organization and prototype memory. QUAD [37] improved efficiency and privacy via
question-only replay and attention distillation. Despite progress, these approaches
mainly operate in activations or gradient space and treat each task update as an
opaque outcome of optimization, offering limited control over how task knowledge
accumulates or conflicts in parameter space.

2.4 Task Vectors and Model Merging. Task vectors [21] encode task knowl-
edge as weight displacements from a pretrained anchor, enabling parameter arith-
metic for composition and multi-task adaptation [38,62,66]. However, most merging
approaches, including continual variants, operate offline, consolidating pools of in-
dependently trained models post-hoc [13, 54, 68|, bypassing the harder continual
regime where tasks must be learned and integrated on the fly. MagMax [36] and
DuET [40] are closest to this regime, but remain magnitude-driven—ignoring geo-
metric relations between task directions and behaving conservatively in ways that
limit both forward and backward transfer. Bridging the gap between offline model
merging and online continual learning, while preserving the geometric structure of
parameter space, remains a largely unexplored direction.

3 VQA Continual Learning Setting

We study continual learning for generative VQA, where a model parameterized by
¢ defines a conditional distribution over answer sequences Y = (Y1,...,Y}y|) given
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an image—question pair (V,Q):

Y]

Py |V,Q) = [[ Po(Yi | Yer, V. Q). (1)
k=1

Following VQACL [78], we adopt [11] and train it using the standard autore-
gressive cross-entropy objective. Unlike offline training, data arrive sequentially as
a stream of N tasks {T;}¥ ;, where each task T; provides triplets (V,Q,Y) ~ D;.
At step 4, the learner updates 6 on T; with a small replay buffer and is evaluated
on all tasks {T1,...,T;}.

This protocol organizes the task stream hierarchically: macro-tasks correspond
to distinct linguistic reasoning skills (e.g., recognition, color, counting), and each
macro-task is further split into a sequence of visually driven sub-tasks by parti-
tioning object categories into disjoint groups, inducing coupled linguistic and visual
shifts. This setting poses two coupled challenges: (i) retention—prevent catastrophic
forgetting of previously acquired visual grounding and language reasoning under
sequential updates; and (ii) compositional generalization—transfer a learned skill to
novel visual contexts (e.g., applying counting to unseen object categories), requiring
the model to preserve and recombine reasoning primitives across tasks.

4 Methodology

Continual learning requires integrating new task updates without corrupting pre-
viously acquired knowledge. To explicitly control how such updates accumulate,
we propose SCoT, a parameter-space consolidation framework built upon task
vectors [21]. Instead of relying on implicit regularization or gradient-based con-
straints [24, 37, 78], SCoT treats each task update as an explicit displacement in
weight space and consolidates these updates with controlled transfer and interfer-
ence mitigation.

Let 0y denote a pretrained multimodal backbone. For each task T; in the se-
quential stream (§3), we fine-tune the current shared model on T;, extract the
task-induced displacement relative to 6, and integrate it into a single consolidated
offset that initializes the subsequent task. Fig. 3 illustrates this continual geometric
consolidation process.

SCoT consists of four key components. First, we represent each task as an
anchor-relative task vector, which decouples task-specific learning from consolida-
tion and enables explicit geometric reasoning in parameter space (§4.1). Second,
we regulate the stability—plasticity trade-off by mapping task similarity to bounded
consolidation weights, promoting aggressive merging for related tasks and conser-
vative integration otherwise (§4.2). Third, we mitigate destructive interference by
measuring directional alignment between incoming and consolidated updates, iso-
lating and removing only conflicting components via conditional projection (§4.3).
Finally, recognizing that compositional sensitivity is non-uniform across layers, we
introduce depth-aware stabilization that caps consolidation strength in empirically
identified composition-sensitive layers (§4.4).
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Fig. 3: SCoT performs continual task consolidation directly in parameter space. After
fine-tuning on task T;, a task vector t; is computed relative to the initial parameters 6.
Task directions are integrated into a single consolidated offset m; using conflict-aware,

layer-wise consolidation to mitigate task interference. The shared model 6; = 09 + m;
aggregates knowledge from tasks {1,...,i} and initializes learning for the next task.

4.1 Task Vectors as the Continual State

Task vectors [21] have recently emerged as a principled way to represent task-specific
knowledge as parameter displacements, enabling downstream merging and compo-
sition [62,66]. We reframe this perspective for the continual setting by maintaining
a cumulative consolidated offset over sequentially arriving tasks.

Let 0y be a pretrained backbone. For each task T; in the stream, we initialize
the model with the previous consolidated parameters §;_; and fine-tune to obtain
6ft. We represent the resulting knowledge as a task vector:

t; = 6% — 6, (2)

which captures the cumulative displacement from a fixed, pretrained anchor 6, for
all tasks in the stream. In the continual regime, we maintain a single cumulative
consolidated offset m; that summarizes tasks {1, ...,:} and recover the shared model
as:

0; = 0y +m;. (3)

This anchor-relative view decouples what the task changes (the vector t;) from
how tasks are accumulated (the update of m;), making the task interaction amenable
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to explicit geometric control in weight space. We formalize this geometric control
in the following subsections.

4.2 Similarity-guided Layer-wise Consolidation

The stability—plasticity dilemma [18] lies at the heart of continual learning—a model
must be plastic enough to absorb new knowledge yet stable enough to retain what it
has already learned. Classical regularization methods such as EWC [24] and Synap-
tic Intelligence [74] address this by assigning per-parameter importance weights
that penalize changes to consolidated knowledge. In the merging literature, Fisher-
weighted averaging [38] similarly scales contributions by parameter sensitivity. How-
ever, computing and maintaining such importance estimates requires second-order
statistics that are prohibitively expensive to recompute as the task stream scales.
Furthermore, existing merging methods often treat all layers uniformly, ignoring ev-
idence that task-specific information is distributed non-uniformly across the depth
of multimodal transformers [42,46].

Motivated by this, we derive a natural importance signal at the granularity of
individual layers directly from the first-order geometry of the parameter space. For
each layer ¢, we compute the cosine alignment s, ; between the incoming task vector
t¢ and the consolidated state m¢_:
<t(‘€)7 m§?1>

7

T : (
IE ] 9, + €

0,

where € is a small numerical stability constant. We map this alignment to a bounded
layer-wise consolidation weight [tmin, Qmaz], S0 that layers highly aligned with prior
knowledge absorb new task more aggressively, while a weakly related layer should
integrate it conservatively to protect the existing structure.

2

The consolidated offset is updated by treating the integration as a data-driven
weighted interpolation in the cumulative displacement space:

i+ 1
Qyi = Chp (amin + (amax - amin) 3¢, + > . (5)

m{ = (1 - ag)m?, +a A, (6)

where AZ(.Z) = tl(»e) represents the current cumulative displacement. This formulation
ensures that mz(-e) moves toward the current task-optimized state without double-
counting prior knowledge, as the interpolation effectively scales only the task-specific
novelty relative to the previous state. However, similarity weighting alone does not

prevent updates from directly opposing prior knowledge.

4.3 Conflict-aware Layer-wise Projection

Catastrophic forgetting in neural networks is fundamentally a problem of destruc-
tive interference-when updates for a new task overwrite parameter directions that
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encoded prior knowledge [24, 39]. Gradient projection methods [50, 73] have ad-
dressed this during training by constraining weight updates to lie in the null space
of previous task gradients. However, such approaches require access to training dy-
namics and are incompatible with post-hoc task vectors. To resolve this, we use the
alignment s, ; from Sec. 4.2 to detect and correct conflicts at the granularity of the
individual layers.

From Eq. (4), when s;; < 0, the incoming update counteracts the consolidated
direction at layer /. Rather than shrinking the entire update, we apply a surgical
conditional projection that removes only the conflicting component:

¢ ¢
) ", m{) (0
70 _ t; — T 1 M- S <0,
i = ;1117 + €

tz(- , otherwise.

(7)

This is the minimum-norm modification of tl(-z) that enforces <_’£§£)7 mgé)l) > 0. By sub-
stituting AEZ) = fl@ in Eq. (6), SCoT preserves aligned and orthogonal components
(which support transfer) while excising only the destructive direction responsible

for forgetting.

4.4 Depth-aware Stabilization for Compositional Generalization

While similarity-guided, conflict-aware consolidation improves standard retention,
we observe a larger forgetting gap in compositional evaluation (Tab. 3). Prior work
has established that compositional reasoning in transformers is not uniformly dis-
tributed across layers, but the precise location of composition-sensitive layers varies
with architecture. Liu [32] shows that causal language models concentrate com-
positional processing in early layers while masked models concentrate it in late
layers, and Li et al. [28] similarly identify middle-layer MHSA modules as criti-
cal in decoder-only LLMs. This implies that no universal assumption about which
layers are compositionally sensitive can be made—the location of these layers is an
emergent property of the specific architecture and training regime.

In our encoder-decoder VLM setting, we identify these layers empirically through
a systematic ablation of layer groups (Tab. 4). Our analysis reveals that stabilizing
late encoder and early decoder layers consistently yields the strongest compositional
performance across both VQAv2 and NExT-QA, suggesting that in our encoder-
decoder VLM, compositional structure is formed at the encoder-decoder interface,
where high-level encoded representations are first composed into reasoning outputs.
Motivated by this finding, we introduce a depth-aware stabilization that selectively
caps the consolidation strength specifically at this interface. We retain the similarity-

cap,

guided ay; from Sec. 4.2 but apply a depth-dependent cap «,

ag; < min(ay;, "), £ € Leomp, (8)

where Lcomp denotes the late encoder and early decoder layers identified via Tab. 4.
This refinement improves compositional AP and reduces compositional forgetting
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(Tab. 3), with a minor trade-off on standard-task adaptation—a cost outweighed by
consistent compositional gains across both benchmarks.

Viewed geometrically, SCoT performs projected proximal consolidation in
task-vector space. Task integration is modeled as a layer-wise weighted interpo-
lation between the consolidated state and the incoming task displacement, where
the mixing weight (ay,;) is a monotone function of cosine similarity. This enables
aggressive merging of aligned task directions while conservatively integrating weakly
related ones. When conflicts arise, a least-perturbation projection removes only the
destructive components. Finally, depth-aware stabilization anchors consolidation at
composition-sensitive layers, providing targeted protection against compositional
forgetting. A formal theoretical analysis of this geometric framework is provided in
the Suppl. Material.

5 Experiments

Implementation Details. To ensure fair comparison, we follow the experimen-
tal protocol of [78] for feature extraction and training across datasets. For visual
embeddings, we use a Faster R-CNN model [48] pretrained on the Visual Genome
dataset [25], extracting 36 region-based object features per image for VQAv2. For
videos in NExT-QA, clip-level motion features are extracted using an inflated 3D
ResNeXt-101 network [19], with n = 16 regions per clip. These visual features are
projected into the transformer space using a two-layer MLP with GELU activation.
Our multimodal backbone is based on the T5 architecture [45], consisting of 12
encoder and 12 decoder blocks, each with 12 attention heads and an embedding
dimension d = 768. Following [78]|, the memory buffer M is set to 5000 samples
for VQAv2 and 500 for NExT-QA, reflecting dataset scale. Training is performed
for 3 epochs per task with a batch size of 80 using the Adam optimizer [1] and an
initial learning rate of 10~%. For task-vector consolidation, we employ similarity-
guided adaptive plasticity (Sec. 4.2) with ami, = 0.08 and apmax = 0.45 in all ex-
periments. To preserve compositional structure during continual learning, we apply
depth-aware stabilization (Tab. 4) by constraining updates in composition-critical
layers, particularly late encoder layers, which are strongly stabilized using cmin, and
early decoder layers use a moderate cap (1.5 X auin), while remaining layers are
allowed full adaptation up to amax. These settings were selected to balance adapta-
tion performance with compositional stability. All implementations are developed
in PyTorch [44].

Evaluation Metrics. We adopt two standard continual learning metrics [7,8,34],
namely Final Average Performance (AP) and Average Forgetting (AF). The AP met-
ric reflects overall performance across all learned tasks, indicating the model’s ability
to accumulate knowledge consistently. Let a; ; denote the performance on task T;
after completing training on task 7. The AP is defined as AP = % Zf;l ai N-
The Average Forgetting metric measures knowledge retention by quantifying per-
formance degradation on earlier tasks as new tasks are learned, computed as AF =
] Zfi_ll max;<;<n—1(a; ;—a; n). To further analyze the stability—plasticity trade-
off, we also report Backward Transfer (BWT), which captures how learning new
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Table 1: Model performance on VQAv2 and NExT-QA. #Mem: memory size; Std. Test:
standard testing; Comp. Test: novel composition testing; AP: Final Average Performance
(%); AF: Average Forgetting (%).

| VQAv2 | NExT-QA
Methods Std. Test Comp. Test Std. Test Comp. Test
#Mem . B U e—— #Mem N e ——
‘ AP (1) AF (}) | AP (1) AF ({) ‘ AP (1) AF (1) [ AP (1) AF ()
Joint | - | 4132 - | 40.88 - | - | 3592 - | 3624 -
Vanilla None | 14.92  30.80 | 11.79  27.16 | None | 12.68 25.94 | 12.59  28.04
EWC [24] None | 15.77 30.62 | 12.83 28.16 | None | 13.01  24.06 | 11.91  27.44
MAS [2] None | 20.56  11.16 | 23.90 6.24 None | 18.04  10.07 | 21.12  10.09
ER [9] 5000 36.99 5.99 33.78 5.76 500 30.55 4.91 32.20 5.57
DER [5] 5000 35.35 8.62 31.52 8.59 500 26.17 5.12 21.56  12.68
VS [58] 5000 34.03 8.79 32.96 5.78 500 28.13 4.45 29.47 6.14
VQACL [78] | 5000 37.46 6.96 35.40 4.90 500 30.86 4.12 33.85 3.80
QUAD [37] 5000 39.25 4.91 40.00 3.81 500 31.70 2.91 33.21 4.16
Ours 5000 | 42.78 0.07 | 42.11 2.14 500 32.28 -1.90 | 33.94 2.04

tasks affects learned tasks (Fig. 4). It is defined as BWT = 1~ vazfll(am — Qi)
where positive BWT indicates beneficial backward transfer (improved performance
on earlier tasks after subsequent training), while negative BWT reflects forgetting.
For NExT-QA [64], we compute a; ; using Wu-Palmer Similarity (WUPS) [35] to
evaluate the quality of generated answers, whereas for VQAv2 [17], following [78],
we use the percentage of correctly answered questions as a; ;.

Baselines. We benchmark our method against a diverse set of established con-
tinual learning approaches. These include two regularization methods: EWC [24]
and MAS [2], and three rehearsal-based approaches: ER [9], DER [5], and VS [58].
We also include VQACL [78] and QUAD [37], which are specifically designed for
continual VQA and represent as strong baselines. In addition, we report two ref-
erence benchmarks to contextualize performance: a lower bound, Vanilla, obtained
by naive sequential fine-tuning, and a multitask reference, Joint, obtained by si-
multaneous training on the full task set under identical experimental conditions
(e.g., same backbone, optimizer, and total training epochs). Following [78], we em-
ploy two testing strategies: standard testing to evaluate knowledge retention, and
novel composition testing to probe generalization to unseen combinations. This dual
evaluation reveals how effectively each method balances stability and adaptation.
Additional experiments and analysis are included in the Suppl. Material.

Performance Analysis on Standard Testing. As shown in Tab. 1, SCoT achieves
superior accuracy and near-zero forgetting across both benchmarks. Remarkably, on
VQAv2, SCoT (AP = 42.78) surpasses even Joint Training (AP = 41.32)—the tradi-
tional upper bound. This suggests that sequential geometric consolidation avoids the
simultaneous gradient interference inherent in joint training, reaching a more syn-
ergistic global optimum. Similarly, on NExT-QA, SCoT achieves AP = 32.28 with
negative forgetting (AF = -1.90), indicating significant positive backward trans-
fer. These results demonstrate that structure-preserving consolidation effectively
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Table 2: Fine-grained VQA performance AP (%) on Novel and Seen skill-concept com-
positions of VQAv2 and NExT-QA.

Group-1 Group-2 Avg

Novel Seen | Novel Seen | Novel Seen | Novel Seen | Novel Seen

Dataset Method
Novel Seen

Group-3 ‘ Group-4 ‘ Group-5

DER [5] 30.80 29.89 | 32.19 33.24 | 34.88 34.08 | 29.60 30.90 | 30.14 32.56 | 31.52 32.13
VS [58] 33.35 33.87| 33.18 32.21 | 34.50 33.84 | 31.29 33.94 | 32.46 33.87| 32.96 33.55
VQAv2 ER [9] 34.52 37.03 | 33.40 35.55 | 34.79 34.20 | 33.86 35.02 | 32.34 35.91 | 33.78 35.54

VQACL [78] | 36.12 37.99| 35.39 36.92| 36.26 35.16 | 34.85 35.64 | 34.36 36.28 | 35.40 36.40
QUAD [37] | 39.19 41.06 | 38.40 39.50| 43.15 39.19 | 40.01 40.72| 39.20 40.62 | 40.00 40.21

Ours 41.29 43.57 | 42.20 43.69 | 42.71 43.42 | 43.21 42.94 | 41.14 44.43 | 42.11 43.61
DER [5] 27.56 26.09 | 26.14 24.54 | 23.53 26.43 | 9.30 9.79 | 21.26 23.74| 21.56 21.38
VS [58] 31.42 30.88|29.17 31.26 | 25.23 26.10 | 30.01 29.10 | 31.54 31.79 | 29.47 29.83
NExT-QA | ER [9] 31.86 34.51| 32.36 35.08 | 29.50 34.30 | 33.57 33.30 | 33.71 32.91| 32.20 34.02

VQACL [78] | 32.86 31.47 | 31.98 35.58 | 31.79 35.70 | 35.04 34.12| 37.62 34.92 | 33.85 34.35
QUAD [37] | 33.42 33.92|32.02 35.42| 31.78 36.36 | 32.98 33.34 | 37.84 34.06 | 33.21 34.62
Ours 33.20 34.91 | 32.81 34.50 | 34.36 34.88 | 33.84 33.17 | 35.50 33.73 | 33.94 34.24

resolves the stability—plasticity dilemma, enabling shared representations to refine
rather than degrade over time (Fig. 4).

Performance Analysis of Novel Composition Testing. Results on the com-
positional evaluation (Tab. 1 and Tab. 2) further highlight the effectiveness of our
approach in maintaining compositional generalization under continual learning. On
VQAv2, our method achieves the highest performance (AP = 42.11) with moder-
ate forgetting, indicating that compositional knowledge is largely preserved despite
sequential task updates. On NExT-QA, it remains competitive (AP = 33.94) while
maintaining controlled forgetting, reflecting robust transfer to unseen skill-concept
combinations. The fine-grained results in Tab. 2 show consistent improvements
across most compositional groups, particularly on novel combinations, suggesting
that depth-aware stabilization (Tab. 4) helps preserve intermediate structural rep-
resentations critical for compositional reasoning. Overall, these results confirm that
the proposed consolidation strategy supports both continual knowledge retention
and compositional generalization.

6 Ablation Study and Analysis

Effect of each component Tab. 3 presents a progressive ablation of SCoT’s
four components. C; alone—uniform task vector averaging, achieves moderate AP
(39.23/27.35) with negative forgetting, but the strongly negative Comp AF on
NExT-QA (-5.67) reveals over-conservative integration that suppresses adaptation
on its more diverse task distribution. Adding Cs (similarity-guided consolidation)
yields the largest single gain—standard AP improves by +3.39 on VQAv2 and +4.80
on NExT-QA, confirming that adaptive consolidation strength is the most crit-
ical factor for stability—plasticity balance. However, increased plasticity from Co
raises forgetting (AF: 0.35 — 1.42 on VQAv2), motivating C3. Adding C3 (conflict-
aware projection) directly addresses this—-AF drops substantially (1.42 — 0.92 on
VQAv2, 1.79 — 0.49 on NExT-QA) while maintaining strong AP, suggesting that
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Table 3: Ablation study of model components. Std: standard testing, Comp: novel compo-
sitional testing. Components: C1 Task Vector as the Continual State; C2 Similarity-guided
Layer-wise Consolidation; C's Conflict-aware Layer-wise Projection; C4 Depth-aware Sta-
bilization for Compositional Generalization.

VQAv2 NExT-QA
Cq Cy Cs Cy Std Comp Std Comp
AP(1) AF() | AP(1) AF() | AP(1) AF() | AP(1) AF()
39.23 -0.35 38.51 -0.28 27.35 -1.79 28.44 -5.67

42.62 1.42 41.08 2.99 32.15 1.79 34.00 3.33
43.02 0.92 41.31 2.95 32.39 0.49 33.75 3.07
42.78 0.07 42.11 2.14 32.28 -1.90 33.94 2.04

ANENENEN
ENENENRS
ENENRES
X X X%

explicit interference control provides additional robustness against the forgetting
introduced by stronger consolidation. The marginal Comp AP dip on NExT-QA
(34.00 — 33.75) reflects occasional over-projection of beneficial components, which
C} corrects. Finally, Cy (depth-aware stabilization) delivers the best compositional
performance (42.11/33.94) with near-zero forgetting (0.07/-1.90). The minor stan-
dard AP trade-off (43.02 — 42.78) reflects a deliberate stability bias at composition-
sensitive layers—a cost outweighed by consistent compositional gains and dramati-
cally reduced forgetting across both benchmarks.

Analysis of Depth-aware Stabilization. Table 4 ablates encoder—decoder layer
group combinations under standard (Std) and compositional (Comp) settings. Two
trends emerge. First, encoder depth is the dominant factor-upgrading from early
to late encoder layers yields consistent gains in both standard and compositional
AP across VQAv2 (40.38 — 42.11) and NExT-QA (29.34 — 33.94), consistent with
prior findings that compositionally sensitive layers vary by architecture [28, 32].
Second, early decoder stabilization best complements late encoder stabilization i.e.
the late+early combination achieves the strongest compositional performance with
competitive forgetting (AF(]) 2.14/2.04), identifying the encoder—decoder interface
as the most composition-sensitive region. Deeper decoder stabilization offers dimin-
ishing returns and risks reduced plasticity. We therefore adopt late encoder+early
decoder as Leomp (Sec. 4.4).

Analysing Stability /Plasticity. Fig. 4 compares forgetting and adaptation on
VQAv2 using transfer matrices and BWT scores. Sequential fine-tuning suffers se-
vere forgetting (BWT = —29.44), with off-diagonal entries collapsing after each
new task. QUAD reduces this effect (BWT = —4.76), but its sparse off-diagonal
structure indicates limited backward transfer. In contrast, our method achieves rare
positive backward transfer (BWT = +5.64) [30, 34], showing that conflict-aware,
geometry-driven consolidation improves stability without sacrificing plasticity. Ad-
ditional NExT-QA analysis is provided in the supplementary material, where SCoT
also achieves positive BWT (+6.97).

Sensitivity to Memory Size. Fig. 5a evaluates performance across varying replay
buffer sizes on VQAv2 and NExT-QA. Our method consistently outperforms all
baselines across all memory budgets, with the gap widening as memory increases.
On VQAv2, our AP grows monotonically from 1K to 5K while DER [5] and VS [58]
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Table 4: Depth-aware stabilization ablation across encoder—decoder layer groups (early:
0-3, mid: 4-7, late: 8-11) on VQAv2 and NExT-QA. Late-encoder+-early-decoder stabi-
lization achieves the strongest overall performance across datasets, indicating that stabi-
lization near the encoder—decoder interface is particularly effective.

VQAv2 NExT-QA
Encoder Decoder Std Comp Std Comp

AP(1) AF() | AP(1) AF() | AP(t) AF() | AP(1) AF()
early late 38.50 -0.52 40.52 0.74 24.35 1.03 28.30 1.79
early mid 38.40 -0.72 39.90 0.45 24.87 1.18 28.77 0.70
early early 38.45 -0.29 40.38 0.92 24.54 1.21 29.34 -0.21
mid late 42.60 0.35 42.42 2.13 31.86 -0.97 33.82 1.62
mid mid 42.70 0.40 41.97 2.42 32.09 -0.95 33.12 2.74
mid early 42.52 0.77 41.64 2.47 32.39 -1.59 33.50 2.31
late late 42.12 0.56 41.88 1.76 32.39 -1.11 33.56 2.57
late mid 42.33 0.92 42.05 2.04 31.87 -1.32 33.60 2.73
late early 42.78 0.07 42.11 2.14 32.28 -1.90 33.94 2.04

plateau or degrade, suggesting they fail to exploit additional replay capacity. On
NExT-QA, our method similarly maintains stable improvement while others exhibit
saturation or fluctuation. These results confirm that our consolidation mechanism
scales gracefully with memory, translating increased replay capacity into consistent
performance gains.

Impact of Hyperparameters. Tab. 5 studies sensitivity to the consolidation
weight range (Sec. 4.2). The narrowest range [0.05,0.30] leads to under-adaptation,
yielding the lowest AP (41.22/29.09) and negative forgetting due to excessive stabil-
ity. The range [0.08,0.45] provides the best stability—plasticity trade-off, achieving
the highest AP (42.78/32.28) with near-zero forgetting (0.07/-1.90). Increasing the
range to [0.15,0.60] maintains strong AP (42.99/32.06) but introduces noticeable
forgetting (1.07/1.68), indicating greater plasticity. The widest range [0.30, 0.80] fur-
ther increases forgetting (2.10/2.59) despite reasonable AP. Overall, a serves as a
continuous stability—plasticity controller, with [0.08,0.45] yielding the best balance.

Sequential finetuning: BWT = -29.44 QUAD: BWT = -4.76 SCoT (Ours): BWT = +5.64

recognition | 304 108

0s
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Fig. 4: Stability—Plasticity analysis on VQAv2. Performance across training tasks
(rows) and evaluation tasks (columns) illustrates a sharp contrast in learning behavior.
While baselines exhibit catastrophic forgetting (blue off-diagonals) as knowledge degrades
under sequential updates, SCoT demonstrates constructive learning.
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VQAv2 . NEXT-QA
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(a) Sensitivity analysis to memory size. (b) Comparison with model-merging methods.

Fig. 5: Ablation and comparative evaluation. Left: Performance sensitivity to mem-
ory size. Right: Comparison against representative model-merging baselines.

Table 5: Sensitivity to consolidation weight range [ozmm, amaz]

o Range VQAv2 NExT-QA
AP (1) AF () | AP(1) AF ()
[0.05 —0.30] | 41.22 -0.41 29.09 172
[0.08 —0.45] | 42.78 0.07 32.28 -1.90
[0.15 — 0.60] | 42.99 1.07 32.06 1.68
[0.30 — 0.80] | 42.14 2.10 32.13 2.59

Comparison with Model-Merging Algorithms. Fig. 5b compares our method
against representative merging strategies adapted to continual learning. TA [21] and
MagMax [36] achieve strong stability (negative AF) but sacrifice plasticity, limit-
ing final AP. TIES [66] improves alignment through global heuristics but remains
layer-agnostic. OPCM [54] enforces strong orthogonality, suppressing beneficial task
interactions and resulting in lower AP and higher forgetting (AF = 5.49) on NExT-
QA. In contrast, our method achieves the highest AP (42.78/32.28) with near-zero
forgetting (0.07/-1.90), demonstrating a superior stability—plasticity trade-off over
existing merging strategies.

Role of Replay. To verify that SCoT’s gains are not merely due to stored sam-
ples, Tab. 6 A compares replay-based and replay-free settings. Even without replay,
SCoT preserves prior knowledge through weight-space consolidation, outperforming
TIES by +2.60 AP and MagMax by +6.28 AP, while replay further strengthens the
stability—plasticity trade-off.

Table 6: Role of replay, class-incremental (CIL), and domain-incremental (DIL) learning.

Tab. 6A: Role of Replay (VQAv2)

Tab. 6B: CIL

Tab. 6C: DIL

w/ Replay ‘ w/o Replay
AP(1) AF(1)|AP(1) AF(})

Method

CIFAR-100
Method /5 /10 /20

DomainNet

Method Accuracy

MagMax 38.48 -0.13 | 25.16 8.48 MagMax 82.68 79.57 76.92 MagMax 71.20
TIES 41.54 1.03 | 28.84 11.86 TIES 81.40 79.09 76.30 TIES 69.68
SCoT 42.78 0.07 31.44 8.93 SCoT 81.90 78.44 76.62 SCoT 70.86
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Generalization beyond VQACL setting. While our main experiments follow
the VQACL protocol for fair comparison, SCoT is not tied to VQA-specific archi-
tectures or data. Since it consolidates task knowledge directly in weight space, it is
task-agnostic. Tab. 6B and Tab. 6C demonstrate this generality on ViT-B, where
SCoT remains competitive on both CIFAR-100 class-incremental and DomainNet
domain-incremental settings.

Validation on a Recent Backbone. Tab. 7A shows that SCoT improves over
strong baselines on LLaVA-7B, both with and without replay. Without replay, SCoT
improves over TIES by +2.96 AP while reducing forgetting; with 5k replay samples,
it achieves the best AP and near-zero AF, outperforming TIES by +2.02 AP. The
depth-aware ablation in Tab. 7B further shows that applying Lcomp to mid-decoder
layers gives the best stability—plasticity trade-off.

Table 7: Results and layer ablation on LLaVA-7B.

Tab. 7TA: VQAv2 on LLaVA-7B (v = 5k)
Tab. 7B: Layer ablation on LLaVA-7B

Method Replay AP(1) AF()
Vanilla X 32.51 20.64 Lcomp AP(T) AF()
QUAD /o 4416 173 Early dec. 44.53 0.28
TIES X 40.21 4.82 .

Mid dec. 48.32 0.13
TIES v/ 46.30 0.95 Late d t6o1 0921
SCoT (Ours) X 43.17  2.31 ate dec. : :
SCoT (Ours) v 48.32 0.13

7 Conclusions

In this paper, we introduce SCoT, a similarity-guided and conflict-aware task con-
solidation framework for continual VQA that operates directly in parameter space
using anchor-relative task vectors. By modeling layer-wise task alignment, removing
destructive interference, and applying depth-aware stabilization, SCoT achieves a
strong stability—plasticity balance in sequential multimodal learning. Experiments
on VQAv2 and NExT-QA show that SCoT reduces forgetting to near-zero, enables
positive backward transfer, and improves compositional generalization over existing
continual VQA baselines. These results highlight geometric parameter-space con-
solidation as a promising direction for continual multimodal reasoning.
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