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Abstract. Continual visual question answering (VQA) requires learning
new question types while retaining previously acquired visual ground-
ing and reasoning. Existing methods mainly reduce parameter interfer-
ence, but do not explicitly control how sequential adaptation changes
the coupling between a question and its visual evidence. We propose
Q-STEER, a task-agnostic framework that separates plasticity from re-
tention through a shared question-conditioned controller. For plasticity,
probe-based MoE-LoRA self-expansion activates new expert slots only
when the current capacity is insufficient. For retention, a KL-based late-
layer attention-drift signal conditions a low-rank correction to attention
logits; the drift is diagnostic rather than an attention-matching loss. On
continual VQA v2, Q-STEER obtains 53.68 average performance and
4.51 average forgetting, and reaches 51.00/51.48 on Novel/Seen compo-
sitional splits. Experiments on a heterogeneous visual-instruction stream,
together with seed, ablation, grounding, sensitivity, and overhead anal-
yses, support the effectiveness of drift-aware steering and on-demand
expansion.

Keywords: Continual Learning · Visual Question Answering · Multi-
modal Large Language Models · Compositional Generalization

1 Introduction

Multimodal large language models (MLLMs) provide a strong basis for visual
question answering (VQA) by combining visual representations with instruction-
following language models [15,18]. In deployment, however, question types, visual
domains, and concept combinations arrive sequentially. A continual VQA model
must therefore learn new capabilities without forgetting earlier ones, and a task-
agnostic model must do so without a task identifier at inference time [10,28].

Most continual-learning methods explain forgetting as parameter interfer-
ence. Regularization constrains updates to important parameters [2, 12], replay
revisits previous examples [3, 4], and parameter-isolation or expansion methods
allocate separate capacity [19, 21, 27]. These approaches are valuable, but VQA
introduces an additional failure mode: a model may preserve an answer prior
or reasoning routine while losing the association between the question and the
relevant visual evidence. We call this failure question–evidence coupling drift.
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This distinction matters for compositional generalization. As illustrated in
Fig. 1, sequential adaptation can redirect the evidence used for answering from
the queried object to an irrelevant visual region, causing an incorrect prediction
even when the relevant visual concept remains familiar.

Fig. 1: Conceptual illustration of question–evidence coupling drift. Sequential adapta-
tion redirects answer-relevant evidence from the queried object to an irrelevant region,
changing the prediction from “red” to “green.” The highlighted regions are schematic
rather than measured attention maps.

VQA models can exploit language priors when grounding is weak, and their
robustness drops when answer priors change or image evidence becomes neces-
sary [1, 7, 22]. In continual VQA, later tasks can change both answer behavior
and cross-modal routing. Consequently, a model may retain individual concepts
yet fail on an old or novel skill–concept composition because it no longer binds
the linguistic cue to the correct image region. Forgetting should therefore be con-
trolled along two axes: response-behavior adaptation and cross-modal coupling
retention.

We propose Q-STEER. The overall architecture is shown in Fig. 2. A
shared question-conditioned, drift-aware controller coordinates two complemen-
tary mechanisms. First, a probe-based MoE-LoRA bank supplies plasticity by
activating new expert slots only when the current capacity is insufficient. Sec-
ond, Input-conditioned Coupling Retention (ICR) supplies retention by adding
a low-rank correction to late-layer attention logits. The correction is conditioned
on the KL divergence between current and consolidated attention summaries.
Importantly, KL drift is not optimized as a loss and does not force shifted tasks
to imitate old attention; it only informs routing and steering.

Our contributions are threefold. First, we formulate question–evidence cou-
pling drift as a distinct source of forgetting in task-agnostic continual VQA.
Second, we introduce a shared controller that combines factorized old/new MoE-
LoRA routing, probe-based self-expansion, and drift-aware attention-logit steer-
ing. Third, we provide empirical evidence on continual VQA v2 and a heteroge-
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neous visual-instruction stream, including three-seed evaluation, compositional
testing, drift and component ablations, grounding proxies, hyperparameter sen-
sitivity, expert utilization, and computational overhead.

2 Related Work

Continual Learning and Continual VQA. Regularization, replay, and pa-
rameter isolation are the principal strategies for catastrophic forgetting [2–4,
12, 19, 21, 27]. Self-expansion methods additionally allocate lightweight capacity
when existing modules are insufficient [25]. VQACL established a question-type
continual VQA protocol [28]; CL-MoE introduced modular expert routing [10];
and QUAD combined questions-only replay with attention distillation [20]. These
methods preserve behavior through constraints, replay, or modularity. Our fo-
cus is complementary: we use attention drift as an input-dependent signal for
preserving question–evidence coupling without an attention-matching objective.

Parameter-Efficient Adaptation, Experts, and Grounding. Adapters
and LoRA enable efficient adaptation of frozen backbones [8, 9]; prefix and
prompt tuning provide related lightweight alternatives [14, 16]. Sparse mixture-
of-experts models scale capacity through conditional computation [5,6,11,13,23].
We use preallocated LoRA experts for continual capacity growth and factorize
old/new routing to reduce direct competition. Our attention steering is moti-
vated by VQA work showing that reliance on question priors rather than relevant
image evidence harms robustness [1, 7, 22].

3 Method

3.1 Setting and Overview

We consider a sequence of tasks {Dt}Tt=1, where each example is an image–
question–answer tuple (I,Q, Y ). The model is trained sequentially and receives
no task identifier at inference time. The MLLM backbone remains frozen; train-
able parameters consist of LoRA experts, a controller Hϕ, and low-rank ICR
bases.

Given x = (I,Q), the controller produces old/new routing logits, a shared
interpolation gate, and ICR coefficients:

Hϕ(c(x), d(x)) =
(
{zlold, zlnew}l∈L, λ, {αl, γl}l∈Llate

)
. (1)

Here λ(x) ∈ [0, 1] controls the mixture between carried-over and newly activated
experts and also scales ICR. The same controller is used for every task.
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Fig. 2: Overview of Q-STEER. The probe stage measures the utilization of candidate
expert slots and promotes selected slots by updating the active mask. During main
training and task-agnostic inference, the shared controller uses the question-only con-
text and attention-drift signal to coordinate factorized old/new MoE-LoRA routing
and low-rank ICR steering, while the multimodal backbone remains frozen.

3.2 Question-Conditioned Drift Signal

To prevent teacher-forced answers from leaking into the controller, we pool
question-token representations only:

c(x) = MeanPool
(
{hj : j ∈ TQ}

)
. (2)

A prompt-only diagnostic pass then summarizes, at each controlled late layer
l, attention from the answer-start query position to visual tokens. Let plcur(x)
be the current distribution and plref a dataset-level reference consolidated from
completed tasks. We define

dl(x) = KL
(
plcur(x) ∥ plref

)
, d(x) =

1

|Llate|
∑

l∈Llate

dl(x). (3)

For task t, the reference is finalized after task t − 1, frozen throughout task
t, and updated only after task t. For the first task, it is initialized from the
frozen backbone. Both distributions are smoothed and renormalized before KL
computation.

The drift is diagnostic: it is neither a loss nor a distillation target. Training
uses standard answer cross-entropy, so a shifted task is free to adopt a differ-
ent attention pattern. Drift only calibrates the controller’s routing and steering
decisions.



Attention-Logit Steering for Continual VQA 5

3.3 Factorized MoE-LoRA and Self-Expansion

For a frozen transform W l
0 and token representation u, an expandable layer

outputs

yl = W l
0u+

Emax∑
e=1

g̃le(x)B
l
eA

l
eu, (4)

where each (Al
e, B

l
e) is a rank-rlora LoRA expert. Let Ol denote carried-over ac-

tive slots and N l newly promoted slots. We normalize the two banks separately:

plold = softmax(mask(zlold,Ol)), (5)

plnew = softmax(mask(zlnew,N l)), (6)

and, when N l ̸= ∅, use

g̃l = (1− λ(x))plold + λ(x)plnew. (7)

If no slot is promoted, the new branch is bypassed. Inactive slots are assigned
−∞ before softmax. The forward mixture is soft, while gradients are restricted
to the top-K routed experts to reduce expert interference.

Each layer contains Emax preallocated slots, of which Einit are initially active.
At each post-initial task, a short probe temporarily exposes candidate inactive
slots. Their utilization is

Actlp = Ex∼Dt

[
meantokens g̃

l
p(x)

]
. (8)

A probe slot is promoted when its utilization exceeds

Thrl = mean(Actl)− βthr std(Actl). (9)

Thus expansion changes only the active mask, avoiding runtime parameter-shape
changes.

3.4 Drift-Aware Attention-Logit Steering

For attention head h at late layer l, ICR constructs the low-rank bias

∆Al
h(x) =

(
Ql

hU
l
q,h

)
diag(αl(x))

(
Kl

hU
l
k,h

)⊤
, (10)

and injects it before softmax:

Al
h ← Al

h + sicrλ(x)γ
l
h(x)∆Al

h(x). (11)

The correction is applied only to answer-query positions. This provides input-
dependent control over late cross-modal routing while leaving the backbone
weights unchanged.
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3.5 Training, Inference, and Retention View

The objective is standard autoregressive cross-entropy over answer tokens. On
the first task, the initial experts, controller, and ICR bases are trained. For
later tasks, the probe stage promotes candidate slots; previously consolidated
experts are then frozen while newly promoted experts, the controller, and ICR
bases are updated. After each task, new experts and the attention reference are
consolidated. Inference computes c(x) and d(x) from the prompt, then routes
and steers without a task label.

The shared gate gives a concise sufficient condition for retaining an old pre-
diction. Let zold(x) be logits from the old-only path, z(x) the final logits, and
mold(x) the old-path answer margin. Let Ψ(x) collect the layer-wise MoE and
ICR perturbation magnitudes weighted by the corresponding local Lipschitz con-
stants. Under a local Lipschitz assumption for the late-layer MoE and attention
perturbations, the detailed derivation in the supplement yields

∥z(x)− zold(x)∥∞ ≤ λ(x)Ψ(x), m(x) ≥ mold(x)− 2λ(x)Ψ(x). (12)

Hence λ(x)Ψ(x) < mold(x)/2 preserves the old prediction. For a fixed inter-
polation gate λ(x), factorized normalization also removes the direct competition
path from new-bank logits to old-bank routing weights. For old expert i and new
expert j,

∂g̃lold,i
∂zlnew,j

∣∣∣∣∣
λ(x)

= 0, (13)

whereas a single concat-softmax gives a nonzero negative cross-derivative. This
decoupling is local to the gate composition; the shared controller itself remains
trainable across tasks. These are sufficient design properties, not universal guar-
antees.

4 Experiments

4.1 Setup

Benchmarks and Metrics. The main benchmark follows the VQACL contin-
ual VQA-v2 protocol [7,28], whose ten tasks are Recognition, Localization, Judg-
ment, Commonsense, Counting, Action, Color, Type, Subcategory, and Causal.
Images primarily originate from COCO [17]. We also evaluate a heterogeneous
Continual Visual Instruction Tuning (CVIT) stream following SMoLoRA [26],
covering ScienceQA, TextVQA, Flickr30k, ImageNet, GQA, and VQAv2. CVIT
aggregates native task metrics, so its absolute scores are meaningful only within
that protocol.

Let ai,t denote performance on task t after training through task i. We report

AP =
1

T

T∑
t=1

aT,t, AF =
1

T − 1

T−1∑
t=1

(
max
t≤i≤T

ai,t − aT,t

)
. (14)
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All AF values in the paper and supplement were recomputed from stored task-
wise performance matrices with an independently verified implementation of
Eq. (14). This max-over-history convention measures forgetting from each task’s
best historical score, so all methods are compared under the same AF definition.
Novel and Seen scores evaluate held-out and observed skill–concept composi-
tions, respectively.

Baselines and Fairness. We compare Vanilla, EWC [12], MAS [2], ER [4],
DER [3], VS [24], VQACL [28], CL-MoE [10], and QUAD [20]. VS denotes the
baseline labeled VS in prior VQACL-style evaluations, corresponding to Wan
et al.’s backward-consistent feature-embedding continual-learning method [24];
we keep the VS label for consistency with those evaluations. For VQA-v2, all
methods use the same LLaVA-style initialization, task order, answer set, evalua-
tor, and task-agnostic inference protocol; only the adaptation mechanism differs.
The CVIT comparison follows the shared protocol and baselines of SMoLoRA.

Implementation. The backbone is frozen. Unless noted otherwise, we control
the last six transformer layers, set rlora = r = 8, sicr = 0.3, Einit = 8, Emax =
32, βthr = 0.5, use a probe budget of 128 samples per task, and apply top-K
backward updates with K = 2. Attention softmax is computed in fp32. Training
and inference overhead include the prompt-only drift pass; training additionally
includes the short probe stage.

4.2 Continual VQA-v2 Results

Table 1: Performance (%) on continual VQA v2. Cou. denotes counting.

Method Question type
AP ↑ AF ↓

Rec. Loc. Jud. Com. Cou. Act. Col. Typ. Sub. Cau.

Vanilla 19.25 14.81 54.59 56.97 24.23 46.20 27.58 26.09 36.47 18.89 32.51 20.69
EWC 28.12 23.02 61.50 61.08 26.13 54.29 23.65 32.25 44.97 17.83 37.28 15.27
MAS 31.54 22.09 60.85 46.32 32.48 56.47 30.05 35.69 42.73 18.83 37.71 14.91
ER 29.31 25.74 63.46 65.78 31.92 58.39 45.17 34.55 46.24 18.96 41.95 10.20
DER 26.95 21.43 64.88 66.17 31.01 55.92 44.60 32.85 47.09 20.74 41.16 11.28
VS 28.48 24.09 61.37 67.20 29.56 54.64 33.98 32.91 45.82 19.89 39.79 12.70
VQACL 34.14 32.19 66.15 63.00 33.01 60.91 34.64 38.48 47.94 24.42 43.49 9.10
CL-MoE 33.39 28.63 65.29 63.33 33.05 60.84 33.25 38.98 46.95 22.58 42.63 10.56
QUAD 35.87 33.17 66.93 62.15 34.09 61.28 35.03 38.87 48.66 25.53 44.16 8.97

Q-STEER 48.53 39.82 77.36 73.54 44.06 71.26 46.05 55.00 57.57 23.61 53.68 4.51

Table 1 shows that Q-STEER improves AP by 9.52 points over QUAD and
reduces AF by 4.46 points. It also improves AP/AF over VQACL by 10.19/4.59
points. The largest gains occur on several grounding-intensive and composi-
tional question types, while causal questions remain challenging. Across three
seeds, Q-STEER obtains 53.62±0.28 AP, 4.55±0.15 AF, 50.96±0.22 Novel, and
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51.43±0.24 Seen, showing that the AF improvement remains well outside seed
variation.

4.3 Compositional Generalization

Table 2: Fine-grained VQA performance (%) on Novel and Seen skill–concept com-
positions.

Group Split DER VS ER VQACL CL-MoE QUAD Q-STEER

G1 Novel 39.71 38.44 40.58 42.37 41.83 43.18 51.72
Seen 40.63 39.21 41.67 43.28 42.57 43.85 52.20

G2 Novel 38.86 37.63 39.74 41.69 40.66 41.73 50.86
Seen 39.94 38.52 40.86 42.74 41.92 42.96 51.37

G3 Novel 39.32 38.19 40.11 41.33 41.21 42.84 50.52
Seen 39.77 39.03 41.28 42.16 42.18 43.51 51.03

G4 Novel 38.41 37.88 39.22 40.97 39.94 41.52 49.72
Seen 39.18 38.47 40.17 41.88 41.36 42.37 50.57

G5 Novel 39.39 38.76 40.49 42.56 41.48 43.07 52.19
Seen 39.78 39.39 40.62 42.99 42.44 43.52 52.23

Avg. Novel 39.14 38.18 40.03 41.78 41.02 42.47 51.00
Seen 39.86 38.92 40.92 42.61 42.09 43.24 51.48

Table 2 shows that Q-STEER consistently outperforms all baselines across
all five evaluation groups, rather than obtaining its gain from a single favorable
composition split. On average, Q-STEER improves Novel and Seen performance
over QUAD by 8.53 and 8.24 points, respectively. The particularly large im-
provement on Novel compositions supports the central hypothesis that retaining
question–evidence coupling helps the model recombine previously learned skills
and visual concepts, rather than merely preserving task-specific answer statistics.

4.4 Heterogeneous Stream and Efficiency

Table 3: Robustness on the heterogeneous CVIT stream. Dataset columns use native
metrics.

Method SQA TVQA F30k INet GQA VQAv2 AP ↑ AF ↓

SeqLoRA 59.21 50.80 20.99 20.30 49.98 64.41 44.28 48.73
MoE-LoRA 58.09 53.30 22.82 22.61 51.80 65.15 45.63 49.94
DoRA 52.03 47.37 27.97 26.18 46.05 57.33 42.82 34.11
C-LoRA 55.58 38.64 59.05 22.81 40.93 51.65 44.78 18.83
Replay 66.06 47.78 24.21 25.66 46.53 58.59 44.81 26.88
EWC 53.60 49.07 20.38 20.48 50.11 64.63 43.05 52.47
EWC+TIR 66.94 45.76 29.49 21.68 46.90 58.80 44.93 26.38
Eproj 63.45 53.18 151.41 20.63 45.30 57.32 65.22 14.43
SMoLoRA 80.50 58.30 146.63 94.28 52.42 65.96 83.02 6.50

Q-STEER 82.10 59.40 148.30 96.10 54.60 70.40 85.15 4.33
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On the heterogeneous CVIT stream, Q-STEER achieves the best aggregate
performance and retention, improving AP from 83.02 to 85.15 and reducing
AF from 6.50 to 4.33 relative to SMoLoRA (Tab. 3). It also obtains the best
native score on five of the six constituent datasets. Flickr30k uses a retrieval-style
native score that can exceed 100, which explains the scale difference from the
other columns. These results provide a robustness check across science reasoning,
OCR VQA, image–text understanding, classification, compositional grounding,
and standard VQA, rather than a claim of transfer across different backbone
families.

The added cost comes from the controller, ICR bases, prompt-only diagnostic
pass, and one-time task probe. Inactive slots are masked from decoding FLOPs,
and Q-STEER stores no replay samples. The resulting overhead is moderate
relative to CL-MoE (Tab. 4).

Table 4: Computational overhead.

Method Add-on Params FLOPs Mem. Train Infer.

VQACL 0.0M +0.0% +5.8% +9.7% +0.0%
CL-MoE 40.0M +5.4% +7.6% +13.2% +5.0%
Q-STEER 45.6M +6.5% +8.2% +15.6% +6.1%

4.5 Ablations and Grounding Analysis

Table 5: Ablation study on continual VQA v2. Factorized control removes both the
old/new expert split and the shared interpolation gate.

Variant AP ↑ AF ↓ Novel ↑ Seen ↑

Full Q-STEER 53.68 4.51 51.00 51.48

constant-d(x) 52.87 5.15 49.65 50.38
cosine drift 53.14 4.91 50.12 50.82

w/o factorized control 48.73 7.62 44.91 45.62
w/o ICR 51.94 5.90 47.88 49.26
w/o expansion 50.96 6.47 47.11 47.85
w/o active mask 51.28 6.28 47.54 48.12
w/o top-K 50.41 6.89 46.35 46.98

Replacing KL drift with a constant or cosine signal weakens both retention
and compositional performance, showing that input-dependent KL drift provides
more useful control information than a fixed signal or an alternative similarity
measure. Removing ICR increases AF from 4.51 to 5.90, whereas removing ex-
pansion lowers AP from 53.68 to 50.96, supporting their respective retention
and plasticity roles. Removing factorized control causes the largest degradation,
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indicating that separate normalization of old and new expert banks is important
for limiting routing interference. Active pre-softmax masking and sparse top-K
backward updates also contribute to stable continual adaptation (Tab. 5).

For a validation-level grounding proxy, Evidence-Mass measures generated-
answer attention assigned to the top 10% of visual patches most similar to ques-
tion object or attribute nouns. Attention entropy measures how diffusely the
answer-position attention is distributed over visual tokens.

Table 6: Grounding proxy analysis and sensitivity to the ICR steering scale. EM
denotes average Evidence-Mass.

Setting sicr EM ↑ Entropy ↓ AP ↑ AF ↓

w/o ICR – 0.421 2.31 51.94 5.90
ICR 0.1 0.456 2.20 52.76 5.22
ICR 0.3 0.487 2.07 53.68 4.51
ICR 0.5 0.473 2.14 52.98 4.96

As shown in Tab. 6, the default ICR scale sicr = 0.3 increases Evidence-Mass
from 0.421 to 0.487 and reduces attention entropy from 2.31 to 2.07 relative to
the model without ICR. Both weaker steering at sicr = 0.1 and stronger steering
at sicr = 0.5 produce lower AP and higher AF, indicating that the correction
strength involves a selectivity–stability trade-off. The question-type results in
Fig. 3 show that the grounding improvement is consistent across recognition,
localization, counting, color, action, and causal questions. The exact grounding
proxy definition and evaluation details are provided in the supplement.
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Fig. 3: Grounding proxy analysis by question type. Q-STEER increases Evidence-Mass
and reduces attention entropy across recognition, localization, counting, color, action,
and causal questions.

This proxy does not establish causal explanation, but it supports the inter-
pretation that ICR concentrates answer-position attention on question-relevant
visual evidence.

Sensitivity and expansion dynamics are summarized in Tab. 7 and Fig. 4.
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Table 7: Sensitivity to the late-layer intervention window and expansion hyperparam-
eters. The default configuration is highlighted in bold.

Category Setting AP ↑ AF ↓ Novel ↑ Seen ↑

Late layers

1 50.72 6.52 47.11 47.63
2 51.86 5.79 48.54 49.02
4 53.21 4.83 50.37 50.89
6 53.68 4.51 51.00 51.48
8 52.94 4.96 50.11 50.63

βthr

0.25 52.47 5.34 49.36 49.92
0.50 53.68 4.51 51.00 51.48
0.75 53.12 4.86 50.24 50.91

Einit

4 52.55 5.26 49.51 49.88
8 53.68 4.51 51.00 51.48
12 53.18 4.74 50.67 50.84

Emax
16 52.31 5.49 49.08 49.63
32 53.68 4.51 51.00 51.48

Probe budget
64 52.88 4.97 49.91 50.58
128 53.68 4.51 51.00 51.48
256 53.56 4.57 50.93 51.31
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Fig. 4: Expansion dynamics and controller response. The bank expands sparsely and
never exceeds 18 of 32 active slots per layer; drift–gate trends are descriptive rather
than causal.

Table 7 shows that performance improves as the controlled late-layer win-
dow increases from one to six layers, while extending the intervention to eight
layers slightly reduces selectivity. The expansion parameters exhibit a capacity–
interference trade-off: insufficient initial or maximum capacity degrades perfor-
mance, while the default threshold and probe budget provide the strongest AP,
AF, and compositional results. Figure 4 shows that active expert slots grow
gradually but remain well below the preallocated maximum of 32 slots. At most
18 slots are active in any controlled layer, leaving at least 14 unused slots. Ex-
pansion is task-dependent rather than uniform, and the task-level controller gate
exhibits a trend similar to the measured attention drift.

5 Limitations

Q-STEER preallocates expert slots, which simplifies mask-based expansion but
incurs parameter storage even for inactive experts. The prompt-only drift pass
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and per-task probe add compute. Attention drift and Evidence-Mass are proxies
for coupling quality rather than causal explanations, and the sufficient margin
condition in Eq. (12) is not a universal retention guarantee. Finally, the shared
gate may be suboptimal when expert usage and attention correction should vary
independently. Future work should consider compressible expert banks, richer
drift estimators, causal grounding tests, and separate but coordinated routing
and steering controls.

6 Conclusion

We introduced Q-STEER, a task-agnostic continual VQA framework that assigns
new capacity to new response behavior while steering late-layer attention to pre-
serve question–evidence coupling. Probe-based MoE-LoRA expansion, factorized
routing, and KL-conditioned ICR jointly improve average performance, forget-
ting, and compositional generalization. The results, seed study, heterogeneous-
stream evaluation, ablations, grounding proxies, sensitivity analysis, and over-
head measurements consistently support the proposed separation of plasticity
and retention.
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