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Abstract

Multimodal Large Language Models (MLLMs)
struggle with continual learning, often suffer-
ing from catastrophic forgetting when adapting
to sequential tasks. We introduce a routing-
based architecture that integrates new capa-
bilities while robustly preserving foundational
knowledge. While Multi-Task Learning (MTL)
is a strong performance reference, its training
cost grows linearly with the number of tasks.
In contrast, our method maintains fixed per-
task training data and compute requirements
regardless of the task sequence length. Across
models ranging from 2B to 8B parameters, we
demonstrate that our routing approach performs
on par with MTL while retaining the train-
ing efficiency of sequential fine-tuning. Be-
yond merely mitigating forgetting, we observe
that token-level routing facilitates cross-modal
transfer, leveraging knowledge from one modal-
ity to bolster performance in another. We also
show that routing remains robust even with
large expert pools and effectively capitalizes
on task relatedness. Finally, we show that our
method scales favorably, with larger models ex-
hibiting minimal degradation compared to fully
specialized fine-tuning.

1 Introduction

Large Language Models (LLMs) have fundamen-
tally transformed Natural Language Processing
(NLP) (Brown et al., 2020), a success now mirrored
by Multimodal Large Language Models (MLLMs)
capable of reasoning leveraging visual and tex-
tual inputs (Radford et al., 2021; Alayrac et al.,
2022; Liu et al., 2023). However, adapting these
general-purpose models to specialized domains in-
troduces a critical dilemma: optimizing perfor-
mance on target tasks via fine-tuning frequently
triggers catastrophic forgetting (CF), severely de-
grading the model’s previously acquired knowl-
edge (McCloskey and Cohen, 1989). This chal-
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Figure 1: Comparison of continual learning methods.
Left: Task performance across four vision-language
benchmarks. Right: Training time and inference re-
quirements. Our routing-based approach performs on
par with Multi-Task Learning while requiring 2.7 x less
training time and only a single forward pass at inference,
unlike MR-LoRA which requires two.

lenge is most severe in continual learning settings,
where models must learn a sequence of tasks with-
out accessing historical training data (Kemker et al.,
2018). Given the massive scale of MLLMs, tradi-
tional solutions such as experience replay (Rolnick
et al., 2019; Rebuffi et al., 2017) or parameter regu-
larization (Kirkpatrick et al., 2017) are often com-
putationally prohibitive or ineffective (Wu et al.,
2024). Because general linguistic and visual knowl-
edge is distributed across billions of parameters,
task-specific updates may lead to catastrophic for-
getting, where the optimization for new objectives
inadvertently overwrites the representations neces-
sary for earlier tasks (Kotha et al., 2023).

In the multimodal context, this interference is
particularly damaging as it risks the cross-modal
alignment established during pretraining (Zhai
et al., 2023). Fine-tuning can decouple visual em-
beddings from their textual counterparts, break-
ing the model’s reasoning capabilities (Zhu et al.,
2024). Furthermore, visual encoders and language
decoders often suffer from asymmetric forgetting
rates, further destabilizing the model (Ni et al.,
2023). Consequently, there is a critical need for ar-
chitectures that allow plasticity for new tasks while
enforcing stability for foundational cross-modal
alignments.

Figure 1 illustrates the trade-offs between these
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paradigms. While Sequential Fine-Tuning is data-
efficient, it suffers from a sharp decline in per-
formance on prior tasks. Conversely, Multi-Task
Learning (MTL) can improve stability by retrain-
ing on the cumulative dataset, but its training cost
grows linearly with the number of tasks, which
is unsustainable for large-scale MLLMs. Fur-
thermore, while modular frameworks like MR-
LoRA (Zhao et al., 2025) reduce interference, they
often require two forward passes at inference to
resolve task-specific outputs. Our approach aims
to occupy a middle ground wherein it achieves the
stability of MTL and the efficiency of sequential
methods while maintaining only a single-pass in-
ference.

In this work, we adapt token-level routing over
a library of LoRA experts (Mugeeth et al., 2024;
Ostapenko et al., 2024) to continual learning in
MLLMs. We do not claim the routing primitive
itself as new. Instead, we show that this modular
design isolates task-specific adaptations to prevent
the overwriting of shared knowledge, and we study
the properties it exhibits in the multimodal setting.
Our contributions are fourfold:

1. We show that routing-based continual learning
matches MTL using only the current task’s
data, eliminating costly retraining.

2. We find that token-level routing enables cross-
modal transfer, allowing unimodal expert im-
provements (e.g., text-only) to bolster multi-
modal performance.

3. We provide extensive evaluations across se-
quential tasks, showing robustness to expert
pool size and positive utilization of task relat-
edness.

4. We identify a positive scaling trend where
as model size grows, our method approaches
fully specialized fine-tuning, suggesting favor-
able scaling for larger backbones.

2 Related Work

2.1 Multimodal Large Language Models

MLLMs extend the capabilities of LLMs by pro-
cessing visual inputs alongside text, typically
comprising a pretrained vision encoder, a lan-
guage backbone, and a connector module that
projects visual features into the language embed-
ding space (Yin et al., 2024). Early architectures,
such as Flamingo (Alayrac et al., 2022) and BLIP-
2 (Li et al., 2023), established foundational design

principles by bridging frozen vision and language
models via modular components.

Subsequent research has prioritized scaling
model capacity and refining instruction tuning.
LLaVA (Liu et al., 2023, 2024a) demonstrated the
efficacy of visual instruction tuning using simple
projection layers, while models such as Qwen-
VL (Bai et al., 2023) and InternVL (Chen et al.,
2024b,a) introduced multi-stage training paradigms
incorporating diverse data mixtures and dynamic
resolution processing. However, these architectures
are typically optimized for static training pipelines
under the assumption of i.i.d. data distributions.
Consequently, how to effectively incorporate con-
tinual adaptation into these frameworks remains
unclear; without explicit mechanisms to manage se-
quential learning, they remain susceptible to catas-
trophic forgetting.

2.2 Continual Learning in Large Models

Catastrophic forgetting remains a persistent chal-
lenge in deep learning, exhibiting a relationship
with model scale that is both complex and task-
dependent (Ramasesh et al., 2021; Kalajdzievski,
2024). In MLLMs, it becomes more difficult due to
cross-modal interference where sequential adapta-
tion often disrupts the alignment established during
pretraining, causing fine-tuning in one modality to
degrade representations in the other (Zhai et al.,
2023).

Traditional continual learning strategies face se-
vere scalability bottlenecks when applied to billion-
parameter models. Replay-based methods (Rol-
nick et al., 2019; Chaudhry et al., 2019) require
the retention of historical data, raising privacy
and storage concerns, while regularization tech-
niques (Kirkpatrick et al., 2017; Zenke et al., 2017)
frequently demand computationally prohibitive im-
portance scoring across the entire network. Al-
though multi-task learning is a strong performance
reference, it necessitates simultaneous access to all
datasets, rendering it impractical for dynamic data
streams (Ruder, 2017).

To address these limitations, recent Parameter-
Efficient Fine-Tuning (PEFT) methods have been
adapted for the continual learning setting. Ap-
proaches such as Progressive Prompts (Razdai-
biedina et al., 2023) utilize task-specific tokens,
while O-LoRA (Wang et al., 2023) constrains
adaptation to orthogonal subspaces. Similarly,
SEMA (Wang et al., 2025) introduces adapter-
based sequential training with automatic expansion
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for vision-based learning. However, the MLLM-
CL benchmark (Zhao et al., 2025) indicates that
while these approaches mitigate forgetting, they
struggle with complex, domain-specific shifts. Un-
like these adapter-centric strategies, our method op-
erates at token level, enabling fine-grained routing
that better accommodates vision-language tasks.

2.3 Model Merging and Modular Routing

Modular architectures offer a promising alternative
to rigid end-to-end training. Model merging, for
instance, combines the weights of separately fine-
tuned models without requiring concurrent data
access (Matena and Raffel, 2022; Ilharco et al.,
2022; Yadav et al., 2023). While computationally
efficient, merging is static; it often underperforms
when tasks are semantically distant or require con-
flicting reasoning patterns, leading to interference
in the final averaged weights.

Routing-based methods address these challenges
by dynamically selecting specialized sub-networks
based on input semantics. While frameworks
like PHATGOOSE (Mugeeth et al., 2024) and
Arrow (Ostapenko et al., 2024) utilize modular
routing for zero-shot generalization, and Mixture-
of-Experts (MoE) architectures (Lin et al., 2024;
Riquelme et al., 2021) employ it for capacity scal-
ing, their application in continual learning remains
underexplored. Specifically, standard MoEs of-
ten lack mechanisms to isolate task-specific knowl-
edge or handle the sequential arrival of data, and
we detail how our approach differs from them in
Appendix E. Our approach addresses this by lever-
aging routing to manage an ever-growing library
of Low-Rank Adapters (LoRA). Rather than up-
dating a static set of parameters, we instantiate a
new LoRA ’specialist’ for each incremental task.
The router then learns to steer inputs toward the ap-
propriate module, allowing the MLLM to broaden
its capabilities while maintaining strict functional
isolation to prevent catastrophic forgetting.

3 Proposed Method

In this paper, we introduce a modular routing frame-
work designed to address the stability-plasticity
dilemma in MLLMs (Shi et al., 2024). Our rout-
ing mechanism follows PHATGOOSE (Mugeeth
et al., 2024), which demonstrated modular rout-
ing for zero-shot generalization in text-only LLMs,
and we adapt it to replay-free multimodal contin-
ual learning. Our core insight is the decoupling

of representation learning (skill acquisition) from
task identification (routing). By isolating these
processes, we ensure that new capabilities are inte-
grated without affecting the model’s existing cross-
modal alignment.

As illustrated in Figure 2, our framework op-
erates in three phases: (1) Expert Specialization
via LoRA, (2) Router Vector Training, and (3) Dy-
namic Inference.

3.1 Architecture Overview

We utilize a standard MLLM architecture com-
posed of a vision encoder, a projection layer, and
an LLM. To isolate the impact of our routing mech-
anism and ensure a controlled evaluation of catas-
trophic forgetting, we keep the vision encoder and
projection layer frozen in our main experiments.
We implement task-specific LORA modules within
all linear layers of the LLM (query, key, value, out-
put, gate, up, and down projections). The same
mechanism also applies when the vision encoder
and projector are adapted, as shown in Appendix G.

3.2 Training Strategy

Our training strategy separates the acquisition of
task knowledge from the task selection. This sepa-
ration is critical for preventing the gradient conflict
typically observed in sequential fine-tuning.

Step 1: Expert Specialization (LoRA). For
each arriving task T}, we specialize the LLM by
training a dedicated LoRA adapter. Let Wy €
R¥*din denote the frozen weights of a linear layer
in the base LLM. For an input activation u; € R%n»
at token ¢, the output h; is computed as:

hi = Wouy + B Ajuy, ()

where A; € R"™*%n and B; € R are the train-
able LoRA parameters with rank r < d. These
parameters are optimized using only the dataset for
task T;, ensuring the expert captures task-specific
nuances without being regularized by prior tasks.

Step 2: Routing Vector (RV) Training. Once
the expert for task 7; is trained, we freeze parame-
ters A; and B; and add a lightweight routing vector
v; € R%n This vector serves as a soft gate, learn-
ing to identify the activation subspace associated
with task T;.

The routing vector is initialized to zero and opti-
mized using the same next-token prediction objec-
tive as Step 1. During this phase, the layer output
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Figure 2: The proposed method. The process is divided into three steps: (1) Training task-specific LoORA adapters;
(2) Training lightweight Routing Vectors (RV) to recognize task-specific activation patterns; (3) Inference using
dynamic composition to select the top-k experts per token.

is governed by:
hy = Wous + a(vZTut) - (BiAjuy), (2)

where o (+) is the sigmoid function. By optimizing
v; while the expert is active, the router learns a
latent “signature” of the task within the activation
space. Crucially, this step requires no access to
data or LoORA modules from prior tasks.

3.3 Inference

During inference, we utilize a bank of trained
experts and their corresponding routing vectors
V = {vy,...,vn} for N accumulated tasks. As
depicted in Step 3 of Figure 2, routing decisions are
computed dynamically at the token level, allowing
the model to switch contexts mid-generation.

For an input activation u;, we compute an affinity
score with each routing vector:

sty =v,u, jE{l,...,N} (3)

We then identify the set of indices &; corresponding
to the top-k affinity scores. To effectively mix the
selected experts, we normalize these scores using a
softmax function with a scaling temperature 7:

exp(st,;/T)
Zme& exp(8t,m/T)’

Wt 5 = V] € &. “4)

The final output is the superposition of the base
model and the weighted experts:

hy = Wouy + Z th(BjAjut). ®))
JEE

This design ensures that the model dynamically
retrieves the most relevant expert for each token

without requiring explicit task identifiers. This
mitigates catastrophic forgetting while allowing
for positive transfer, as vision-centric tokens can
route to vision experts and logic-centric tokens to
reasoning experts.

4 Experiments

This section details our experimental setup, includ-
ing model architectures, datasets, and training hy-
perparameters. We evaluate our routing framework
on InternVL-2 (Chen et al., 2024b) (2B and 8B
variants) and LLaVA-v1.5-7B (Liu et al., 2023)
to assess scalability and robustness across diverse
model families. Appendix G extends the evalua-
tion to Qwen3-VL-4B (Bai et al., 2025), including
a setting where the vision encoder and projector
are also adapted.

4.1 Datasets and Evaluation Metrics

To evaluate the stability-plasticity trade-off, we
categorize our evaluation into Specialization Tasks
and General Benchmarks.

Specialization Tasks. We employ a diverse set of
multimodal tasks covering: (1) COCO-Caption
(COCO) (Lin et al., 2014) for image captioning
(CIDEr); (2) SNLI-VE (Xie et al., 2019) for vi-
sual entailment (Accuracy); (3) Hateful Memes
(HM) (Kiela et al., 2020) for toxicity detection (Ac-
curacy); and (4) MMIMDDb (Arevalo et al., 2017)
for movie genre classification (Precision).

General Benchmarks. We monitor retention
of foundational knowledge using MMBench
(MMB) (Liu et al., 2024b) for multi-dimensional
reasoning, ChartQA (Masry et al., 2022) for visual
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Table 1: Comparison of continual learning methods on InternVL2-2B and 8B (best in bold, second best underlined);
Performance is reported across four sequential specialization tasks and three general-purpose benchmarks.

Size Method | COCO SNLI HM MMIMDb | MMB ChartQA DocVQA
Zero-shot 0.795 529 602  46.6 79.1 59.5 84.7
Seq-FT 1181 61.0 497 623 67.1 41.2 70.0

,p  Arith. Merge 1171 733 645 649 786 592 84.1
MR-LoRA 1310 800 69.1 614 - - -
MTL 1340 83.6 739  63.0 76.5 55.7 779
Routing (Ours) | 1305 803 712  63.2 788 392 843
Zero-shot 0.889 702 654 545 85.6 726 89.7
Seq-FT 1258 654 521 648 712 485 74.3

gp Arith. Merge 1272 713 687  66.9 86.0 706 87.2
MR-LoRA 1351 810 734 667 - - -
MTL 1.374 847 783 654 857 682 86.5
Routing (Ours) | 1350 833 768  67.4 863 731 89.3

data interpretation, and DocVQA (Mathew et al.,
2021) for document understanding.

MLLM-CL benchmark. (Zhao et al., 2025)
This benchmark spans two settings, Domain-CL
covers five disparate specialized domains (Remote
Sensing, Medical imaging, Art and Design, Sci-
ence, and Finance), and Ability-CL targets three
transferable skills (OCR, Math & Logic (M&L),
and Visual Perception).

Cross-Modal Transfer. To investigate the cross-
modal transfer capabilities of the proposed method,
we train two distinct experts: a text-only math ex-
pert (Orca-Math (Mitra et al., 2024)) and a multi-
modal math expert (Multi-math (Peng et al., 2024)).
We then evaluate zero-shot performance on the
MGSM framework (Shi et al., 2022) in both En-
glish and Chinese.

4.2 Training Hyperparameters

Baseline Configurations. For Sequential Fine-
tuning (Seq-FT), we use a learning rate of 1 x 107
for three epochs on each task. For Multi-Task
Learning (MTL), all tasks are co-trained for three
epochs. All training experiments are conducted
on 32 A10 GPUs with a global batch size of 512.
Arithmetic Merging (Arith. Merge) (Ilharco et al.,
2022) computes a weighted average of fine-tuned
weights to create a single model.

Modular Routing Training:

1. Expert Specialization: Task-specific LoRA
modules of rank 128 trained (Ir=4x107?, co-
sine decay).

2. Gate Optimization: Routing vector v trained
(100 steps, batch size 32) with LoRA weights
frozen.

The full set of hyperparameters, including routing
temperature and decoding settings, is listed in Ap-
pendix D.

Task Sequence. We evaluate continual learning
using the sequence: COCO — SNLI — HM —
MMIMDBb. During inference, we employ top-k
routing with k& = 1, prioritizing the most relevant
expert for each token to maintain computational
efficiency. We follow the suggested tasks sequence
for MLLM-CL benchmark (Zhao et al., 2025).

5 Results and Analysis

5.1 Performance Comparison and Stability

As demonstrated in Table 1, the proposed routing
method (Routing) consistently achieves the opti-
mal balance between task-specific specialization
and the preservation of foundational capabilities.

Routing vs. Multi-Task Learning. Notably, our
routing approach achieves performance compara-
bly with the MTL model. On MMIMDDb, routing
surpasses MTL in both the 2B (63.2 vs. 63.0) and
8B (67.4 vs. 65.4) variants. This suggests that
routing effectively mitigates negative task inter-
ference (Wang et al., 2020). While MTL forces
a shared weight space to accommodate contrast-
ing data distributions, our approach isolates task-
specific features, preventing destructive gradient
interference.

Furthermore, routing demonstrates superior sta-
bility. MTL exhibits performance degradation on
MMBench and DocVQA compared to the zero-
shot baseline, indicating a forgetting of founda-
tional knowledge. In contrast, routing preserves
these scores near zero-shot levels.
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Table 2: Comparison of routing vs. LoRA-specialized
models. Routing achieves competitive or superior per-
formance on all tasks using a single model.

Table 3: Performance on MLLM-CL (LLaVA) across
Domain-CL and Ability-CL. Bold/underline = best/2nd
among practical methods (Oracle excluded).

Model Specialized Tasks Benchmark Tasks
ode COCO SNLI HM MMIMDb |MMB ChartQA DocVQA
Zero-Shot | 0.889 702 654 542 | 85.6 72.7 89.7
LoRA-COCO 1.348 71.8 632 478 86.3 71.5 89.4
LoRA-SNLI 1.084 842 63.0 532 85.6 72.4 89.6
LoRA-HM 1.004 74.0 76.5 52.6 85.7 71.9 84.0

LoRA-MMIMDbD | 0.991 69.3 64.5 65.8 85.8 72.1 89.4
Routing (Ours) | 1.350 833 768 674 86.3 731 89.4

Routing vs. Arith. Merge. Arithmetic merging
produces a static weighted average of expert param-
eters, forcing all tokens through the same blended
representation and causing destructive interference
when tasks require conflicting weight directions.
As shown in Table 1, our token-level routing in-
stead selects experts per-token based on activation
patterns, yielding a 12.0% gain on 8B SNLI (83.3
vs. 71.3) while preserving general-benchmark per-
formance.

Routing vs. Seq-FT. Sequential FT exhibits the
most severe catastrophic forgetting, with perfor-
mance on general benchmarks like MMBench drop-
ping sharply (from 79.1 to 67.1 in the 2B model).
While merging and MTL offer varying degrees
of stability, they either sacrifice peak task perfor-
mance or require simultaneous access to all train-
ing data. Routing achieves a “best-of-both-worlds”
outcome: it doesn’t require access to past training
dataset while matching or exceeding the stability
of global multi-task training.

Comparison with MR-LoRA. Across the four
specialization tasks in Table 1, routing improves
on MR-LoRA in SNLI, HM, and MMIMDb while
remaining within 0.005 CIDEr on COCO, in both
the 2B and 8B settings. The 8B gains are sub-
stantial, reaching +2.3 points on SNLI (83.3 vs.
81.0), +3.4 on HM (76.8 vs. 73.4), and +0.7 on
MMIMDb (67.4 vs. 66.7). Routing also retains
MMB, ChartQA, and DocVQA close to the zero-
shot baseline, whereas MR-LoRA leaves these
columns empty because its router selects a single
LoRA per query and cannot route benchmark in-
puts that fall outside the trained expert set. MR-
LoRA further requires dual-pass inference, with
an external router consuming one forward pass to
select an expert and the chosen expert consuming
a second pass to generate the response, while our
routing vectors operate inside the LLM activation
space and complete inference in a single decoder

Method \ Domain-CL | Ability-CL

| RS Med AD Sci Fin |[OCR M&L VP
Zero-shot 32.3 283 15.6 35.6 62.6/31.2 30.2 60.8
Oracle 81.1 65.8 54.2.56.9 91.1|33.6 36.5 65.1
LoRA-FT 69.7 41.6 254 40.9 87.5/21.8 327 584
O-LoRA 74.6 444 30.0 41.5 87.2[ 29.6 313 60.8
MoELoRA  |77.5 41.9 27.6 40.1 86.8 19.8 322 54.2
CL-MoE 713 46.8 26.3 41.2 88.7 254 31.8 60.9
HiDe 743 49.0 33.2 385 81.6/ 24.6 284 30.7
SEFE 773 50.4 37.2 409 86.8 25.6 34.8 57.6
DISCO 76.0 45.2 43.8 423 89.0/ 342 35.0 61.6
ModalPrompt |53.6 45.7 40.8 41.8 87.8| - - -
L2P 63.8 34.6 23.0 386 93.0, - - -
MR-LoRA 809 65.3 54.1 56.7 91.1| 33.7 362 65.1
Routing (Ours) 81.0 66.6 53.4 56.4 91.1| 335 36.5 64.9

pass. Its router is also trained on stored samples
from previously seen tasks, whereas our routing
vectors are trained in isolation on each task with no
access to prior data. In all comparisons, both meth-
ods use the same base model, the same per-task
training data, and LoRA experts of rank 128, so the
methods differ only in the routing and inference
regime. As shown in Appendix G, the same pattern
holds on the more recent Qwen3-VL-4B backbone,
where single-pass routing achieves the best score
on three of the four specialization tasks and train-
ing remains stable when the vision encoder and
projector are also adapted.

5.2 Specialization vs. Generalization

A key question in modular architectures is whether
a single routed model can match the performance
of individual specialized models. Table 2 compares
our framework against single-task LoRA experts.

The results indicate that routing matches or ex-
ceeds specialist performance on 3 of 4 tasks. For
example, the routed model achieves a score of 76.8
on Hateful Memes, surpassing the 76.5 achieved
by the standalone LoORA-HM model. This suggests
that the routing mechanism can perform "cross-
expert utilization," where tokens within a single
input benefit from the specialized features of multi-
ple expert modules.

5.3 Evaluation on MLLM-CL Benchmark

We evaluate our framework on the MLLM-CL
benchmark across both Domain-CL and Ability-
CL settings using LLaVA-v1.5-7B as base model.
As summarized in Table 3, our routing mechanism
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Table 4: Routing performance with incremental expert
inclusion.

Routing Setup | COCO SNLI HM MMIMDb
Zero-Shot | 0795 529 602 466
SNLI,COCO | 1.306 80.0 61.9 48.3
+HM 1309 80.7 716 45.3
+ MMIMDb 1305 803 712 63.2
+ ChartGemma | 1.311 80.3 70.8 62.8
+ XNLI 1308 812 712 62.9

effectively bridges the gap between zero-shot base-
lines and oracle.

The results highlight two primary strengths
of our approach: First, by isolating domain-
specific features into dedicated expert subspaces,
our method achieves scores of 81.0 in Remote
Sensing and 66.6 in Medical imaging, matching
or slightly exceeding oracle performance. This in-
dicates that modular specialization can be more ef-
fective than joint training, which often suffers from
destructive gradient interference. Second, our ap-
proach maintains high efficiency by delivering com-
petitive results, such as 91.1 in Finance and 36.5
on Math & Logic (M&L) using a single-pass infer-
ence. This offers a significant computational advan-
tage over state-of-the-art baselines like MR-LoRA,
which require expensive dual-inference passes to
achieve similar performance.

5.4 Ablation Studies

Scalability and Expert Interference. We first
evaluate the stability of the routing mechanism as
the expert pool grows. A critical challenge in modu-
lar architectures is ensuring that the addition of new
experts does not induce performance degradation.

Starting with two experts (SNLI and COCO),
Table 4 shows that routing progressively acquires
strong domain-specific knowledge while preserv-
ing previously learned capabilities. Adding new
experts consistently improves performance on their
corresponding domains without introducing notice-
able interference across earlier tasks.

To assess resilience against irrelevant expertise,
we introduced a LoRA module trained on Chart-
Gemma (Masry et al., 2025), a dataset unrelated to
the core evaluation suite. As shown in Table 4, the
inclusion of this unrelated expert does not degrade
performance across existing tasks, reinforcing the
framework’s scalability and its ability to ignore
irrelevant modules.

Table 5: Computational efficiency comparison across
methods. Training time measured in GPU hours on 32
A10 GPUs. Data requirements shown as relative factors.

Method Training Time (hrs) | Data Requirements
First Task  All Tasks | First Task  All Tasks
Seq-FT 2.5 10.0 1x 1x
Seq-FT+ER 2.5 13.5 1x 2.2%
MTL 2.5 28.7 1x 4x
Routing (Ours) 2.5 10.6 1x 1x
EE 25 —
—A
S ’ Peak Memory 108
N
3 I
| Y. )
£ 20 2
2 04
oy g
©) —
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1234567289
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Figure 3: Peak GPU memory (left axis) and median
inference time (right axis) as the # of loaded LoRA
adapters grows. LLaVA-v1.5-7B on one A100-40GB,
500 samples per IV, max_new_tokens=1.

Finally, adding XNLI (Conneau et al., 2018) a
text-only natural language inference task closely
related to the multimodal SNLI. Interestingly, the
addition of XNLI not only boosted performance on
its own task but also improved scores on related
image-text tasks (80.3 — 81.2). This suggests a
positive transfer effect, where the routing mecha-
nism effectively leverages cross-modal similarities
to enhance reasoning across related domains.

Beyond positive transfer, we verify in Ap-
pendix F that routing vectors are discriminative
across tasks, with each router occupying a distinct
region of the activation space, and that performance
remains stable under L2-normalized routing, indi-
cating robustness to score-scale bias.

Computational Efficiency. We analyze the com-
putational advantages of our routing based ap-
proach compared to standard continual learning
methods and existing routing baselines. Table 5
summarizes training time and data requirements
for InternVL2-2B across a four-task sequence.

As shown in Table 5, our framework is signif-
icantly more efficient than MTL and Experience
Replay (ER). Beyond these standard baselines, our
method offers two distinct advantages over recent
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modular approaches that utilize external router
modules. First, our method is data-independent.
Existing routing frameworks store past task sam-
ples (e.g., 20 per task) (Zhao et al., 2025) to train
a centralized router, while our routing vectors are
trained in isolation per task with zero access to prior
data. Second, our method requires only single-pass
inference, whereas methods such as MR-LoRA
separate routing and generation, using an initial
forward pass to determine the appropriate expert
before a second pass produces the response. Our
routing mechanism allows expert selection and de-
coding to occur within the same computational
graph, so inference requires only a single decoder
pass.

VRAM and Latency Scalability. While per-task
training cost is fixed, inference memory and la-
tency grow with the number of loaded experts. To
quantify this overhead, we profile GPU memory
and inference latency on a single NVIDIA A100-
40GB across 500 AD test samples per pool size
with LLaVA-v1.5-7B (LoRA rank 128). We set
max_new_tokens to 1 so that the measurement
isolates routing and forward-pass overhead from
generation-length variance, and we report the me-
dian per-sample time (P10 to P90 within 0.02s).
As shown in Figure 3, peak memory scales lin-
early at approximately 1.16 GB per additional ex-
pert, utilizing 59% of the 40 GB capacity at N=9.
We measured pool sizes up to N=9, and linearly
extrapolating this slope suggests capacity for ap-
proximately 23 experts on an A100-40GB and 57
on an A100-80GB. The median per-sample time
grows from 0.186s at N=1 to 0.481s at N=9, a
2.6x increase for a 9x larger expert pool. Be-
cause token-level routing activates only the top-k
experts per token, offloading rarely used experts
to CPU memory is a natural way to bound VRAM
for longer task sequences, which we leave to future
work.

5.5 Routing Enables Cross-modal Transfer

Building upon the positive transfer observed be-
tween the text-only XNLI and multimodal SNLI
tasks in Table 4, we further investigate the effec-
tiveness of routing in enabling cross-modal trans-
fer. We evaluate this capability on the multi-lingual
math dataset MGSM (Shi et al., 2022), specifically
focusing on zero-shot reasoning performance.

As detailed in Table 6, our experimental setup
utilizes two distinct LORA modules: orca-math,

Table 6: Cross-modal transfer on MGSM. Routing lever-
ages modality-specific experts to achieve superior per-
formance over individual specialists.

Expert Models

Task ‘ Zero-shot ‘ ‘ Routing

‘ ‘ orca-math (T)  multi-math (V+T) ‘
English 0.57 0.78 0.62 0.82
Chinese 0.57 0.62 0.58 0.64

which is specialized for text-based mathematical
reasoning, and multi-math, which is trained on both
image and text modalities. While the text-centric
orca-math expert naturally outperforms the mul-
timodal variant on this specific task, the routing
mechanism achieves a superior aggregate perfor-
mance (0.82 vs. 0.78 for English).

The routed model surpasses both individual ex-
perts on English and Chinese, indicating that rout-
ing does not collapse to selecting a single module
but draws on the text-only expert for arithmetic
reasoning and the multimodal expert for grounded
inputs within the same generation. The two skills
compose at the token level rather than competing
for a shared parameter update, allowing the com-
bined model to exceed either specialist. Composi-
tion can also hurt when a selected expert is itself
worse than the base model, and we analyze such a
case in Appendix C.

6 Conclusion

In this work, we address the challenge of catas-
trophic forgetting in MLLMs by adapting token-
level routing to integrate new task-specific experts
while preserving foundational knowledge. Our ap-
proach distinguishes itself from traditional multi-
task learning and experience replay by maintain-
ing fixed training cost per task and eliminating the
dependency on historical data, thus avoiding the
linear growth in training cost that limits large-scale
continual learning. Through extensive evaluations,
we demonstrate that routing performs on par with
multi-task learning on specialized tasks while pro-
tecting general-purpose reasoning capabilities. We
also show that this modular architecture facilitates
cross-modal transfer, allowing unimodal expertise
to bolster multimodal reasoning, and exhibits a
positive scaling trend from 2B to 8B where larger
models demonstrate better resistance to forgetting.
Unlike existing routing baselines that require multi-
pass inference and data replay, our mechanism op-
erates in a single pass and trains each routing vector
without access to prior data.
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7 Limitations

While our routing-based framework offers a scal-
able solution for multimodal continual learning,
some limitations merit further investigation. First,
the current implementation necessitates the simul-
taneous loading of multiple LoRA adapters during
inference to enable token-level dynamic composi-
tion. Although each adapter is parameter-efficient,
the cumulative memory footprint scales linearly
with the number of tasks, which may present de-
ployment challenges on hardware with restricted
VRAM. Our capacity estimates beyond N=9 are
linear extrapolations rather than measurements. Be-
cause only the top-k experts are active per token,
an LRU scheme that keeps rarely used adapters in
CPU memory and pages them into GPU memory
on demand could bound the active VRAM footprint
independently of the task count. Other options in-
clude merging experts whose routing vectors are
highly similar (e.g., Science and Medical in Ta-
ble A.3), reducing the LoRA rank, pruning experts
that routing statistics show are rarely selected, and
hierarchical routing that first selects a task group
and then an expert within it. We have not validated
these mechanisms experimentally. Second, our
training strategy prioritizes stability by isolating
experts, which minimizes forward transfer during
the training phase. Because each LoRA module is
trained independently on its respective task with-
out access to prior adapters, a new expert cannot
be initialized from related prior experts. Transfer
re-emerges only at inference time through compo-
sition, as when the router combines the SNLI and
XNLI experts in Table 4. Third, due to compute
constraints our experiments cap at 8B parameters,
and whether the favorable 2B to 8B scaling trend
extrapolates to 70B-scale models remains an open
question. For the same reason, all results come
from single training runs, and we do not report
variance across seeds. Fourth, the router selects ex-
perts by relevance rather than quality, so an expert
that is relevant to an input but worse than the base
model on it can degrade the composed output (Ap-
pendix C). A quality-aware gate that down-weights
such experts is a direction for future work, as is ini-
tializing new experts from existing ones to enable
forward transfer without reintroducing catastrophic
forgetting.
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Appendix
A Dataset description and sizes

For our fine-tuning experiments, we have selected a
diverse set of datasets that target distinct tasks and
test various facets of multimodal learning. These
datasets span a range of applications, including
image captioning, visual entailment, hate speech
detection, and multimodal classification, provid-
ing a comprehensive evaluation framework for our
models. Below are the datasets used in our experi-
ments:

COCO-Caption dataset consists of over
330,000 images, each annotated with five human-
generated captions, originally designed for image
captioning tasks. We use an adapted split, which
includes 566,747 image-text pairs for training and
5,000 image-text pairs for testing. This provides a
rich multimodal resource for exploring the relation-
ships between visual content and natural language
descriptions. The performance is reported using
the CIDEr (Vedantam et al., 2015) metric, which
evaluates the quality of generated captions based
on their similarity to reference captions.

SNLI-VE is derived from the Stanford Natural
Language Inference (SNLI) (Bowman et al., 2015)
corpus, SNLI-VE (Visual Entailment) extends this
dataset by including visual contexts. It consists
of 529,527 image-text pairs for training, with a
test set of 2,000 pairs. These pairs are categorized
into three labels: (a) entailment, (b) neutral, and
(c) contradiction, allowing models to evaluate their
ability to reason about the relationships between
visual and textual information. We use accuracy as
the evaluation metric for this task.

Hateful Memes is multimodal dataset is specifi-
cally designed to evaluate models’ ability to detect
hateful content. It contains 8,500 training examples
and 1,000 test examples, with each example com-
bining text and images. The task requires models
to interpret both modalities to accurately identify
hate speech. The dataset includes two labels: (a)
not-hateful and (b) hateful. Accuracy is used as the
performance metric for this dataset.

MMIMDb is aimed at evaluating multimodal
movie genre classification. It contains pairs of
movie plot texts and posters, with 15,552 training
examples and 2,592 testing examples. The dataset
is similar to a multilabel classification task, with
25 possible genre labels. We evaluate the mod-
els using the precision metric, which measures the
proportion of true positive predictions out of all

positive predictions.

These datasets represent a broad spectrum of
multimodal tasks, enabling us to assess our models’
ability to handle diverse challenges that involve
integrating both visual and textual information. We
utilize a variety of performance metrics—such as
CIDEr, accuracy, and precision—to comprehen-
sively evaluate the models’ capabilities across dif-
ferent tasks.

A.1 Benchmarks

In addition to evaluating metrics on fine-tuning
tasks, we conduct an in-depth analysis of the fine-
tuned model using well-established benchmarks to
assess the extent of forgetting introduced during
model training. For this analysis, we utilize the
MMBench (Liu et al., 2024b), ChartQA (Masry
et al., 2022), and DocVQA (Mathew et al., 2021)
benchmarks, each targeting distinct evaluation ob-
jectives.

MMBench is designed to assess a model’s per-
formance on a set of fine-grained abilities, encom-
passing 20 ability dimensions under perception
and reasoning. It uses multiple-choice questions
that challenge the model to demonstrate both fine-
grained understanding and reasoning skills.

ChartQA evaluates the model’s ability to per-
form complex reasoning over data visualizations
such as charts and graphs. The questions in this
evaluation often require logical and arithmetic rea-
soning, as well as an understanding of the visual
features of the chart, which tests a model’s ability
to interpret and reason about structured data.

DocVQA Focused on visual question answer-
ing (VQA) tasks involving document images, this
dataset requires models to comprehend and reason
over the structure and content of documents. It
assesses the model’s ability to interpret visual and
textual information in the context of documents,
a challenge unique to VQA in document-specific
scenarios.

These benchmark datasets are crucial for evalu-
ating the robustness and generalization capabilities
of our models, particularly in scenarios that involve
more complex reasoning or domain-specific tasks,
such as visual question answering in documents
and data visualization comprehension. Addition-
ally, they provide a means of assessing the potential
for CF in the fine-tuned models, ensuring their con-
tinued effectiveness across various domains.
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B Routing patterns

In Figure A.1 (left), we examine the routing pat-
tern for the SNLI task. The results clearly indicate
that the SNLI module is correctly activated. How-
ever, we also observe the activation of the XNLI
module, which highlights the ability of the rout-
ing vector to understand task similarity. This is
intuitive, as XNLI is a text-text entailment task,
while SNLI is a text-image entailment task. This
pattern is consistent with the findings in Table 4,
where we observed that adding the XNLI module
enhanced the performance of the SNLI task, likely
due to shared underlying features between the two
tasks. In Figure A.1 (right), we present the routing
pattern for the COCO task. Here, we observe that
only the COCO module is activated, demonstrating
that the routing vectors are correctly trained. This
ensures that requests are routed automatically and
accurately to the appropriate modules, validating
the robustness of the routing.

In Figure A.1 (middle), we present the routing
pattern for the benchmark task MMBENCH. As
this is a general-purpose task, we observe that no
LoRA module receives dominant activation affin-
ity scores are approximately uniformly distributed
across experts, causing the selected top-k expert to
receive very low weights. Consequently, the base
model output dominates the final prediction (Eq. 5),
effectively defaulting to zero-shot behavior.

C Routing in cross-lingual setting

In this section, we investigate whether routing can
enable cross-lingual transfer—specifically, whether
a routing model can solve a task in one language
by combining a LoORA module trained on that lan-
guage with another LoORA module trained on a spe-
cialized task in English. To evaluate this, we focus
on the MGSM dataset (Shi et al., 2022), a multi-
lingual math-based reasoning benchmark. We con-
struct two expert models: a Math Expert, trained
on the OrcaMath dataset (Mitra et al., 2024), and
a Chinese Language Expert, trained on the xP3mt
dataset (Muennighoff et al., 2023).

Table A.1 presents results for InternVL2-2B and
InternVL2-8B models. The 2B model benefits from
routing, achieving the highest score when both the
Math and Chinese experts are combined, demon-
strating effective cross-lingual transfer. However,
the 8B model struggles with routing, showing a sig-
nificant performance drop when both experts are
used together.

We attribute the 8B failure to expert quality
rather than to routing. The 8B Chinese expert
scores 0.53, below the 0.57 zero-shot baseline, so
fine-tuning on xP3mt interferes with the model’s
already strong pretrained multilingual capability.
Because this expert is relevant to Chinese inputs,
the router selects it, and composing it with the Math
expert (0.62) pulls the result down to 0.47. By con-
trast, when each component expert is individually
beneficial, composition yields positive transfer, as
in the 2B Chinese subset (0.22 vs. 0.16 and 0.20),
English MGSM in Table 6, and SNLI with XNLI
in Table 4.

This case shows that degradation requires two
conditions to hold at once. The added expert must
be relevant to the input, so that the router selects it,
and it must be worse than the base model on that
input. An irrelevant expert does not cause harm
because its routing vector does not match the input
activations, which is consistent with the stable per-
formance after adding the unrelated ChartGemma
expert in Table 4. The current router gates on rele-
vance rather than quality, so a quality-aware gate
that down-weights experts failing to beat the base
model on their own domain would address this
failure mode, and a better data mixture for the lan-
guage expert may also help.

Figure A.2 reveals an interesting pattern in cross-
lingual transfer. As expected, the language model
is more frequently utilized in the initial and later
layers, while the math expert plays a dominant role
in performing computations. We believe this aligns
with the expected behavior, where the initial layers
transform embeddings from language to math, and
the later layers map from the math space back to
language.

Table A.1: Comparison of routing models for cross-
lingual transfer on the MGSM 8-shot dataset, evaluating
different scales of the InternVL2 model on the Chinese
subset.

Model Scale zero-shot Ex.pert Models Routing
Chinese ‘ Math

InternVL2-2B 0.15 0.16 0.20 0.22

InternVL2-8B 0.57 0.53 0.62 0.47

D Training details

For the full finetuning baselines, we use a learning
rate of 1 x 1075, We employ a total of 32 A10
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Figure A.1: Routing patterns for SNLI (left), MMBENCH (middle), and COCO (right). The figure demonstrates
that the routing model correctly activates task-specific modules: SNLI and XNLI for SNLI, only COCO for COCO,
and no module for MMBENCH, where the base model handles the task. These confirm the routing mechanism’s
effectiveness in selecting the appropriate module based on the task.
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Figure A.2: Routing patterns for the MGSM dataset in multilingual transfer. Notably, the model leverages the
Chinese expert in the early and later stages, while the math expert is primarily used for computation.

GPUs for training these models. The batch size
for training is set to 512, and we freeze the ViT
and projection layers, training only the language
model’s weights. All models are trained using a
cosine learning rate scheduler, and we leverage the
ZeRO-3 configuration to offload gradients, opti-
mizer states, and parameters.

Table A.2 lists the settings for the routing frame-
work, which are shared across InternVL2 and
LLaVA-v1.5 and across all tables, including the
MLLM-CL comparison. For that comparison, we
re-implement MR-LoRA with rank-128 experts so
that expert capacity is matched.

For sequential learning, we follow the task pro-
gression: COCO-Caption — SNLI-VE — Hateful
Memes — MMIMDb. This sequence allows us to
analyze the impact of each approach across diverse
datasets and tasks.

Table A.2: Hyperparameters of the routing framework.

Value

128

All LLM linear layers (q, k, v, o, gate, up, down)
Vision encoder, projector, base LLM

4 % 1077, cosine decay, 1 epoch

512 (32 A10 GPUs, ZeRO-3)

100 steps, batch size 32, LoRA frozen

Setting

LoRA rank

LoRA insertion

Frozen components
Expert learning rate
Global batch size
Routing vector training

Routing vector init Zero
Top-k 1
Softmax temperature 7 0.1
Decoding Greedy

E Comparison with Mixture-of-Experts
Architectures

While our routing approach shares architectural
similarities with Mixture of Experts (MoE) sys-
tems like MoE-LLaVA (Lin et al., 2024), it differs
in both purpose and implementation. Traditional
MoE approaches improve model capacity through
joint training of specialized experts within a unified
architecture, requiring simultaneous access to all
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training data and joint optimization of experts and
gating networks.

Our method diverges from this paradigm in three
key aspects. First, our experts (LoRA modules) are
trained independently and sequentially, with each
expert specializing on a single task without access
to other tasks’ data. Second, we explicitly decouple
expert learning from routing by first training task-
specific LORA modules, then learning lightweight
routing vectors while keeping LoRA parameters
frozen, unlike traditional MoEs where expert struc-
ture and routing are jointly optimized. Third, our
approach requires only new task data, eliminating
the need to retain or synthesize previous task data.

F Router Discriminability Analysis

A natural concern with independently trained rout-
ing vectors is whether they remain discriminative
as the expert pool grows, and whether score-scale
biases across tasks could corrupt top-k selection.
Since each routing vector is trained only on pos-
itive samples from its own task (Eq. 2), it is im-
portant to verify that the resulting vectors encode
task-specific structure rather than generic activation
patterns, and that their magnitudes remain compa-
rable enough for fair competition at inference time.

F.1 Pairwise similarity between routing
vectors

To probe whether the routing vectors encode task-
specific representations, we compute the pairwise
cosine similarity and L2 distance between the
learned routing vectors across the five domains
of the MLLM-CL benchmark, averaged across all
layers of the LLM backbone.

Table A.3 reports the cosine similarity matrix.
Inter-task similarity remains consistently low, rang-
ing from 0.113 to 0.282, while self-similarity is
naturally 1.0. This indicates that each task’s rout-
ing vector occupies a distinct region of the repre-
sentation space rather than collapsing into a shared
generic direction.

Table A.4 corroborates these findings with pair-
wise L2 distances, which show substantial separa-
tion between all task pairs.

The patterns observed are intuitive and semanti-
cally meaningful. Finance and Remote Sensing—
two visually and semantically disparate domains
(stock charts vs. satellite imagery) exhibit the low-
est cosine similarity (0.113) and correspondingly
smaller L2 distance is driven purely by magni-

Table A.3: Pairwise cosine similarity between routing
vectors across MLLM-CL domains, averaged over all
layers. Low off-diagonal values confirm that each rout-
ing vector encodes task-specific structure.

AD Fin Med RS Sci
AD | 1.000 0.191 0.203 0.195 0.240
Fin | 0.191 1.000 0.174 0.113 0.264
Med | 0.203 0.174 1.000 0.174 0.282
RS 0.195 0.113 0.174 1.000 0.175
Sci | 0.240 0.264 0.282 0.175 1.000

Table A.4: Pairwise L2 distance between routing vectors
across MLLM-CL domains, averaged over all layers.

AD Fin Med RS Sci
AD | 0.000 0.217 0.308 0.252 0.329
Fin | 0.217 0.000 0.265 0.178 0.297
Med | 0.308 0.265 0.000 0.292 0.343
RS 0.252 0.178 0.292 0.000 0.323
Sci | 0.329 0.297 0.343 0.323 0.000

tude rather than direction. Conversely, Science and
Medical, which share visual characteristics such
as scientific diagrams and structured visual reason-
ing, show relatively higher similarity (0.282). This
suggests that the router intuitively encodes inter-
domain semantic relationships, with closer vectors
corresponding to tasks that share reasoning patterns
or visual structure.

F.2 Robustness to score-scale bias

A secondary concern is whether differences in the
magnitudes of independently trained routing vec-
tors could bias top-k selection toward high-norm
experts, irrespective of semantic relevance. To di-
rectly eliminate this potential confound, we evalu-
ate a variant (Routing-norm) in which all routing
vectors are L2-normalized before computing affin-
ity scores, removing any influence of magnitude on
expert selection.

Table A.5: Comparison of standard routing against the
L2-normalized variant (Routing-norm) on the MLLM-
CL benchmark using LLaVA. Differences are at most
0.4 points across all domains with no consistent direc-
tion, indicating robustness to score-scale bias.

Method | RS Med AD Sci Fin
MR-LoRA 809 653 541 56.7 91.1
Routing (Ours) | 81.0 66.6 534 564 91.1
Routing-norm | 80.9 663 53.8 562 90.9
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As shown in Table A.5, the performance dif-
ferences between the two variants are at most 0.4
points across all five domains, with no consistent
direction of change some domains marginally fa-
vor the unnormalized variant, others favor the nor-
malized one. Both variants remain near Oracle-
level performance. Since L2 normalization prov-
ably eliminates norm-induced bias by construction
and introduces no performance degradation, it can
be adopted as a strictly safer default for deploy-
ments where the expert pool is expected to grow
to larger IV, providing a guaranteed bound against
score-scale miscalibration at zero computational or
accuracy cost.

G Results on Qwen3-VL

To test whether routing generalizes beyond In-
ternVL2 and LLaVA-v1.5, we repeat the four-task
sequence on Qwen3-VL-4B (Bai et al., 2025), a
more recent model family with a different vision
encoder and projector design. All methods use the
same training data and rank-128 LoRA experts in-
serted in the LLM, with the vision encoder and
projector frozen.

Table A.6: Continual learning on Qwen3-VL-4B with
LoRA in the LLM only. Passes is the number of forward
passes per query at inference.

Method | Passes | COCO SNLI HM MMIMDb
Zero-shot 1 0285 752 669 346
Specialist 1 1069 830 763 767
MTL 1 1258 806 754 756
MR-LoRA 2 1052 824 763 764
Routing (Ours) 1 1.370 835 750 79.8

As shown in Table A.6, routing achieves the
best score on COCO, SNLI, and MMIMDb with
a single forward pass, exceeding both the per-task
specialist and the two-pass MR-LoRA baseline on
these three tasks. On Hateful Memes, routing trails
the specialist and MR-LoRA by 1.3 points.

Adapting the vision encoder and projector.
Our main experiments freeze the vision encoder
and projector to isolate the routing mechanism. To
test whether the method depends on this choice, we
additionally insert LORA experts and routing vec-
tors into the vision encoder and the visual-language
projector of Qwen3-VL-4B, giving 356 adapted
modules in total as listed in Table A.7. Each mod-
ule has its own routing vector, trained as in Sec-
tion 3.

Table A.7: Modules adapted when the vision encoder
and projector of Qwen3-VL-4B are also tuned.

Component Target layers # modules
LLM q/k/v/o, gate/up/down projections 252
Vision encoder 24 ViT blocks (qkv, attn.proj, fcl, fc2) 96
Projector merger and deepstack merger (fcl, fc2) 8
Total 356

Table A.8: Qwen3-VL-4B with LoRA experts in the
LLM, vision encoder, and projector.

Method ‘COCO SNLI HM MMIMDb

Single expert 1.191 80.9 729 72.0
Routing (Ours) | 1.344 78.8 75.1 80.9

As shown in Table A.8, training remains stable
with vision-side experts, and routing improves over
the single expert on COCO, Hateful Memes, and
MMIMDb while trailing it by 2.1 points on SNLI.
Relative to the LLM-only setting in Table A.6, rout-
ing stays within 0.03 CIDEr on COCO and within
1.1 points on Hateful Memes and MMIMDDb, while
SNLI drops by 4.7 points. The tasks used here
consist of natural images that are well covered by
the pretrained vision encoder, so large gains from
vision-side adaptation are not expected. We expect
vision-side experts to matter more on domains with
a larger visual shift, such as medical imaging or
remote sensing, and leave this to future work.
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