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ARTICLE INFO ABSTRACT

Keywords: Large-scale pre-trained vision models such as ViT, CLIP, and SAM provide strong foundations for diverse
Vision foundation model vision tasks, motivating recent Mixture-of-Experts (MoE) approaches that combine multiple experts. However,
Expert routing

existing methods often rely on static or implicit routing strategies, limiting adaptability to task semantics
and input characteristics. We propose a task-adaptive vision expert routing framework based on competency
learning guided by predictive uncertainty. We define expert competency as the relative reduction in predictive
uncertainty induced by inter-expert interaction, and formulate expert routing as a learning problem driven by
this signal. Our method uses task embeddings derived from textual descriptions to guide expert routing, refines
expert features through cross-expert interaction, and aggregates them adaptively into a unified representation.
By directly optimizing routing and feature composition using an uncertainty-based competency signal, the
model learns how expert collaboration improves task-specific prediction reliability. Extensive experiments on
diverse vision tasks demonstrate superior generalization performance and adaptive routing behavior aligned

Image classification
Multi-task learning
Mixture-of-experts

with task semantics.

1. Introduction

Recently, a wide range of large-scale pre-trained models have been
released, accelerating progress across various computer vision tasks.
Models such as the Vision Transformer (ViT) [1], Contrastive Language-
Image Pretraining (CLIP) [2], and Segment Anything Model (SAM) [3]
exhibit strong generalization capabilities across diverse tasks and do-
mains. Trained on vast datasets, these models acquire rich and trans-
ferable representations that enable robust performance even on down-
stream tasks with limited supervision. As a result, leveraging pre-
trained models has become a central strategy for building effective and
data-efficient vision systems.

To further enhance adaptability and performance, recent studies
have explored combining multiple pre-trained models using Mixture-
of-Experts (MoE) frameworks [4-6]. These approaches dynamically
select or fuse models based on the task or input, aiming to exploit
the complementary strengths of diverse experts. Recent works have
also investigated combining heterogeneous models and modalities to
improve robustness and adaptability across diverse tasks [7,8]. As
one of the recent works, EAGLE [4] explores different strategies to
combine features extracted from multiple encoders, analyzing how
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feature aggregation impacts multimodal model performance. MoVA [6]
uses a large language model (LLM) [9-11] to perform context-aware
selection of vision experts and fuses their features via a dedicated
adapter. And, AM-RADIO [5] unifies diverse vision foundation models
via multi-teacher distillation, combining their strengths into a single,
efficient student model for downstream vision tasks.

Despite recent progress, existing methods face two key limitations:
(i) reliance on static or implicit expert selection, and (ii) limited inter-
action among experts. Most approaches lack explicit signals to assess
whether the selected or fused experts effectively satisfy task require-
ments [12], making adaptive expert routing difficult. Moreover, treat-
ing experts independently restricts collaboration and prevents experts
from recognizing their contribution after interaction, motivating the
need for mechanisms that support both inter-expert communication and
self-awareness.

To address these limitations, we propose a novel framework for task-
adaptive vision expert routing via competency learning. Our approach
introduces a task-guided routing module that explicitly learns task-
conditioned expert composition from semantic embeddings, together
with a cross-expert feature refinement module that enables information
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exchange among experts. The key idea is to dynamically route visual
inputs through multiple pre-trained vision experts based on task seman-
tics and input context, while learning to construct more reliable and
task-effective representations through uncertainty-driven feedback. To
this end, we extract task embeddings from textual descriptions, such as
dataset and task-level specifications, which capture high-level semantic
information about the intended objective. These embeddings guide the
routing module to assign adaptive weights to each expert, enabling
task-specific expert selection rather than static or implicitly defined
routing.

The refined features are aggregated into a unified representation
guided by routing weights. During training, we introduce a compe-
tency signal defined as the ratio of predictive uncertainty before and
after aggregation, encouraging routing strategies that improve predic-
tion reliability. Extensive experiments across a wide range of vision
tasks demonstrate that our approach outperforms existing MoE-based
and task-specific models, while exhibiting dynamic routing behavior
aligned with task semantics.

Our contributions can be summarized in threefold as follows:

» We propose TAVER, a task-adaptive vision expert routing frame-
work that learns expert competency through predictive uncer-
tainty reduction induced by inter-expert interaction, enabling
task-conditioned expert routing beyond static or heuristic selec-
tion.

We design a competency learning strategy that leverages an
uncertainty-based signal, defined as the ratio of predictive uncer-
tainty before and after expert aggregation, to jointly guide expert
routing and representation refinement.

We validate TAVER on a wide range of vision tasks, demonstrat-
ing superior generalization over existing MoE-based and task-
specific models, along with interpretable routing behavior aligned
with task semantics.

2. Related works
2.1. Large-scale pretrained experts

Large-scale pre-trained vision models have significantly improved
generalization across a wide range of computer vision tasks. Vision
Transformer (ViT) [1] demonstrated the effectiveness of transformer
architectures for image representation learning, while self-supervised
approaches such as DINO [13] further enhanced representation without
labeled data. Vision-language models like CLIP [2] enable strong zero-
shot and cross-modal transfer by aligning visual and textual represen-
tations. Recently, the Segment Anything Model (SAM) [3] introduced
promptable segmentation capabilities, providing high-quality spatial
representations transferable across segmentation tasks. These models
offer complementary strengths, motivating approaches that combine
multiple vision experts for improved adaptability [14].

2.2. Mixture-of-experts

Mixture-of-Experts (MoE) frameworks aim to leverage multiple
models by dynamically selecting or aggregating experts. Traditional
MoE approaches [15-17] improve scalability through learned gat-
ing mechanisms, while recent works extend this paradigm to large
pre-trained vision models. EAGLE [4] analyzes feature aggregation
strategies across multiple vision encoders, and AM-RADIO [5] dis-
tills diverse foundation models into a unified student representation.
MoVA [6] employs language models to perform context-aware expert
selection and feature fusion. Beyond classification and segmentation,
MokE-style strategies have also been explored in other vision domains
such as image restoration [18-20] and enhancement [21], highlighting
the flexibility of expert-based architectures across heterogeneous visual
tasks [22].
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Fig. 1. Overview of the Task-Adaptive Vision Expert Routing (TAVER) frame-
work.

While conventional MoE formulations primarily focus on parameter
scalability or sparse activation within homogeneous expert layers, re-
cent vision-oriented approaches increasingly combine heterogeneous,
independently pre-trained foundation models. However, most exist-
ing methods emphasize expert selection or feature aggregation [12],
without explicitly modeling how inter-expert interaction contributes to
task-specific prediction reliability.

In contrast, TAVER defines expert competency as the relative re-
duction in predictive uncertainty induced by inter-expert interaction,
and directly optimizes expert routing and feature composition using
this signal. This shifts the focus from selecting experts to learning how
expert collaboration improves prediction reliability in a task-adaptive
manner. (see Fig. 1).

3. Proposed method
3.1. Cross-expert feature refinement

Given an input image I and a set of N pre-trained vision experts
E|,E,, ..., Ey, we first extract features from each expert as f; = E;(I).
Since the experts operate on different input resolutions (e.g., 224 x 224
for CLIP and 1,024 x 1,024 for SAM), the input image is resized
accordingly before being fed into each expert. As a result, the extracted
features differ in both spatial and channel dimensions and cannot be
directly merged.

To unify these heterogeneous features, we introduce a lightweight
adapter module for each expert. The adapters align expert features
to a shared representation space while enabling task-specific adap-
tation, with all vision experts kept frozen to preserve their gener-
alization capability. Each adapter applies layer normalization [23]
followed by two parallel linear projections, one of which is activated
by GeLU [24]. The two projected outputs are summed element-wise,
followed by an additional layer normalization, yielding aligned fea-
tures f, = Adapter(E;(I)). This design enables minimal yet effective
adaptation of expert features for subsequent refinement and routing.

To reduce redundancy among experts and enhance complementary
information, we further introduce a cross-expert feature refinement
module R. The aligned features f, f,,..., fy are concatenated and
used to compute expert-wise attention. Specifically, the concatenated
feature is projected into query, key, and value matrices, and a multi-
head attention mechanism is applied with the number of heads set to
N, allowing each expert to attend to others explicitly. The attention
output is added to the original concatenated feature via a residual
connection, preserving original information while enhancing refined
representations. Finally, the refined feature is split back into N expert-
wise segments, producing refined expert features R(f;) for subsequent
routing and aggregation.
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This refinement stage enables explicit interaction among heteroge-
neous experts, allowing complementary cues to be emphasized while
suppressing redundant responses. The refined representations R(f)
therefore provide a context-aware basis for subsequent routing, where
the relative competency of each expert is assessed before and after
inter-expert interaction.

3.2. Task-guided expert routing

In parallel with feature refinement, we introduce a task-guided
expert routing module that enables adaptive composition of expert
features conditioned on task semantics. To represent each task, we use
a textual description that includes both the high-level task objective
(e.g., classification) and dataset-specific properties such as modality
or label type. These structured task descriptions are encoded into task
embeddings using Sentence-BERT [25]. The resulting embedding serves
as the query in a cross-attention mechanism, where the expert features
prior to refinement, f,..., fy, are used as key and value. Through
this cross-attention, routing decisions are determined by the interaction
between the task embedding and the visual representations of each
expert, rather than by text information alone.

The attended representations are passed through a feedforward
network (linear-GeLU-linear), producing two outputs per expert: (1) a
task-specific prediction (e.g., class logits), and (2) a scalar confidence
score. Formally, for each expert i, we compute

¢; = o(FEN(CrossAttn(t, £,))), @

where ¢ denotes the task embedding, CrossAttn(-) represents the cross-
attention operation, FFN(-) is a lightweight feedforward network, and
o(-) is the sigmoid function. The confidence score ¢; € (0, 1) reflects the
estimated reliability of expert i for the given input and task.

These confidence scores ¢, ...,cy are later used to compute rout-
ing weights that determine the relative contribution of each expert
in the final representation. In addition to the confidence computed
from the original aligned features, the same routing process is applied
to the refined features R( fl),...,R( fN), producing a second set of
confidence scores, CIR, ,cﬁ. This dual-stage estimation enables com-
parison of expert reliability before and after inter-expert interaction.
The final expert weights are derived by jointly considering both pre-
and post-refinement confidence:

w; = SoftMax(c; + ). (2

With SoftMax(c; + ciR), experts with higher combined confidence con-
tribute more, while less reliable ones are down-weighted; this weight-
ing mainly depends on relative confidence, making it less sensitive to
moderate miscalibration. This routing mechanism enables the model
to assess expert competency in a task-aware manner and supports in-
formed, adaptive expert composition based on the semantic alignment
between task intent and expert knowledge.

3.3. Adaptive routing-guided feature aggregation

Given expert-wise routing weights w;,...,wy obtained from the
task-guided expert routing module, we compute the final representation
as a weighted sum of the refined expert features:

N

Fiinal = LayerNorm(Z w; - R(ﬁ)). 3)
i=1

This aggregation reflects both the task relevance and reliability of

each expert, as captured through the dual-stage confidence estimation.

Experts with higher estimated confidence contribute more significantly,

while less reliable ones are naturally down-weighted.

Since the routing weights are derived from the combined pre-
and post-refinement confidence scores, the aggregation step directly
incorporates the estimated competency of each expert after inter-expert
interaction. As a result, the final representation integrates not only task
alignment but also the relative reliability gained through refinement.

ICT Express xxx (xxxx) xxx
3.4. Training objectives

In this section, we present the loss functions designed to opti-
mize our task-adaptive vision expert routing framework. The training
objectives enable effective competency learning and adaptive routing.

Uncertainty-guided Confidence Loss Conventional Mixture-of-
Experts approaches typically aggregate expert outputs using fixed or
heuristic weights [26], without explicitly aligning expert confidence
with task performance. In TAVER, each expert learns a task-conditioned
confidence score that reflects its reliability for a given input.

We introduce an uncertainty-guided confidence loss defined as:

Z yjlogy;,

1 1
Econf,i = 5 {ciﬁtask + lOg <:) } ’ where Elask ==
vjeC

Ci

4

where ¢; denotes the predicted confidence of expert i, L, is the task
loss (cross-entropy for classification and semantic segmentation in this
work), y; is the ground-truth label, and j; is the predicted probability.
The first term increases the contribution of the task loss when the
predicted confidence is high, while the logarithmic regularizer discour-
ages overconfident predictions. This formulation encourages alignment
between confidence and actual task performance, improving the relia-
bility of confidence estimates. The uncertainty-guided confidence loss
is applied to each expert both before and after Cross-Expert Feature
Refinement. For N experts, a total of 2N losses are computed and
averaged:

Z

L (Leonrs +LE ). (5)

1
total_conf = 2N conf,i

i

where Eﬁn” denotes the confidence loss computed from the refined
features R( ﬁ-).

Confidence Improvement Loss While the uncertainty-guided con-
fidence loss aligns confidence with task performance, we further en-
courage effective inter-expert collaboration by promoting confidence
improvement after refinement.

To capture confidence changes before and after Cross-Expert Fea-
ture Refinement, we define the confidence improvement loss as:

C:
£imp,i =log (CR ; . )s 6)
i

where ¢; denotes the confidence before refinement and ¢ denotes
the confidence after refinement. This loss encourages relative improve-
ment in confidence after inter-expert interaction, linking competency
learning directly to the refinement process without enforcing triv-
ial confidence inflation. The confidence improvement loss is applied
independently to each expert and averaged across all experts:

N
1
[’total_imp = F Z [’imp,i' @)
i=1

i=

Total Loss The total loss function for training TAVER combines
the task-specific loss, the uncertainty-guided confidence loss, and the
confidence improvement loss:

Etotal = Efinal_task + j'lﬁtotal_c()nf + /‘lZEtotal_imp’ (8)

where L, 5 iS the task-specific loss applied to the final output
of the model, and 4, and 4, control the relative importance of each
component. In our experiments, we set A; = 10.0 and 4, = 1.0.

4. Experiments

Experimental Setup We conduct all experiments with frozen vi-
sion experts (CLIP-L/14, DINOv2-L/14, SAM-B/16) and evaluate our
model using linear probing to ensure fair comparison with baselines.
Specifically, the final representation F;;,, is fed into a single linear
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Table 1

Image classification accuracy (%).
Methods Tiny Cl100 A/C Cars Dogs CUBS Pet Avg
CLIP-L/14 85.96 86.62 58.75 89.50 85.60 85.03 95.61 83.87
DINOv2-L/14 90.15 92.42 61.00 88.00 89.31 89.86 96.35 86.76
SAM-B/16 24.92 3270 248 11.79 4.42 2.94 12.22 11.62
AM-RADIOv2/16 89.04 91.52 60.70 89.56 84.73 84.39 93.73 84.84
Plain fusion 91.07 92.87 65.16 90.78 89.66 90.03 96.89 88.07
TAVER 92.87 94.08 76.79 93.32 90.85 91.29 97.16 90.85

cupue
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(a) Performance Comparison (b) Weight distribution of TAVER

Fig. 2. Performance comparison across various datasets and the corresponding
expert weight distributions inferred by TAVER.

Table 2

Average expert routing weights for image classification.
Expert Tiny C100 A/C Cars Dogs CUBS Pet
CLIP-L/14 0.308 0.309 0.077 0.595 0.280 0.282 0.454
DINOv2-L/14 0.556 0.539 0.896 0.347 0.675 0.668 0.441
SAM-B/16 0.135 0.151 0.026 0.056 0.044 0.048 0.104

classification head for image classification and a linear segmentation
head for pixel-wise prediction, while all backbone parameters remain
frozen. For all experiments, we use PyTorch 2.1 [27] and train on
NVIDIA RTX A6000 GPUs with AdamW optimizer [28], applying a co-
sine annealing learning rate schedule [29]. Each expert model receives
input resized to its native resolution before being processed. For SAM,
we utilize only the frozen image encoder without any prompt-based
decoder (e.g., points, boxes, or masks), and evaluate its representation
through linear probing. As a baseline, we define Plain fusion as the
simple average of aligned expert features without task-guided routing,
ie, Fyain % Z,]i . f;, allowing isolation of the performance gain
from competency-based routing. For classification tasks, all reported
accuracies correspond to standard top-1 accuracy (%), where only the
highest-scoring predicted class is considered correct.

Datasets For classification tasks, we evaluate on seven diverse
datasets: Tiny ImageNet (Tiny) [30], CIFAR-100 (C100) [31], FGVC-
Aircraft (A/C) [32], Stanford Cars (Cars) [33], Stanford Dogs (Dogs)
[34], CUB-200-2011 (CUBS) [35], and IIIT Pet (Pet) [36]. For semantic
segmentation, we evaluate on ADE20K [37] and Pascal VOC [38]
datasets using standard metrics. For each dataset, a structured task de-
scription is constructed using task attributes such as task type (e.g., im-
age classification or semantic segmentation), number of classes, and
characteristic properties (e.g., fine-grained categories or low-resolution
images). For example, the Tiny ImageNet task description includes
attributes such as “image classification”, “200 classes”, and “64 x 64
resolution”, which are serialized into a textual prompt and encoded
via Sentence-BERT to generate task embeddings for routing. Task de-
scriptions for all datasets are encoded using Sentence-BERT-L [25] to
generate embeddings for the task-aware expert router.

4.1. Image classification results

Overall Performance Table 1 presents classification accuracy across
diverse image datasets. Our proposed TAVER framework consistently
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outperforms all baseline methods, achieving an average improvement
of 2.78 percentage point (pp) over the plain fusion approach. This
improvement is particularly pronounced on the AirCraft dataset (11.63
pp gain), highlighting our model’s effectiveness in fine-grained classi-
fication tasks. Even the plain fusion of expert features surpasses both
individual models and AM-RADIOvV2, suggesting that these pre-trained
experts provide complementary information. TAVER further enhances
performance by dynamically weighting each expert’s contribution ac-
cording to task-specific competency. Fig. 2 visualizes the performance
comparison, clearly illustrating how TAVER consistently outperforms
other methods across all domains.

To evaluate robustness, we conducted five independent runs on
the Stanford Cars dataset under identical linear probing settings. The
resulting accuracies ranged from 92.84 to 93.26, with a mean of 93.07
and a standard deviation of 0.21. These results demonstrate consistent
performance across different random initializations.

Expert Routing Analysis Table 2 presents the average expert
weights across different datasets. The distribution of weights varies
significantly depending on the nature of the dataset. DINOv2-L/14
dominates with the highest weights across most datasets, particularly
for FGVC-Aircraft (0.896), suggesting its self-supervised visual feature
extraction capabilities are especially effective for fine-grained classifi-
cation tasks. For Stanford Cars and IIIT Pet datasets, CLIP-L/14 is the
most crucial expert with weights of 0.595 and 0.454 respectively, indi-
cating that CLIP’s image-text alignment pretraining may have learned
more useful representations for these common object categories. While
SAM-B/16 shows relatively lower weights across most datasets, it still
contributes meaningfully, particularly for Tiny ImageNet and CIFAR-
100 with weights exceeding 0.1. These results demonstrate that our
TAVER framework adaptively combines experts based on both dataset
characteristics and individual image properties. These task-dependent
weight distributions further suggest that the routing mechanism aligns
task semantics with expert-specific representation strengths, grounding
textual task descriptions in data-driven visual evidence.

4.2. Ablation studies

Table 3 illustrates the impact of various components in our frame-
work. Adding Cross-Expert Feature Refinement improves performance
across most datasets, with notable gains on FGVC-Aircraft (+4.05
pp) and Stanford Cars (+2.16 pp). Incorporating the confidence loss
function (L) further enhances performance, particularly on FGVC-
Aircraft (+5.31 pp), suggesting that learning to predict expert re-
liability significantly benefits fine-grained tasks. Finally, adding the
confidence improvement loss (L;,,) yields consistent gains across all
datasets, with FGVC-Aircraft showing a remarkable total improvement
of 11.63 pp over plain fusion. These results demonstrate the comple-
mentary contributions of each component to the model’s adaptability
and performance.

Notably, the performance consistently increases as refinement and
competency-related objectives are introduced sequentially. This trend
indicates that confidence alignment (£.,,) and refinement-induced
confidence improvement (L;,,) contribute progressively to more reli-
able expert routing and feature composition. The Cross-Expert Feature
Refinement serves as a crucial component enabling interaction between
experts. Without this mechanism, expert features cannot effectively
enhance each other, and confidence changes cannot be measured. The
average performance gain of 1.36 pp from this component alone high-
lights the importance of inter-expert interactions in building stronger
feature representations.

Expert Combination Analysis Table 4 reports FGVC Aircraft clas-
sification results for different expert combinations. Although SAM-B/16
performs poorly in isolation (2.48), its contribution becomes significant
when combined with other experts. In particular, pairing SAM-B/16
with CLIP-L/14 within TAVER achieves 65.79 accuracy, outperforming
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Table 3
Ablation study on the impact of each component.
Methods Tiny-IN CIFAR100 AirCraft Cars Dogs CUBS IIT Pet
Plain fusion 91.07 92.87 65.16 90.78 89.66 90.03 96.89
+ Cross-Expert Feature Refinement 92.08 93.62 69.21 92.94 90.00 90.82 96.84
+ Lognt 92.34 94.05 74.52 93.24 90.80 90.96 96.94
+ Limp 92.87 94.08 76.79 93.32 90.85 91.29 97.16
Table 4 Table 7
FGVC Aircraft classification performance by expert Robustness to noisy task descriptions (Stanford Cars, top-1 accuracy %). Noise
combination. is injected at inference time by mixing the original and noise task descriptions.
Combination strategy of experts Accuracy Setting 0% 30% 50% 100% Plain
CLIP-L/14 58.75 TAVER 93.32 92.78 92.42 89.25 90.78
DINOv2-L/14 61.00
SAM-B/16 2.48
Plain fusion 65.16 Table 8
CLIP + DINOV2 74.10 Computational cost comparison.
CLIP + SAM 65.79 Model Params (M) GFLOPs Latency (ms)
TAVER DINOV2 + SAM 70.29
Ve + : CLIP-L/14 303.6 155.6 19.5
CLIP+DINOv2+SAM 7679 DINOV2-L/14 304.8 155.6 23.0
SAM-B/16 93.9 974.0 129.3
b AM-RADIOV2/16 1021.0 5271.2 136.2
Table 5 ) TAVER (Ours) 717.2 1286.3 178.4
Evaluation of segmentation results on the ADE20K and Pascal VOC datasets.
Methods ADE20K VvoC
mloU mAcc mloU mAcc b I both d h
all baselines in both mIoU and mAcc. On ADE20K, TAVER achieves
CLIP-L/14 35.22 47.16 68.98 79.23 u O. 0K, VER
DINOV2-L/14 46.41 58.52 82.19 89.08 52.41 mloU and 66.52 mAcc, outperforming AM-RADIOv2 by 2.19 pp
SAM-B/16 13.26 18.21 27.65 37.00 and 3.60 pp, respectively. Compared to Plain fusion, TAVER improves
AM-RADIOV2/16 50.22 62.92 84.87 90.37 mloU by 2.07 pp on ADE20K and 3.42 pp on Pascal VOC, indicating
Plan fusion 51.03 62.94 86.21 92.48 that task-adaptive routing remains beneficial for pixel-level prediction.
TAVER (Ours) 52.41 66.52 90.04 94.99 . . . e o
The expert routing behavior differs from classification, exhibiting
a more balanced distribution across experts. In particular, SAM’s con-
Table 6 tribution increases from an average of 0.09 in classification to 0.259
Average weights of each expert at semantic segmentation. on ADE20K and 0.308 on VOC, reflecting the importance of spatial
Expert weights ADE20K voc cues in segmentation. Although only the frozen SAM image encoder is
CLIP-L/14 0.375 0.347 used, its structural representations complement the semantic features
DINOv2-L/14 0.366 0.344 of CLIP and DINOv2, contributing to improved boundary awareness
SAM-B/16 0.259 0.308

CLIP-L/14 alone (58.75) and plain fusion (65.16). These results indi-
cate that TAVER effectively exploits complementary information from
diverse experts, including individually weak ones. The improvement
observed in combinations including SAM suggests that its structural
representations provide complementary cues that are not sufficiently
captured by semantic-rich experts alone. While SAM lacks strong cat-
egorical discriminativeness when used independently, its spatial sensi-
tivity enhances feature refinement and supports more reliable routing
decisions when integrated within the competency learning framework.
Furthermore, the highest performance achieved by combining all three
experts (76.79) indicates that routing dynamically balances semantic
and structural information, rather than relying on a single dominant
representation space.

Robustness to Noisy Task Descriptions. To assess sensitivity to
task-description corruption, we perturb the task embedding at inference
time by mixing the original description with noise. As shown in Table 7,
performance decreases gradually as noise increases, yet remains stable
under moderate corruption (30%-50%). Even with fully corrupted
descriptions (100%), TAVER achieves accuracy comparable to plain
fusion, indicating that routing is grounded in image-conditioned visual
features rather than relying solely on text.

4.3. Semantic segmentation results

Tables 5 and 6 summarize the performance and expert routing
weights for semantic segmentation. TAVER consistently outperforms

and region consistency. At the same time, the weight gap between
CLIP and DINOv2 narrows, indicating complementary contributions
for pixel-level prediction. This shift in expert weights suggests that
routing is conditioned not only on dataset identity but also on task
characteristics, prioritizing spatially informative experts when dense
prediction is required.

4.4. Computational cost analysis

As can be seen in Table 8, TAVER requires 1286.3 GFLOPs and
178.4 ms latency due to executing multiple expert backbones, yet re-
mains substantially more efficient than AM-RADIOv2 (5271.2 GFLOPs).
The higher complexity of AM-RADIOV?2 is largely attributed to its large
unified architecture and high-resolution processing with additional
adapter components. Although the total parameter count of TAVER is
717M, only 19.9M parameters are trainable, since all backbone experts
remain frozen. This significantly reduces training cost, as optimization
is limited to lightweight routing and refinement modules.

5. Conclusion

In this paper, we introduced TAVER, a task-adaptive vision expert
routing framework that dynamically combines multiple pre-trained vi-
sion experts based on task semantics and input characteristics. By defin-
ing expert competency as predictive uncertainty reduction induced
by inter-expert interaction, TAVER learns to improve task-specific
prediction reliability through uncertainty-guided routing and cross-
expert feature refinement. Extensive experiments on diverse image
classification and semantic segmentation benchmarks demonstrate that
TAVER consistently outperforms existing MoE-based and task-specific
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approaches, while exhibiting task-aligned and interpretable routing be-
havior. These results highlight the effectiveness of competency learning
as a principled mechanism for adaptive expert composition in vision
systems. While validated on classification and segmentation tasks, the
proposed uncertainty-guided routing framework can be extended to
broader vision applications, including safety-critical domains such as
medical imaging and autonomous systems. Future work includes scal-
able expert routing strategies and lightweight fine-tuning to further
enhance adaptability and efficiency.
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