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A. Optimization
We propose a joint optimization framework that simulta-
neously learns the GMM parameters Θ = {µc,Σc, πc}
and the transport plan T:

max
T∈Π(p,q),Θ

V1∑
v=1

⟨T,Pv(Θ)⟩2 +
V2∑
v=1

⟨T, P̂v⟩2 + ϵH(T),

(1)

A.1. Optimization procedure
Theorem 1 Let f(x) = x2 be a convex function and let
x(k) ∈ R be a given point. Then the first-order Taylor
expansion of f(x) at x(k) yields the global lower bound

x2 ≥ (x(k))2 + 2x(k)
(
x− x(k)

)
= 2x(k)x− (x(k))2,

(2)
with equality if and only if x = x(k). Moreover, this
affine function serves as a valid minorizer of f(x) that
can be maximized in iterative optimization schemes.

Let P(k)
v = Pv(Θ

(k)) be the posteriors computed
from the current GMM parameters. We have

a
(k)
P,v := ⟨T(k),P(k)

v ⟩, a
(k)

P̂ ,v
:= ⟨T(k), P̂v⟩, (3)

According to Theorem 1, applying tangent minorization
to every quadratic term yields the surrogate (up to addi-
tive constants independent of T and Θ):

G(k)(T,Θ) =

V1∑
v=1

2a
(k)
P,v⟨T,Pv(Θ)⟩

+

V2∑
v=1

2a
(k)

P̂ ,v
⟨T, P̂v⟩+ ϵH(T).

(4)

Hence, at iteration k we maximize the surrogate G(k),
which is linear in T for fixed Θ. In practice we optimize
G(k) by alternating updates:
• (Update T given Θ(k)). With Pv = Pv(Θ

(k)) fixed,
define adaptive weights

λ(k)
v := 2a

(k)
P,v, µ(k)

v := 2a
(k)

P̂ ,v
. (5)

The T-subproblem becomes

max
T∈Π(p,q)

〈
T, S(k)

〉
+ ϵH(T), (6)

where

S(k) :=

V1∑
v=1

λ(k)
v Pv +

V2∑
v=1

µ(k)
v P̂v. (7)

This is a classical entropic-regularized optimal trans-
port problem, which can be efficiently solved using
the Sinkhorn algorithm [19]. Concretely, form the ker-
nel K = exp(S(k)/ϵ) and compute

T(k+1) = Diag(p) · exp
(
S(k)

ϵ

)
·Diag(q), (8)

where p ∈ RK and q ∈ RN are scaled to satisfy the
marginals by the usual Sinkhorn updates

p(s+1) =
1K

Kq(s)
, (9)

q(s+1) =
1N

K⊤p(s+1)
, (10)

It is worth noting that once T is updated, we re-update
the weight parameters according to Eq. (5).

• (Update GMM parameters Θ given T(k+1)). We
treat T(k+1) as soft assignments of samples to classes
and perform an M-step update for the GMM parame-
ters. Specifically,

µ(k+1)
c =

∑
i T

(k+1)
ic vi∑
i Q

(t)
ic

, (11)

Σ(k+1) =
1

N

∑
i

∑
c

T
(k+1)
ic (vi−µ(k+1)

c )(vi−µ(k+1)
c )⊤,

(12)
where we omit the GMM index for brevity, though
these updates are independently applied to each vi-
sual model’s GMM. After the M-step we recompute
the posterior matrices Pv(Θ

(k+1)) (E-step).



The full iterative procedure alternates the two blocks
above (See Algorithm 1). Because each T-update maxi-
mizes the surrogate G(k)(·,Θ(k)) and the construction of
G(k) is a valid minorizer of the original objective 1, the
algorithm yields a non-decreasing sequence of objective
values and converges to a stationary point.

Algorithm 1 Optimization of SOTA via MM

Require: Cost matrices {Cv}V1+V2
v=1 , marginal distri-

butions p,q, visual features {vv}V1+V2
v=1 , entropy

weight ϵ, and the number of maximum iteration T .
Ensure: Optimal transport plan T∗

1: Initialize transport plan T(0).
2: Initialize Θ(0), λ

(0)
v , µ

(0)
v .

3: for k = 1 to T do
4: # Step 1: Compute posterior probability.
5: for v = 1 to V1 + V2 do
6: P

(k)
v (Θ)← (Θ(k),vv) ▷ GMM E-step

7: end for
8: # Step 2: Update transport plan.
9: T(k+1) = Diag(p) · exp

(
S(k)

ϵ

)
·Diag(q)

10: ▷ Eq.(8)
11: # Step 3: Update adaptive weights.
12: λ

(k+1)
v ← (T(k+1),P

(k)
v )

13: µ
(k+1)
v ← (T(k+1), P̂

(k)
v ) ▷ Eq.(5)

14: # Step 4: Update GMM.
15: Θ(k+1) ← (T(k+1), {vv}V1+V2

v=1 ) ▷ Eq.(11) and
Eq.(12)

16: end for
17: return T∗ ← T(k)

A.2. Discussion
The proposed optimization framework leverages the
MM principle to address the nonlinear coupling between
the transport plan T and the GMM parameters Θ in the
joint objective (1). Importantly, the MM reformulation
induces a self-adaptive weighting of different foundation
models. Specifically, the coefficients

λ
(k)
P,v = 2⟨T(k),P(k)

v ⟩, µ
(k)

P̂ ,v
= 2⟨T(k), P̂(k)

v ⟩

are updated at each iteration based on the current trans-
port cost for each model. Models with lower trans-
port cost, indicating stronger semantic alignment, re-
ceive larger weights in the subsequent OT step, thereby
exerting greater influence on the updated transport plan.
This adaptive mechanism eliminates the need for man-
ual weight tuning. Furthermore, the coupling between
T and Θ forms a closed-loop refinement: the updated
T yields semantically informed soft assignments that
guide the GMM parameter updates, while the refined Θ
produces posterior matrices Pv(Θ) that reshape the cost

structure in the OT problem. Over iterations, this syn-
ergy progressively improves alignment quality across
heterogeneous foundation models.

B. Experimental Setup.
B.1. Datasets.
The natural datasets include: ImageNet [5],
SUN397 [29], Aircraft [16], EuroSat [8],
StanfordCars [11], Food101 [2], Pets [18],
Flower102 [17], Caltech101 [6], DTD [4],
and UCF101 [23]. The remote sensing
datasets include: AID [27], EuroSAT [8],
MLRSNet [20], OPTIMAL31 [24], PatternNet [32],
RESISC45 [3], RSC11 [31], RSICB128 [13],
RSICB256 [13], and WHURS19 [26]. The
medical datasets include: SICAP-MIL [22],
SKINCANCER [12], LC-LUNG [1], NCT-CRC [10],
WSSS4LUDA [7]. These datasets encompass a broad
spectrum of image classification, allowing us to com-
prehensively assess the robustness and generalization
capability of our method across distinct domains. The
specific dataset templates can be found in the code.

B.2. Implementation details.
Models. Our framework is built upon publicly avail-
able implementations of both vision-language models
(VLMs) and vision foundation models (VFMs). For
natural datasets, we employ CLIP ViT-B/16 and CLIP
Resnet-50, released by OpenAI, as the primary VLMs
without any additional fine-tuning. For extracting vi-
sual priors, we adopt DINOv2 ViT-L/14 and DINOv3
ViT-L/16, chosen for their strong clustering capabili-
ties. For remote sensing datasets, we use CLIP [21],
RemoteCLIP [14], SkyCLIP [25] and GeoRSCLIP [30]
as VLMs. For medical pathology datasets, we use
CLIP [21], CONCH [15], PLIP [9], and MUSK [28] as
VLMs. Additionally, the image encoder from VLMs is
reused as an auxiliary visual encoder.
Process. During inference, each image is processed us-
ing a single center-cropped view of size 224 × 224 to
reduce computational overhead. Class names are em-
bedded using a fixed prompt template, with no prompt
ensembling or optimization. We set the temperature pa-
rameter ϵ = 0.01 to control entropy regularization. Dur-
ing the initialization phase, we initialize both for V1 and
V2 with equal values, subject to the normalization con-
straint

∑V1

v=1 λv = 1 and
∑V2

v=1 µv = 1. In the Trans-
ductive setting, our method is applied directly to test
data. In the inductive setting, we first execute our algo-
rithm on the training data to learn both the GMM pa-
rameters corresponding to different visual models and
weight coefficients. The test data are then processed by
obtaining the posterior probabilities of GMM and inte-
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Figure 1. Clustering accuracy comparison of visual features
extracted from different foundation models on medical pathol-
ogy and remote sensing datasets.

grating multiple outputs using the learned weight coef-
ficients to produce the final prediction. All models op-
erate in inference-only mode without gradient updates.
Experiments are conducted on a single NVIDIA RTX
4090 GPU with 24GB of memory.

C. Extended Discussions

C.1. How important is VFM introduction?
To further highlight the importance of visual features,
we conduct analyses on remote sensing and medical
image datasets by extracting features from the visual
branches of different vision-language models. As shown
in Fig. 1, the clustering accuracy of visual features

is consistently and substantially higher than the corre-
sponding baseline models’ zeroshot performance. In
particular, although CONCH achieves the highest clus-
tering accuracy across all datasets, it is nevertheless out-
performed by MUSK on the zero-shot task. This ob-
servation reveals an inherent modality gap in vision-
language models: a naı̈ve strategy that assigns cate-
gories solely based on the similarity between sample vi-
sual features and candidate class prototypes proves in-
effective. Therefore, incorporating high-quality visual
features as a complementary source of information is
crucial for improving overall performance.

C.2. Qualitative Visualization and Analysis
To intuitively compare the differences between visual
features from VFMs and outputs from VLMs, we em-
ployed t-SNE to visualize output of different models
on the EuroSat and Food101. As shown in Fig. 2,
the experiment included four types of output sources:
nCLIP (Visual representations from CLIP visual en-
coder), DINOv3 (Visual representations from DINOv3),
nLogits (Outputs from raw CLIP), and SOTA (Outputs
from raw CLIP optimized with SOTA). The results re-
veal that while the visual features (e.g., from CLIP and
DINOv3) show clearer and more compact clusters, the
zero-shot logits from CLIP remain poorly separated due
to the strong modality misalignment between visual and
textual spaces. Among the visual encoders, DINOv3 ex-
hibits superior feature organization and stronger inter-
class separation than CLIP, highlighting its advantage
in capturing discriminative structures. These observa-
tions confirm that our adaptive optimal transport align-
ment effectively exploits the structured visual informa-
tion from VFMs to calibrate and refine the multimodal
logits, thereby enhancing the zero-shot classification
performance of VLMs.

C.3. Computational efficiency analysis
Our ensemble inference is iterative, alternating between
GMM parameter updates and OT. With diagonal covari-
ances, one EM update costs O(V NKD), where V is
the number of VFMs, N is the number of target sam-
ples, K is the number of Gaussian components, and D
is the feature dimension. The entropic OT is solved
by Sinkhorn with cost O(TSKNK), where TSK is the
number of Sinkhorn iterations. Overall, the per-iteration
computational complexity is O(V NKD + TSKNK).
Tab. 1 compares representative methods. Compared
with graph-based approaches such as ECALP and Tran-
sCLIP, which typically incur higher computation and
memory overhead due to graph construction and infer-
ence, our method achieves competitive efficiency while
delivering stronger accuracy. In contrast, ADAPT is
more efficient but exhibits inferior accuracy than ours,
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Figure 2. t-SNE visualization of predicted clusters on the EuroSat(first row) and Food101(second row) dataset. SOTA signifi-
cantly improves cluster compactness and separation over CLIP, highlighting superior integration of visual and semantic cues.

highlighting that our design offers a favorable balance
between effectiveness and efficiency.

C.4. Model subset analysis

For remote-sensing and medical datasets, we further
conduct model-subset experiments (Tab. 2). Notably, al-
though CLIP exhibits the weakest cross-domain perfor-
mance among all VLMs, integrating it with any target-
domain-specific model via our framework consistently
leads to performance gains, validating the effectiveness
of our approach under diverse model subset configura-
tions. This behavior suggests that our method does not
rely on a single dominant model; instead, it can leverage
diverse model outputs in a cooperative manner.
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