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Abstract—Medical applications place stricter demands on
multi-image context and high-resolution imagery, which require
decisions that depend on long temporal horizons and complex
examination histories. In this paper, we propose an encoder-and-
LLM-frozen framework that couples frozen CT/WSI foundation
encoders with a long-context LLM for spatiotemporal reasoning
without fine-tuning either the visual encoders or the LLM. To
mitigate noisy, low-yield visual evidence, we first use CAM-based
scoring to retain informative CT slices and WSI regions, then
compress encoder features with PCA and align them to the
LLM embedding space via an optimal-transport calibration. The
aligned vectors are injected as pseudo-tokens and interleaved
with a handful of concise textual exemplars, enabling few-shot in-
context inference for diagnosis, staging, and longitudinal response
assessment directly within the decoder. This design (i) preserves
fine-grained radiologic and histologic cues while scaling to long
visual contexts, (ii) supports modular swap-in of lightweight
projection strategies under different resource budgets, and (iii)
approaches supervised multimodal baselines on public cancer co-
horts while avoiding cross-modal fine-tuning. Overall, our results
suggest a practical path toward privacy-conscious multimodal
decision support that requires only inference-time preparation
and alignment of embeddings.

Index Terms—encoder-frozen multimodal alignment, optimal
transport, class activation mapping, long-context LLM, spa-
tiotemporal reasoning, CT, whole-slide imaging

I. INTRODUCTION

Large Language Models (LLMs) have demonstrated re-
markable versatility in leveraging test-time computation, al-
lowing them to dynamically adapt to new tasks through
prompting and in-context scheduling [1]-[3], and perform
complex downstream reasoning without any additional train-
ing [4]-[7]. However, medical applications place stricter de-
mands on multi-image context and high-resolution imagery,
and often require decisions that depend on long temporal
horizons and complex examination histories [8]-[10].

To preserve accuracy in long-context settings, recent stud-
ies curate training corpora that explicitly include multi-turn
interactions and alternative training strategies [11]-[15] to
counteract context length induced performance loss. To al-
leviate the computational burden, prior work [16] reduces
communication overhead to improve the efficiency of multi-
node distributed training. Nevertheless, accelerating the core
intra-node decoding for long visual context, without materially
compromising performance, remains an open problem. Long-
context multimodal decoders such as leveraging Transformer—
Mamba [17] pipelines to efficiently handle hundreds of visual
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tokens, yet they still rely heavily on learned adapters or
paired supervision. Such reliance is difficult to scale in clinical
settings, where datasets are often modest in size and exhibit
substantial cross-center heterogeneity.

At the same time, clinical data typically exhibit com-
plex spatial and temporal dependencies, highly heterogeneous
sampling schemes across centers, and partially unreliable
or low-yield spatial information. Learning systems are thus
forced to reason over irregular feature scales and missing
observations [18], [19]. In digital pathology, gigapixel WSIs
are usually partitioned into millions of tiles, which disrupts
native tissue architecture and dilutes morphological cues that
are crucial for staging aggressive tumors [20], [21], thereby
weakening a model’s ability to reconstruct long-range spa-
tial relationships. Similar difficulties arise in longitudinal CT
follow-up: motion artefacts and irregular slice thickness or
spacing complicate downstream modeling, while the limited
spatial resolution of CT constrains the characterization of
peritumoral microstructure. Furthermore, radiologic features of
malignant tumors often strongly overlap with benign findings,
and the most informative cues may appear only in a few key
slices, making it challenging for generic 3D or video-style
foundation models to stably extract discriminative imaging
patterns.

These tensions lead to a central question: Can we pair
informative spatial and temporal information with LLM
tokens for reliable spatiotemporal reasoning under long
visual contexts?

To address this question, we propose a scalable, encoder-
and-LLM-frozen multi-task learning framework for medical
spatiotemporal imaging features. Specifically, we leverage
optimal transport (OT) to directly align expressive represen-
tations from pretrained medical foundation models to the
LLM token embedding space [22]. The aligned visual vectors
are injected into the embedding layer as pseudo-tokens and
combined with a small number of textual exemplars, enabling
the LLM to perform few-shot reasoning without updating any
encoder or LLM parameters with a lightweight linear projector
is trained on a small labeled set. This design preserves both
local morphology and long-range spatial structure, naturally
scales to large visual contexts, and circumvents expensive and
fragile cross-modal fine-tuning.

Our contributions are as follows:

o We introduce a cancer-centric token embedding align-

ment framework that maps volumetric CT and aggregated
WSI features into a unified token space via OT-aligned



Contrastive learnin

Alignment tuning of projector

Few-shot tasks

. Instruction MRI(Cross—Modalities)l

Mapped Feature Matrix
for Feature Contrast

5
Image )

Slide Images OT Solvers 5 - - — -

_ 8 Large Language Model - i[i[i’ Instruction Survival Prediction(Cross

oD @Fﬂ@n the representations of the patches: <Token 1>
& Slx\:chrrlrzlgc T <Token 2>... <Token K>, with the following

information:

Risk Group: Benign <Token_1>. Lesion <Token_2>.

Linear f I Question: What is the survival risk of the patient?
0 T Projoctor Instruction Disease classification
PCA |CAM é % A Given the representations of slides : <Token
S I . . cr ]
5 e — 1><Token 2>... <Token K>, with following C: m
W, — <[ Representation of gl(or.mlatlfm: . b b a - )
Slide Features ystic lesion anterior to the uterus, possibly ’//' T e
[mnzcrption / 4 . aright ovarian cys. MRU shows no > \ ) — PLl{lea:r
l;eature Néatrlx for ™ ﬁ"f significant abnormalities in bilateral renal ﬁ— " Whole rojector
nstance Contrast ise ete: .
Myxd gﬂz;i;;;frdas, or bladder. L& Slide Image i
T Tmases Provide a diagnostic conclusion regarding ‘,:%‘{
) E— 8 . lymphatic node metastasis. L L Model
PCA = arge Language Mode|
LLM Token i-i ole
Embeddings
- Slides Token Text Token X
—— Principal Components Embeddings Embeddings Answer in Natural Language

Fig. 1. We adopt optimal transport to construct an efficient pairing between image representations and LLM tokens while keeping both visual encoders and

the LLM frozen.

embedding injection, where CAM-based key frame ex-
traction filters redundant information and OT marginal
constraints enforce global structure consistency across
spatially dispersed diagnostic regions.

o We propose a feature-wise contrastive alignment strategy
that aligns semantic dimensions rather than instances,
ensuring transferability across datasets with high intra-
class variance. We provide a complete mathematical for-
mulation of the alternating OT—contrastive optimization
with PCA-initialized alignment (Algorithm 1).

o We demonstrate that combining OT-aligned visual em-
beddings with concise, semantically rich text-level de-
scriptions enables competitive few-shot diagnostic per-
formance across five TCGA cancer types and a private
lung cancer cohort, while keeping both visual encoders
and the LLM entirely frozen.

II. METHODOLOGY

We propose an encoder-and-LLM-frozen framework that
aligns long-context medical imaging modalities with LLMs
through three stages: (1) CAM-based key frame extraction, (2)
optimal transport matching between visual features and LLM
token embeddings, and (3) feature-wise contrastive alignment.
Problem Setup. Given a CT volume Vo € RPXHXW of
WSI patches Py g1, pretrained encoders for(-) and fiwsr(+)
extract features For, Fyygr € RYXFV | Our goal is to align
these visual representations with the LLM’s token embedding
space RFT for few-shot reasoning without fine-tuning.

A. CAM-based Key Frame Extraction

To filter redundant information in CT volumes and WSIs,
we employ CAM on the final convolutional block of the
pretrained 3D encoder. The class weights wy, are the global-
average-pooled gradients of the target class score with respect

to activations Ay. The 3D CAM is M25,,, = o8 wi Ay,
with key slices selected by:

D’

Skey = TopK 8; = ZM%&M(@ h,w) yKer |
hyw i=1

(1)
where A, € RPXH'XW' are activation maps, wy are
class-specific weights, and s; scores each slice’s diagnostic
relevance. For WSI, we use attention-based MIL [23] to
identify tumor microenvironment patches, selecting top- Ky sy
instances by attention weights. This yields compact feature sets

key Ko X Fh key KwsiXF
Fop € REeT>5v and Fy ¢, € REwsrxiv,

B. Optimal Transport Matching

After extracting key visual instances via CAM, we align
these medical imaging features with the LLM’s token em-
bedding space using optimal transport [22]. Unlike conven-
tional attention mechanisms that compute only local pairwise
similarity, OT enforces marginal constraints that encourage
global trade-offs among instances, enabling the model to
capture long-range structural dependencies across spatially
dispersed tumor microenvironment components in WSI or
key anatomical landmarks across CT slices. We solve OT
via the Sinkhorn-Knopp algorithm with entropic regularization
(e=0.1), converging in approximately 50—100 inner iterations.

To establish a reference semantic space, we extract medical
vocabulary embeddings E,,.q = {ex = LLMgnpbed (V) ,J:Q’ie‘i
from the frozen LLM’s embedding layer, where v, includes
anatomical structures, disease names, diagnostic descriptors,
and clinical procedures. This medical token embedding bag
serves as the target distribution for cross-modal matching,
providing semantically meaningful anchors in the LLM’s
representation space.

1) OT Formulation for Visual-to-Text Matching: Following
the multiple instance learning (MIL) paradigm and inspired



by multimodal optimal transport [24], we formulate the visual
feature bag (from CT or WSI) and the LLM token embedding
bag as two probability distributions to be matched. ForKCT
modality, we have the visual feature bag F’éeTy = {fg% . .
extracted from key frames, and we wish to match it witﬂ?llle
medical token embeddings E, 4.

We define probability distributions over the visual features
and token embeddings:

1 1

T
= [P REcT 2
I'L’UZS [KCT’ ) KCT} E b ( )

B 1 1
Hiext = Mmed IR Mm
To compute the cost matrix, we first need to project the

visual features into the same dimensional space as the LLM
embeddings. We use a lightweight linear transformation:

.
} € RMmed, (3)
ed

fg%“ = Walignfg%“y Walign € RFLXF‘/’ (4)

where W ;4 can be initialized with PCA-derived projection
matrices or learned through feature-wise contrastive learning
(detailed in Sec. II-C).

The cost matrix Cop € REcTXMmed captures the pairwise
dissimilarity between projected visual features and token em-
beddings:

k|30 ? (i) ?
Cor = HfCT - ekHz - HWalignfCT - ekH2 ’ )

The optimal transport problem seeks a transport plan
Pf € REcTXMmea that minimizes the total transport cost:

(Cor, Py = ClérPy, (6)
ik

min

Pl =ar
cT g
Pell(fy;ssMient)

where II(p,; ., 4s.,;) denotes the set of admissible transport
plans with marginal constraints ensuring total mass equality,
which equal to

{PeREeT Mt | PLy = 1y P L icer = frar |
(7
Similarly, for WSI modality, we solve:
min
Pell(pyw s Mient)

Pl = arg (Cwsr, P), ®)

, . 2
where C{,"js] = Hwalignfé[j/)sj — ekH . The optimal transport
plan P{,» provides a principled globa% matching that respects
structural relationships between visual features and semantic
token embeddings. We leverage this transport plan to identify
the most informative visual instances for LLM reasoning. For
each visual feature fg)T we compute its semantic alignment
score by marginalizing over all token embeddings:

Mped

TS
k=1

which measures how strongly the ¢-th visual feature is matched
to the medical vocabulary in the LLM’s semantic space. We

PEE, 9)

then select the top—f( or instances with the highest alignment
scores:

. i Ker
Fcor = TopK <{(oziCT, fé)T)}ifl 7KCT> ,  (10)

where Ko < Ker represents a compact set of the most
semantically informative features. This selection is performed
without any label supervision, relying solely on the geometric
structure preserved by optimal transport. The same process is
applied to WSI features to obtain f‘ws[, yielding a unified
cross-modal representation that bridges medical imaging and
language modalities.

2) Micro-Batch OT for Computational Efficiency: Due
to the potentially large number of visual instances (Ko,
Ky sr) and token embeddings (M,,.q), solving the current
OT problem can be computationally expensive. Following
the unbalanced mini-batch OT (UMBOT) strategy [24], we
approximate the global OT solution by averaging solutions
over multiple micro-batches.

Specifically, we partition the visual feature set into B mini-

batches: {F(C?%“
Ker/B instances. For each mini-batch b, we solve a smaller

OT problem with entropic regularization (coefficient €) and
marginal relaxation (coefficient 7):

, where each micro-batch contains m =

min

WO ) =
PO py0t)

(cth.p0)

+ eKLPY 1) @ pyyy)

b b b
+7 (‘D¢(P1()z?9”l‘l’1()z)€) + Dd)(Pgegthp’tezt)) 9

Y

where P\") and P{*), are the marginals of P(?), 7=0.5 is the
marginal relaxation coefficient, and Dy denotes the Csiszir
divergence instantiated as KL divergence (¢(t) = tlogt —
t + 1). The unbalanced formulation allows for more robust
approximation by relaxing the strict marginal constraints.

The aggregated transport plan is computed as: Pop =
5 2 PO

This micro-batch approximation significantly reduces com-
putational complexity from O(K2., log Kor) to O(B-m?) =
O(Kor -m), where m < Ko, making it practical for large-
scale medical imaging applications.

C. Feature-wise Contrastive Alignment

To learn W 4,4, without fine-tuning, we adopt feature-wise
contrastive learning that aligns semantic dimensions rather
than instances, ensuring transferability across datasets with
high intra-class variance.

We first extract principal components from LLM token
embeddings Epr s € RM*FL to obtain semantic coordinate
axes:

C =PCA (Eppu, P) € RPXFL, (12)

retaining 95% variance. Visual features are projected to this
subspace: Fisuai = Fuisual X CT. We then align feature



dimensions (columns ¢;) with text embeddings from medical
reports (1p;) with L¢., equal to:

1 i log exp (0 (¢1.9:) /7)

P i=1 25:1 [exp (9 (d)iv ¢j) /7') + exp (9 (¢iv ’l/’j) /(1)3])
where 6 denotes cosine similarity and 7 is a temperature
parameter. The alternating optimization proceeds as follows:
(i) initialize W9, < C; (ii) fix Wyyg, and solve OT
(Eq. 6) to obtain P* and select informative instances; (iii) fix
the selected instances and update W 454, by one gradient step
on Leq; repeat (ii)—(iii) for 3-5 outer iterations. Because PCA
initialization places visual features near the LLM semantic
subspace from the start, convergence is fast. No gradients pass
through the visual encoders or LLM at any point.

D. Alignment Tuning and Zero-Shot Inference

After obtaining aligned visual features, we train a
lightweight linear projector W,,.,; € REtworen XK 1o agore-
gate selected instances into a fixed number of pseudo-tokens
(typically Kioken € {167 64})

'n K oren F
Evisual = Wproj Fvisuul x C € R%tok *HE (14)

The projector is trained on a small labeled dataset from the
source domain by minimizing cross-entropy loss:

Nirain

Lproj = — Z log PLom (yi | [Inst] & [BY,,,,,] @ [Ctxi]> )

i=1 (15)
while keeping visual encoders and LLM entirely frozen. Only
Kioken X K parameters are updated, enabling convergence
even with limited labeled data. For zero-shot inference on
unseen datasets or tasks, these pseudo-tokens are injected into
unified instruction templates: Prompt = [Task Instruction] &
[Eyisuai] @ [Clinical Context|, enabling the LLM to perform
medical reasoning across node-level (e.g., diagnosis predic-
tion) and edge-level (e.g., survival analysis) tasks without fur-
ther parameter updates. The complete pipeline is summarized
in Algorithm 1.

ITII. EXPERIMENT
A. Experimental Setup

We explore the feasibility of directly embedding foundation
model representations without projector training. Specifically,
representations for CT data were extracted using a pre-trained
3D ResNet [25], while patch-level features for WSI were
extracted using a pre-trained Transformer encoder [26], where
the models are fine-tuned on clinical datasets.

a) Dataset: We construct a multi-center pan-cancer
dataset emphasizing cross-modal alignment for evaluation.
The public cohort is derived from TCGA [27], compris-
ing histopathology whole-slide images (WSI) and computed
tomography (CT) across five cancer types (BLCA, BRCA,
UCEC, KIRC, LUAD) with 2,731 patients, where LUAD
and UCEC are used for self-supervised pretraining along
with partial data from clinical ACC data. To further validate

Algorithm 1 OT Matching & Feature-wise Contrastive Align-
ment
Require: Key visual features Fkev ¢ REXFv  medical to-
ken embeddings E,,.q € RMmea*FL 1M embeddings
Epopy € RNexFr entropic regularization €, marginal
relaxation 7, mini-batch count B, outer iterations 7T'=3-5
Ensure: Aligned visual features F € RE*P
1: Compute PCA: C = PCA(Errr, P) € RP*IT
2: Initialize W54, < C
fort=1,...,7T do
/I OT-based instance selection (fix W ;4,)
fori=1,..., K do
) W atign £(0)
for k=1,..., Myeq do
CF — [[FD — 13
end for
10:  end for
11:  Partition F**¥ into B mini-batches {F®)}7 |
122 forb=1,...,B do
13: Solve unbalanced OT via Sinkhorn (¢, 7, KL) —
Ppx®)

14:  end for

15.  Aggregate: P + = Zle P*®

16:  Alignment scores: o < Zk P, Vi

17: F < TopK({(ay, ) }E || K)

18:  // Feature-wise contrastive update (fix instances)
1990 F+«FxCT // PCA projection

20: Walign <~ Walign - Vwa”g”ﬁfea (Eq 13)
21: end for _

22: return F, W,

cross-site generalization, we additionally collect a private lung
cancer cohort from the First Affiliated Hospital of Guangdong
Medical University, containing 506 patients with paired WSI
and CT scans.

b) Competing Methods: We compare against four cate-
gories of baselines: (i) Unimodal methods: Cox-PH, DeepSurv
for CT-based survival analysis, 3D-ResNet and Radiomic
features for pathology-based prediction; (ii) Domain adapta-
tion approaches: Dom-Adv and Deep CORAL that explicitly
address distribution shift between modalities; (iii) Multimodal
LLM methods: LLaVA-Med [28], which adapts visual instruc-
tion tuning for biomedical images; LongLLaVA [29], which
extends context length for processing long visual sequences;
and Mantis [30], which enables interleaved multi-image rea-
soning; (iv) Advanced domain adaptation: DANN and MMD-
Trans that employ adversarial training and maximum mean
discrepancy for cross-modal alignment. All methods are eval-
uated under identical few-shot settings (k € {3,5,10}) to
ensure fair comparison.

B. Results and Discussion

RQ1: How effective is our framework in cross-modal
and cross-site transfer?



TABLE I
C-INDEX (MEAN = STD) PERFORMANCE FOR COMPARISON OF MULTIMODAL AND UNIMODAL METHODS, WITH SAME PRETRAINING DATA USED AND 5
FOLD SAMPLES USED FOR EACH METHODS FINETUNING SETTING.

Model Patho CT BLCA UCEC BRCA GBMLGG KIRC LUNG
(N =373) (N = 480) (N =511) (N = 569) (N = 247) (N = 506)
Cox-PH v | 0.605 £ 0.028 0.610 £ 0.067 0.663 & 0.047 0.649 & 0.019 0.597 & 0.053 0.685 + 0.041
DeepSurv v | 0.644 £+ 0.038 0.632 £ 0.070 0.642 £+ 0.044 0.654 4+ 0.021 0.623 4+ 0.028 0.673 + 0.039
3D-ResNet v 0.585 £ 0.055 0.595 &+ 0.072 0.644 + 0.042 0.604 + 0.032 0.606 £+ 0.068 0.679 £ 0.045
Radiomic v 0.491 4+ 0.048 0.511 + 0.050 0.583 + 0.066 0.670 + 0.036  0.535 £+ 0.057 0.618 4 0.058
Dom-Adv v v | 0622 £ 0.031 0.638 £ 0.049 0.681 4+ 0.039 0.720 + 0.024 0.633 + 0.038 0.715 £ 0.035
Deep CORAL v v 0.658 4+ 0.039 0.645 + 0.038 0.635 + 0.050 0.720 £ 0.031 0.645 £ 0.034 0.683 £ 0.042
LLaVA-Med v v | 0.645 £ 0.037 0.655 £ 0.042 0.695 £ 0.048 0.785 4+ 0.029 0.660 4+ 0.041 0.728 + 0.040
LongL.LaVA v v | 0.668 £ 0.039 0.685 £ 0.038 0.708 £ 0.046 0.778 & 0.032 0.688 4+ 0.037 0.745 &+ 0.038
Mantis v v 1 0692 +£0.041 0.715 £ 0.041 0.718 £ 0.049 0.770 + 0.034 0.712 + 0.039 0.758 + 0.041
DANN v v | 0708 £ 0.040 0.734 £ 0.039 0.729 £ 0.051 0.766 4+ 0.035 0.727 4+ 0.035 0.768 + 0.043
MMD-Trans v v 0.715 &£ 0.041  0.720 &= 0.040 0.748 + 0.052 0.797 £ 0.033  0.753 £ 0.036  0.785 4 0.044
Ours v v | 0.831 £0.033 0.819 +£ 0.013 0.849 £+ 0.047 0.823 4+ 0.032 0.833 4+ 0.045 0.894 + 0.038
TABLE II
ZERO-SHOT TRAINING-FREE METHODS PERFORMANCE ACROSS FEW-SHOT SETTINGS IN 5 FOLD.
Dataset ‘ Text-only ICL ‘ Project Methods ‘ Segmentation Ablation ‘ Full
| Llama3-8B  Llama3-70B | Ran-Noi Zero-Pad Ran-Pro OT-PCA | Ran-Sel GT-Label | OT-CAM
CT-Survival Prediction (C-index)
BLCA 0.452+0.033  0.482+0.029 | 0.475+0.025 0.543+£0.024 0.581+0.024  0.613+0.022 | 0.631+0.026  0.618+0.025 | 0.658+0.028
BRCA 0.443+0.035  0.473+0.030 | 0.466+0.027  0.593+0.026  0.572+0.026  0.604+0.024 | 0.620+0.028  0.607+0.027 | 0.649+0.031
KIRC 0.439+0.037  0.469+0.033 | 0.462+0.029 0.567+0.028  0.568+0.028  0.625+0.026 | 0.614+0.030  0.598+0.029 | 0.645+0.034
WSI-Survival Prediction (C-index)
BLCA 0.467+0.031  0.497+0.027 | 0.496+0.024  0.601+0.025  0.608+0.022  0.623+0.020 | 0.658+0.024  0.642+0.023 | 0.689+0.026
BRCA 0.458+0.033  0.488+0.029 | 0.487+0.026  0.592+0.027  0.599+0.024  0.614+0.022 | 0.651+0.026  0.638+0.025 | 0.682+0.029
KIRC 0.454+0.035  0.484+0.031 | 0.483+0.027  0.588+0.029  0.595+0.026  0.610+0.024 | 0.645+0.028  0.631+0.027 | 0.678+0.032
WSI-Subtype Classification (ACC)
TCGA 0.543+0.028  0.573+£0.024 | 0.581+0.021  0.664+0.020  0.693+0.020  0.701+0.019 | 0.721+0.022  0.708+0.021 | 0.754+0.024
Clinical | 0.530+0.032  0.560+0.028 | 0.568+0.025  0.671+0.024  0.680+0.024  0.688+0.023 | 0.712+0.027  0.697+0.026 | 0.743+0.030

Table I presents the performance comparison across five
TCGA cancer types and one private clinical cohort. Multi-
modal LLM-based approaches represent a promising direction
by leveraging pretrained language models for cross-modal
reasoning. These methods outperform basic domain adapta-
tion baselines, indicating that LLM’s semantic understanding
provides valuable inductive bias for medical image interpreta-
tion. Nevertheless, their performance falls short of advanced
domain adaptation methods (DANN, MMD-Trans) and our
approach, suggesting that direct visual instruction tuning alone
is insufficient to bridge the substantial modality gap between
histopathology and radiology images. The limitation stems
from their reliance on generic visual-language alignment,
which lacks the structured geometric correspondence that our
OT-based framework explicitly establishes.

RQ2: What is the contribution of feature-wise con-
trastive learning to few-shot capability?

Table II reveals the critical role of our feature-wise con-

trastive alignment strategy through systematic ablation. Re-
placing the PCA-derived semantic axes with random noise
(Ran-Noi) consistently degrades performance across all tasks
and datasets, highlighting the central importance of structured
geometry induced by LLM token embeddings.

The progression from Ran-Noi — Zero-Pad — Ran-Pro —
OT-PCA illuminates the mechanism underlying our approach.
Random noise injection provides no meaningful semantic
structure, forcing the LLM to rely heavily on label priors
during in-context learning. Zero-padding preserves the original
feature geometry but fails to establish correspondence with
the LLM’s semantic space. Random projection maintains
some geometric relationships in expectation but lacks explicit
alignment with semantically meaningful directions. Our OT-
PCA method explicitly maps visual features onto the principal
components of LLM token embeddings, ensuring that each
feature dimension corresponds to an interpretable semantic
direction.



RQ3: How do projection schemes, key frame selection,
and self-supervised strategies affect performance?

The comparison among different visual-to-LLM projec-
tion strategies in Table II demonstrates that projector de-
sign—especially whether it is OT-aligned and parameter-
free—has a substantial impact on framework performance.
Simple dimension-matching approaches such as Zero-Pad and
PCA provide baseline functionality but fail to establish mean-
ingful semantic correspondence with the LLM’s representation
space.

These trends reveal that untrained, activation-free projectors
with appropriate alignment can outperform more complex
schemes that once the visual features are aligned with the
principal semantic axes of LLM token embeddings, the projec-
tor’s role is primarily to resolve dimensional mismatch while
preserving the established geometric correspondence.

IV. CONCLUSION

Our approach enables in-context learning for cancer di-
agnosis tasks, demonstrating competitive performance while
eliminating the need for costly cross-modal fine-tuning.
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