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Abstract: We introduce Graph Memory (GM), a structured non-parametric framework that represents an embedding
space as a compact graph of reliability-annotated prototype regions. GM encodes local geometry and re-
gional ambiguity through prototype relations and performs inference by diffusing query evidence over this
graph, unifying instance retrieval, prototype-based reasoning, and graph diffusion within a single inductive
and interpretable model. The framework is modality-agnostic: in multimodal settings, independent prototype
graphs are built per modality and combined through reliability-aware late fusion. Experiments on synthetic
benchmarks, breast histopathology (IDC), and the multimodal AURORA dataset show that GM matches or
exceeds kNN and Label Spreading in accuracy, while delivering substantially better calibration, smoother de-
cision boundaries, and an order-of-magnitude smaller memory footprint. Overall, GM provides a principled
and interpretable approach to non-parametric inference across single- and multi-modal domains.

1 INTRODUCTION

Embedding-based classifiers are commonly built
around two paradigms: parametric heads that learn
global decision boundaries, and non-parametric
methods such as prototypes or kNN that rely on local
geometric similarity. While effective, both paradigms
largely treat the embedding space as a collection of
independent points or loosely defined clusters, with
limited ability to model relations between regions,
capture where uncertainty concentrates, or propagate
evidence across decision boundaries. As a result,
broader relational structure and multi-hop dependen-
cies in embedding spaces are often ignored.

We introduce Graph Memory (GM), a compact
and reusable representation that explicitly organizes
an embedding space into a graph of region-level pro-
totypes. Each prototype summarizes a coherent re-
gion through its centroid and reliability attributes
(e.g., purity, dispersion, stability), while edges en-
code geometric proximity and persistent ambiguity
between regions. This reliability-weighted prototype
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graph provides an interpretable abstraction of the em-
bedding manifold and supports context-aware infer-
ence that integrates local similarity with global struc-
ture.

Inference in GM proceeds by activating proto-
types relevant to a query and diffusing this activation
over the prototype graph, yielding calibrated and ge-
ometrically smooth predictions. The diffusion pro-
cess preserves interpretability: prototypes accumulat-
ing the most evidence directly expose which regions
support or challenge a decision. In this way, GM uni-
fies instance retrieval, prototype-based reasoning, and
graph diffusion within a single inductive framework,
without relying on full instance graphs or transductive
inference.

A key strength of GM is its effectiveness in het-
erogeneous, sparsely sampled, or high-dimensional
regimes, where classical non-parametric methods
struggle to capture global structure without excessive
memory or computation. This naturally extends to
multimodal settings: GM constructs independent pro-
totype graphs per modality and combines their predic-
tions through reliability-aware late fusion, preserving
modality-specific interpretability while enabling prin-
cipled integration of complementary evidence.

We evaluate GM across increasingly challenging
scenarios. On controlled synthetic benchmarks, GM
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yields smoother and better-calibrated decision func-
tions than classical kNN and Label Spreading (Pe-
dregosa et al., 2011). On high-dimensional breast
histopathology (IDC) data (Janowczyk and Madab-
hushi, 2016; Cruz-Roa et al., 2014), GM achieves
strong accuracy and competitive calibration using a
compact prototype set. Finally, on the multimodal
AURORA dataset (Garcia-Recio et al., 2023), com-
bining whole-slide images and RNA-seq profiles, GM
improves calibration through reliability-aware fusion
and remains robust in an extremely small-sample
regime.

Overall, Graph Memory provides a compact,
interpretable, and modality-agnostic framework for
embedding-based inference, supporting smooth de-
cision boundaries, calibrated predictions, and princi-
pled multimodal integration within a unified inductive
model.

2 RELATED WORK

Prior work on embedding-space inference spans para-
metric classifiers, non-parametric retrieval, prototype-
based models, and graph-based semi-supervised
learning. Parametric heads learn global decision
boundaries, while non-parametric approaches such as
prototypes and kNN rely on local neighborhood evi-
dence. Despite their effectiveness, both families typ-
ically lack an explicit, reusable representation of how
regions of the embedding space relate, where ambigu-
ity concentrates, and how evidence should propagate
across regions.

Prototype-based classifiers summarize classes via
representative centroids or parts, as in nearest-class-
mean methods, Prototypical Networks (Snell et al.,
2017), and ProtoPNet-style interpretability mod-
els (Chen et al., 2019). These approaches improve
interpretability and data efficiency, but generally treat
prototypes in isolation, without modeling persistent
relations, cross-class ambiguity, or reliability differ-
ences between regions.

Instance-based retrieval methods range from clas-
sical kNN to Deep kNN (Papernot and McDaniel,
2018) and more recent semi-parametric adapters that
integrate retrieval with pretrained encoders for adap-
tation, privacy, or domain transfer (Doerrich et al.,
2024; Bhardwaj et al., 2023; Huang et al., 2023).
While effective, these methods operate primarily at
the instance or activation level and are tightly coupled
to specific architectures, limiting reuse as a general
inference layer.

Graph-based semi-supervised learning (Graph
SSL) propagates labels over instance graphs (Zhu

et al., 2003), with Graph Convolutional Networks ex-
tending this idea via learned message passing (Kipf
and Welling, 2017). Diffusion-based methods such
as Personalized PageRank (Haveliwala, 2002) high-
light the benefits of restart-based propagation for per-
sonalized inference. However, most graph-based ap-
proaches rely on instance-level graphs, are transduc-
tive, and leave graph construction and inductive query
attachment under-specified (Zhou et al., 2003).

Beyond pairwise distances, richer relations have
been explored through temporal graphs (Chanpuriya
et al., 2022), and scalable non-parametric retrieval
systems such as MUVERA (Dhulipala et al., 2024).
These works demonstrate expressive relations and
efficiency at scale, but do not provide a compact,
region-level memory that jointly encodes geometry,
reliability, and ambiguity for inductive classification.

Interpretability and reliability have been studied
through prototype-based explanations (Chen et al.,
2019) and post-hoc calibration techniques, including
temperature scaling (Guo et al., 2017), Dirichlet cal-
ibration (Kull et al., 2019), and energy-based OOD
detection (Liu et al., 2020). Orthogonally, clustering
validity indices such as Silhouette, Davies–Bouldin,
Dunn, and Calinski–Harabasz characterize comple-
mentary aspects of region quality (Rousseeuw, 1987;
Davies and Bouldin, 1979; Dunn, 1974; Caliński and
Harabasz, 1974; Liu et al., 2010).

Summary of Gaps. Taken in isolation, existing ap-
proaches typically (i) operate at the instance or pro-
totype level without modeling inter-region relations,
(ii) lack a persistent and reusable region-level mem-
ory, (iii) omit reliability and ambiguity as first-class
signals, or (iv) depend on transductive graphs or
architecture-specific adapters. These limitations mo-
tivate a structured, prototype-level graph memory that
explicitly encodes regional geometry, reliability, and
relations, while remaining inductive, interpretable,
and compatible with modern embedding-based infer-
ence. These gaps motivate a representation that ex-
plicitly models regions, their relations, and their reli-
ability in a reusable and inductive manner.

3 METHOD

Graph Memory (GM) is a reusable, non-parametric
representation that models an embedding space as a
graph of prototype regions. Inference is performed
via evidence diffusion: a query induces an initial ac-
tivation over prototypes, which is propagated through
a reliability-weighted random walk with restart. The
resulting stationary distribution integrates local sim-

Graph Memory: A Structured and Interpretable Framework for Modality-Agnostic Embedding-Based Inference

653



ilarity with global structure while preserving query-
dependent inference.

3.1 Overview

Given a labeled embedding dataset D = {(xi,yi)}N
i=1,

where xi = f (xraw
i ) ∈ Rd are fixed embeddings and

yi ∈ {1, . . . ,C} are class labels, we construct a graph
G = (V ,E) whose nodes V = {1, . . . ,K} are cluster-
level prototypes. Each prototype summarizes a subset
Sc ⊆ D and edges (c,c′) ∈ E encode relational affin-
ity. The pipeline has three parts: (1) joint prototype
construction, (2) relation graph formation, and (3) in-
ductive inference by graph diffusion.

3.2 Prototype Selection

We partition the embeddings {xi} into K groups using
K-means or K-medoids across all classes jointly, pre-
serving mixed boundary regions that per-class clus-
tering would treat separately. Each prototype c is rep-
resented by its centroid

µc =
1
|Sc| ∑

xi∈Sc

xi,

and the following attributes are stored:

• Support: |Sc|, number of samples represented by
prototype c.

• Dominant class: yc = argmaxy |{xi ∈ Sc : yi =
y}|, the most frequent class within Sc.

• Purity: πc =
maxy |{xi∈Sc:yi=y}|

|Sc| , the proportion of
samples belonging to the dominant class, used
later as a reliability factor.

All statistics are normalized by the local population
|Sc|, ensuring that prototype attributes reflect the sta-
bility of the region they summarize.

3.3 Prototype Quality and Reliability

Each prototype is further characterized by geometric
and stability metrics that are combined into a scalar
reliability score rc ∈ [0,1].

(1) Normalized silhouette. For each sample xi ∈Sc,
let

a(i) = 1
|Sc|−1 ∑

x j∈Sc, j ̸=i
∥xi − x j∥2, (intra-cluster dist.)

(1)

b(i) = min
c′ ̸=c

1
|Sc′ | ∑

xk∈Sc′

∥xi − xk∥2, (nearest-cluster dist.)

(2)

and compute the normalized silhouette value

sc =
1
|Sc| ∑

xi∈Sc

sil(i)+1
2

, where sil(i) =
b(i)−a(i)

max{a(i),b(i)}
.

This rescales the original silhouette from [−1,1] to
[0,1], aligning its range with the other metrics.

(2) Dispersion. The internal variance relative to the
centroid:

vc =
1
|Sc| ∑

xi∈Sc

∥xi −µc∥2
2.

Low vc indicates compact geometry, while high
values imply intra-class spread or outliers.

(3) Margin. Separation from prototypes of different
dominant classes:

mc = min
c′:yc′ ̸=yc

∥µc −µc′∥2.

(4) Instability. Sensitivity to embedding perturba-
tions. We sample xδ

i = xi +δi (small Gaussian noise)
and measure reassignment rate:

ρc =
1
|Sc| ∑

xi∈Sc

1
[
NN(xδ

i ) ̸= c
]
.

Lower ρc means more stable assignments.

(5) Robust normalization. Among the prototype
metrics, only the margin mc and dispersion vc are un-
bounded and directly depend on the scale of the em-
bedding space. To make them comparable with the
bounded quantities (sc, ρc, πc), we apply a robust
rescaling based on median and interquartile range:

x̄c = σ

(
xc −med(x)

IQR(x)

)
(3)

IQR(x) = Q0.75(x)−Q0.25(x)
where σ(·) is the logistic function. This transforma-
tion, akin to robust scaling (Rousseeuw and Croux,
1993), compresses extreme values and removes sensi-
tivity to global scale, ensuring that large distances or
variances do not dominate the composite reliability.
For metrics already bounded in [0,1] (e.g., sc, ρc, πc),
no additional normalization is applied.

(6) Composite reliability. The overall reliability is
then

rc = σ

(
λ1 sc +λ2 m̄c +λ5 πc −λ3 ρc −λ4 v̄c

)
,

where λi are non-negative weights (default = 1).
Bounded metrics (sc, ρc, πc) are used directly, while
unbounded metrics (mc, vc) are robustly normalized
as in Eq. 3. This aggregation balances compactness,
separation, stability, and purity on a comparable nu-
merical scale.

VISAPP 2026 - 21st International Conference on Computer Vision Theory and Applications

654



3.4 Graph Memory Construction

Prototype relations are encoded in a weighted graph
built in the embedding space, where edges reflect both
geometric affinity and contextual reliability between
regions. Each edge weight measures the local affin-
ity between prototypes c and c′ through a Gaussian
kernel:

Acc′ =

{
exp(−β∥µc −µc′∥2

2), c′ ∈ KNNk(c),

0, otherwise.

The adjacency matrix A is symmetrized and row-
normalized to obtain a stochastic transition matrix

S = D−1A, Dcc = ∑
c′

Acc′ ,

which defines the propagation operator used during
inference.

3.5 Inference by Graph Diffusion

Given a query embedding xq, GM first computes an
initial activation over prototypes,

z0(c) = exp(−β∥xq −µc∥2
2)rc,

where µc is the prototype centroid and rc its reliabil-
ity. This z0 serves as a starting distribution, indicating
how strongly the query is associated with each proto-
type.

Instead of predicting directly from these local
affinities, GM performs evidence diffusion on the
prototype graph. The activation is propagated by a
random-walk–with-restart update,

z(t+1) = (1−α)z0 +αSz(t),

where S is the row-normalized affinity matrix and
α∈ [0,1) controls how much evidence flows through
the graph at each step. With probability α the walk
transitions according to S, and with probability 1−α

it restarts from z0. This process is guaranteed to con-
verge to a unique stationary activation vector

z = (I −αS)−1z0, (4)

which corresponds to the steady state of the classical
label-propagation formulation of Zhou et al. (Zhou
et al., 2003).

Class probabilities are obtained by aggregating
stationary activations over prototypes with the same
dominant label:

p(y | xq) ∝ ∑
c:yc=y

zc, ŷq = argmax
y

p(y | xq).

When α= 0, GM reduces to a purely local scheme
analogous to weighted kNN. As α increases, diffusion
incorporates more relational information from the
prototype graph, yielding smoother decision bound-
aries and more calibrated predictions.

3.6 Multimodal Inference with
Independent Graph Memories

Graph Memory (GM) is inherently modality-agnostic
and operates on embeddings from any fixed encoder.
In multimodal settings, where heterogeneous feature
spaces (e.g., images, genomic profiles, clinical data)
make early fusion brittle due to differences in scale,
noise, and sampling density, GM constructs indepen-
dent graph memories for each modality. Each mem-
ory performs prototype-level diffusion to produce
calibrated posteriors, which are combined through
reliability-aware late fusion, integrating complemen-
tary evidence without cross-modal alignment while
preserving modality-level interpretability.

Independent Memories. Let X = {x(1), . . . ,x(M)}
denote M aligned modalities describing the same set
of N samples, and let fm(·) be the fixed encoder
for modality m. Each encoder produces embeddings
h(m)

i = fm(x
(m)
i ) ∈ Rdm . For every modality, we con-

struct an independent graph memory

GMm = (Pm,Sm,rm),

where Pm = {µ(m)
c }Km

c=1 are prototype centroids, Sm is
the row-stochastic diffusion matrix derived from pair-
wise affinities among prototypes, and rm are reliabil-
ity weights computed as described in Sec. 3. Each
GMm operates on its own embedding space, encod-
ing how local regions relate and how reliable they are.
Inference for a query sample x(m)

q proceeds indepen-
dently within each modality:

pm(y | x(m)
q ) ∝ ∑

c:y(m)
c =y

z(m)
c , z(m) = (I −αSm)

−1z(m)
0 ,

where the initial activation vector is

z(m)
0 (c) = exp

(
−βm∥h(m)

q −µ(m)
c ∥2

2
)

r(m)
c .

Thus, each modality yields an independent,
reliability-weighted posterior pm(y) that reflects
its own geometric structure and evidence distribution.

Interpretable Consensus. Rather than enforcing
early fusion in the embedding space, GM retains sep-
arate posteriors {pm(y)}M

m=1 that can be compared or
combined at the decision level. A reliability-aware
consensus prediction is obtained as

pfused(y) =
∑m ωm r(q)m pm(y)

∑m ωm r(q)m

, (5)

where r(q)m denotes the mean reliability of prototypes
activated for query q in modality m, and ωm is an
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optional scalar modality weight controlling the rel-
ative influence of each modality. If no prior pref-
erence is given, ωm=1 for all m, yielding an un-
weighted reliability-based fusion. This late-fusion
formulation preserves interpretability by keeping per-
modality reasoning explicit, while still enabling a uni-
fied consensus prediction when desired.

Cross-Modal Agreement. Disagreement between
modalities is informative rather than undesirable. For
any pair of modalities (A,B), we define a simple con-
sistency index

AAB = 1− 1
2 ∑

y
|pA(y)− pB(y)|,

where low AAB indicates high disagreement and po-
tential uncertainty. Tracking agreement across modal-
ities exposes complementary or conflicting evidence,
enabling analyses of uncertainty, redundancy, and
complementary signal across feature spaces.

4 EXPERIMENTAL EVALUATION

The experiments evaluate Graph Memory’s (GM) ac-
curacy, calibration, smoothness, and interpretability,
as well as its robustness to compression, imbalance,
and multimodal heterogeneity. We evaluate GM on
synthetic benchmarks, breast histopathology (IDC),
and multimodal biomedical data (AURORA), focus-
ing on accuracy, calibration, smoothness, and inter-
pretability. All methods operate on the same frozen
embeddings, train/test splits, and preprocessing. Hy-
perparameters are selected on validation data. Our
experimental code is available at https://github.com/
arturandre/clip-qr-kg

Metrics. We report Top-1 accuracy, negative log-
likelihood (NLL), and the smoothness of decision
functions via Dirichlet energy. All results are re-
ported as ‘mean (std)’ over ten runs. For 2D datasets,
smoothness is estimated from the mean squared gra-
dient of the class-probability field:

E2D = E(x,y)∈G
[
∥∇p(y=1 | x)∥2

2
]
,

where lower values indicate smoother and more stable
decision transitions. For higher-dimensional embed-
dings, the same principle is measured via the graph
Dirichlet energy, a standard notion of smoothness in
signal processing on graphs (Shuman et al., 2013):

E( f ) = 1
2|E | ∑

(i, j)∈E
wi j

(
fi − f j

)2

wi j = exp(−β∥xi − x j∥2
2)

where fi = p(y=1 | xi) and E denotes k-nearest-
neighbor edges. Lower energy values correspond to
smoother, more regular decision functions across the
embedding manifold.

4.1 Baselines

We compare GM to representative parametric and
non-parametric models: Linear probe: multinomial
logistic regression, kNN: instance-level k-nearest
neighbors, Budget-kNN: kNN trained on a stratified
subset whose size matches GM’s prototype budget
(|train|=K), and Label Spreading (LS): scikit-learn
transductive label spreading on an instance graph with
n-neighbors (Pedregosa et al., 2011).

4.2 Synthetic Datasets

We use the moons and circles datasets (Pedregosa
et al., 2011) (4000 samples each, 50/50 split).
Class-imbalance experiments downsample the minor-
ity class to an 8:1 ratio. GM uses K = 120 prototypes
(balanced) or K = 112 (imbalanced) and kgraph=10,
α=0.5, β=0.1, and attach-k=8. Figure 1 shows deci-
sion regions and gradient maps.

Table 1 shows that GM matches kNN and LS in
accuracy but achieves consistently lower NLL, us-
ing only ∼ 10% of training samples. GM remains
fully inductive, unlike LS, and robust under long-tail
imbalance. Budget-kNN highlights that naive com-
pression severely hurts performance, whereas GM re-
mains stable due to structured region prototypes. Ta-
ble 2 reports smoothness: GM reduces Dirichlet en-
ergy by 30 ∼ 40% relative to kNN and by 94% rel-
ative to LS, confirming flatter, more reliable bound-
aries.

4.3 Breast Histopathology (IDC)

We evaluate Graph Memory (GM) on the Breast
Histopathology Images (Invasive Ductal Carcinoma,
IDC) dataset (binary: IDC vs. non-IDC)1 (Janowczyk
and Madabhushi, 2016; Cruz-Roa et al., 2014). A
ResNet18 encoder provides frozen 512-D embed-
dings. GM uses K=32 prototypes with the same hy-
perparameters as in Sec. 4.2. Table 3 shows that GM
attains the highest accuracy and near-parametric NLL
despite using only 32 prototypes. Table 4 shows that
GM also achieves the lowest graph Dirichlet energy,
indicating stable, smooth decision functions.

1Available at https://huggingface.co/datasets/dbzadnen/
breast-histopathology-images
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Figure 1: Dirichlet energy maps (visualized as gradient-magnitude fields, ∥∇p(y=1 | x)∥). Lower values indicate smoother
and more stable decision transitions. GM produces lower-energy, reliability-weighted boundaries and avoids the sample-
hugging artifacts observed in Label Spreading and kNN, particularly near class interfaces.

Table 1: Accuracy and calibration on synthetic binary
datasets. GM matches kNN and Label Spreading in accu-
racy while achieving better calibration and requiring only
∼10% of the samples. Unlike kNN and Label Spreading,
GM remains inductive and robust under the 8:1 long-tail
regime.

Dataset Imbal.? Method Acc ↑ NLL ↓

moons

No

GM (P=120) Ours 0.936 (0.008) 0.178 (0.010)
kNN-budget(P=120) 0.935 (0.006) 0.298 (0.077)
kNN 0.940 (0.007) 0.402 (0.062)
Label Spreading 0.936 (0.010) 0.226 (0.018)
Linear 0.857 (0.005) 0.318 (0.006)

Yes

GM (P=112) Ours 0.871 (0.018) 0.339 (0.052)
kNN-budget(P=112) 0.689 (0.033) 1.153 (0.414)
kNN 0.880 (0.012) 0.758 (0.192)
Label Spreading 0.889 (0.014) 0.526 (0.065)
Linear 0.780 (0.011) 0.531 (0.026)

circles

No

GM (P=120) Ours 0.947 (0.005) 0.178 (0.009)
kNN-budget(P=120) 0.936 (0.007) 0.353 (0.024)
kNN 0.947 (0.004) 0.331 (0.043)
Label Spreading 0.940 (0.006) 0.206 (0.028)
Linear 0.499 (0.008) 0.693 (0.000)

Yes

GM (P=112) Ours 0.859 (0.014) 0.327 (0.013)
kNN-budget(P=112) 0.857 (0.015) 0.543 (0.132)
kNN 0.892 (0.008) 0.654 (0.041)
Label Spreading 0.883 (0.007) 0.472 (0.018)
Linear 0.500 (0.000) 1.158 (0.000)

4.4 Multimodal Medical Benchmark

We evaluate Graph Memory (GM) on the AURORA
program (Garcia-Recio et al., 2023), a longitudinal,
multi-institutional cohort profiling paired primary and
metastatic breast tumors. Its RNA-seq component
(GSE209998)2 (Garcia-Recio et al., 2023; Zahraei-
fard et al., 2024; Garcia-Recio et al., 2025; Ed-
wards et al., 2025) provides patient-matched gene-
expression data with rich clinical annotation.

We embed whole-slide images with TITAN (Ding
et al., 2024). Median aggregation yields a single
patient-level descriptor. Gene-expression profiles are
filtered to remove extremely low-variance genes, ag-
gregated via median to represent one genomic vec-
tor per patient. We use ResNet18 encoders (trained
for 20 epochs on a fixed 50/50 split), replacing the

2https://www.ncbi.nlm.nih.gov/geo/query/acc.cgi?acc=
GSE209998

Table 2: Graph Dirichlet energy comparison (lower is
better). The metric quantifies the average squared gradi-
ent magnitude of the class-probability field, where smaller
values denote smoother decision transitions. Graph Mem-
ory (GM) yields substantially lower energy (30-40% be-
low kNN and over 94% below Label Spreading) indicating
smoother, more reliable boundaries while preserving accu-
racy and calibration.

Dataset Imbal.? Method E2D ↓

moons

No
GM (P=120) 0.927 (0.048)
kNN 1.410 (0.095)
Label Spreading 17.705 (1.322)

Yes
GM (P=112) 0.834 (0.054)
kNN 1.177 (0.066)
Label Spreading 14.216 (1.275)

circles

No
GM (P=120) 0.723 (0.063)
kNN 1.065 (0.088)
Label Spreading 11.457 (0.786)

Yes
GM (P=112) 0.403 (0.044)
kNN 0.663 (0.036)
Label Spreading 6.500 (0.726)

Table 3: Accuracy and calibration on the IDC dataset.
GM achieves the highest accuracy and competitive calibra-
tion using only 32 prototypes, demonstrating compact and
reliable non-parametric inference.

Method Acc ↑ NLL ↓
GM(P=32) (Ours) 0.845 (0.000) 0.420 (0.000)
kNN-budget(P=32) 0.797 (0.078) 0.607 (0.339)
kNN 0.840 (0.000) 1.039 (0.000)
Label Spreading 0.826 (0.000) 0.531 (0.000)
Linear 0.836 (0.000) 0.397 (0.000)

final layer with a 256-D projection head) to extract
same dimensionality embeddings for both modalities.
These embeddings serve as the input to the corre-
sponding Graph Memory.

Inference is performed independently on each
modality. Final predictions use the reliability-
weighted late fusion rule from Eq. 5, combining
morphological (WSI) and molecular (RNA-seq) ev-
idence without early-fusion assumptions. Table 5
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Table 4: Graph Dirichlet energy on the IDC dataset.
Lower values indicate smoother and more stable deci-
sion functions. Graph Memory (GM) achieves the lowest
energy, yielding smoother decision boundaries than kNN
and Label Spreading while maintaining negligible variance
across runs.

Method graph Dirichlet energy
GM (P=32) (Ours) 0.291 (0.000)
kNN 0.321 (0.000)
Label Spreading 0.344 (0.000)

summarizes accuracy and NLL. Both modalities per-
form well individually, fusion consistently improves
calibration and accuracy. Table 6 reports the corre-
sponding graph Dirichlet energy, showing that both
memories remain smooth and stable despite the ex-
tremely small sample size.

Table 5: AURORA multimodal results. Late fusion im-
proves accuracy and calibration by integrating complemen-
tary morphological and molecular evidence while preserv-
ing per-modality interpretability.

Method Acc ↑ NLL ↓
GM1 (WSI) 0.933 (0.034) 0.917 (0.561)
GM2 (Genetic) 0.951 (0.039) 0.236 (0.279)
GM-fused 0.971 (0.013) 0.120 (0.025)

Table 6: Graph Dirichlet energy on AURORA. Both
memories exhibit low energy and modest variance across
runs, indicating smooth and stable decision functions even
in the small-sample regime.

Method Dirichlet energy ↓
GM1 (WSI) 0.634 (0.111)
GM2 (Genetic) 0.514 (0.122)

5 DISCUSSION AND
CONCLUSIONS

Graph Memory (GM) addresses the lack of a struc-
tured, reusable representation that captures region-
level geometry, and relational context combining pro-
totype abstraction, reliability modeling, and graph-
based diffusion. GM subsumes several classical non-
parametric methods as limiting cases. When each
prototype represents a single instance and diffusion is
disabled (α=0), GM reduces to standard kNN; when
each class collapses to a single prototype with uni-
form reliability (rc ≡ 1), it recovers nearest-centroid
classification; and when diffusion is active with uni-
form reliabilities, GM yields the steady-state solution
of a label-propagation system.

Unlike these baselines, GM operates on a com-
pact set of region-level prototypes connected by a

reliability-weighted graph that encodes both local ge-
ometry (nodes) and contextual relations (edges), en-
abling calibrated, context-aware, and geometrically
smooth predictions while remaining fully inductive
and embedding-agnostic. These theoretical properties
are reflected empirically: GM consistently matches or
outperforms kNN, Budget-kNN, and Label Spreading
across synthetic benchmarks, histopathology (IDC),
and multimodal biomedical data (AURORA), while
yielding improved calibration and smoother decision
boundaries. In contrast to instance-level retrieval and
transductive graph SSL methods (Zhu et al., 2003;
Kipf and Welling, 2017), GM relies on region sum-
maries rather than full instance graphs, enabling sta-
ble inference in low-sample and high-dimensional
regimes. The number of prototypes K controls the
granularity of this representation, interpolating be-
tween instance-level retrieval for large K and coarser
region abstraction for smaller K, with stable behavior
across a broad range of values when the embedding
manifold is adequately covered.

Overall, Graph Memory offers a compact and
fully inductive alternative to instance-based retrieval
and graph SSL, delivering calibrated predictions,
smooth decision boundaries, substantial memory sav-
ings over instance-level methods, and principled mul-
timodal integration via reliability-weighted late fu-
sion, without test-time graph reconstruction.
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