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The Global Burden of Breast Cancer
2024 Global Estimates
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Radiogenomics for Breast Cancer
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What It Is

Links imaging phenotypes with

gene expression and other

molecular characteristics

Role in Breast Cancer

Noninvasive tumor characterization

Molecular subtype prediction

Toward More Personalized Care
Imaging biomarkers may inform clinical decisions
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Challenges in Clinical Model Training
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Federated and Continual Learning
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Generic Relations Miss Disease-Specific Cues
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Spatial Cues: Disease-Relevant Regions
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Fig. 1: Spatial relations in breast cancer radiogenomics
should be constructed from disease-specific regions rather than
the whole magnetic resonance imaging (MRI) image. Left:

Original breast MRI without regional annotations. Right: The
MRI with highlighted disease-specific regions.

Fig. 2: DCE-MRI enhancement pattern used for kinetics-aware
temporal relations. The upper row illustrates the sequential
imaging phases from pre-contrast to early post-contrast, peak
enhancement, and delayed washout. The lower plot shows the
corresponding signal-intensity curve.

and signal enhancement ratio (SER) [4] to model temporal
patterns in DCE-MRI. These clinical cues capture inter-client
relations that generic model update-derived graphs cannot
represent.

Our contributions are summarized as follows:
• We propose BreastG-FCL, a fine-grained spatiotemporal

graph-conditioned FCL framework tailored to breast
cancer radiogenomic modeling.

• We construct disease-aware spatial relations from regional
tumor morphology and temporal relations from DCE-MRI
enhancement kinetics.

• We conduct extensive experiments on TCGA-BRCA [15]
to evaluate BreastG-FCL against representative FCL
baselines. Results show that BreastG-FCL obtains an
improvement of 9.55 percentage points in accuracy.

II. BACKGROUND AND MOTIVATION

A. Breast Cancer Radiogenomics
Breast cancer radiogenomics links imaging phenotypes with

molecular characteristics to support the noninvasive prediction
of tumor subtypes and clinical outcomes [1]. The matched
TCGA-BRCA and TCIA [16] data reveal complementary spatial
and temporal heterogeneity. Spatially, disease-relevant infor-
mation is concentrated in the tumor core, enhancing rim,

peritumoral tissue, and BPE, whose morphology reflects tumor
and microenvironmental characteristics [13]. Temporally, DCE-
MRI captures contrast-enhancement trajectories characterized
by wash-in, wash-out, TTP, and SER [4]. Together with gene-
expression and clinical data, these observations motivate joint
modeling of regional morphology and enhancement kinetics
to capture clinically meaningful inter-patient heterogeneity.

B. Federated Continual Learning

In FCL, each of N clients Ci, i → [N ], learns a sequence
of K tasks {T k

i }k→[K]. Task T k
i provides a labeled dataset

Dk
i = {(xk
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i,j)}

nk
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where nk
i denotes the sample size of task T k

i . When client Ci

trains on the current task T k
i , privacy and storage constraints

prevent it from retaining or revisiting raw data from previous
tasks {T t

i }t<k, i.e., {Dt
i}t<k. Thus, client Ci must preserve

prior-task knowledge through its model state and permitted re-
play or summary signals rather than raw historical samples. The
training process aims to maximize downstream performance,
e.g., classification accuracy, across all clients and tasks.

Existing FCL methods broadly include regularization-based
approaches [9], task-based transfer [3], replay-based meth-
ods [10], and others [11]. Among all these categories, replay-
based methods are more competitive due to the use of generative
models, e.g., generative adversarial network (GAN), to replay
synthetic historical data to improve training [8]. However,
most replay-based FCL methods condition generation on
labels while overlooking auxiliary information available in
FCL scenarios that could benefit replay, e.g., spatial and
temporal relations among clients across tasks, thereby leading
to suboptimal performance [17]. Therefore, the prior study [12]
utilizes relational graphs to capture the spatial and temporal
relations among clients’ data distributions in FCL scenarios,
and conditions generation on relational graphs, achieving SOTA
performance.

C. Generic vs. Disease-Specific Spatial and Temporal Relations

Although Yu et al. [12] use relational graphs to capture spa-
tial and temporal relations among clients’ data distributions in
FCL scenarios, this generic graph construction misses disease-
specific structure in breast cancer radiogenomic modeling.
As shown in Figure 1, the inputs for spatial relations in
generic graph construction are whole-MRI images, whereas
in breast cancer radiogenomics, e.g., TCGA-BRCA, clinically
meaningful spatial relations instead originate from localized,
disease-relevant regions, including tumor core, enhancing rim,
peritumoral tissue, and BPE.

Similarly, generic temporal attention constructs temporal
relations by concatenating or tracking spatial attention patterns
over time [12]. However, as shown in Figure 2, in the TCIA
imaging subset matched to TCGA-BRCA, DCE-MRI provides
disease-specific temporal cues through contrast-enhancement ki-
netics, capturing breast cancer enhancement dynamics through
wash-in, wash-out, TTP, and SER. Similar conclusions have

1  Standardize MRI 2  Segment Regions 3  Extract
Features
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BPE: background parenchymal enhancement.
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Fig. 1: Spatial relations in breast cancer radiogenomics
should be constructed from disease-specific regions rather than
the whole magnetic resonance imaging (MRI) image. Left:

Original breast MRI without regional annotations. Right: The
MRI with highlighted disease-specific regions.

Fig. 2: DCE-MRI enhancement pattern used for kinetics-aware
temporal relations. The upper row illustrates the sequential
imaging phases from pre-contrast to early post-contrast, peak
enhancement, and delayed washout. The lower plot shows the
corresponding signal-intensity curve.

and signal enhancement ratio (SER) [4] to model temporal
patterns in DCE-MRI. These clinical cues capture inter-client
relations that generic model update-derived graphs cannot
represent.

Our contributions are summarized as follows:
• We propose BreastG-FCL, a fine-grained spatiotemporal

graph-conditioned FCL framework tailored to breast
cancer radiogenomic modeling.

• We construct disease-aware spatial relations from regional
tumor morphology and temporal relations from DCE-MRI
enhancement kinetics.

• We conduct extensive experiments on TCGA-BRCA [15]
to evaluate BreastG-FCL against representative FCL
baselines. Results show that BreastG-FCL obtains an
improvement of 9.55 percentage points in accuracy.

II. BACKGROUND AND MOTIVATION

A. Breast Cancer Radiogenomics
Breast cancer radiogenomics links imaging phenotypes with

molecular characteristics to support the noninvasive prediction
of tumor subtypes and clinical outcomes [1]. The matched
TCGA-BRCA and TCIA [16] data reveal complementary spatial
and temporal heterogeneity. Spatially, disease-relevant infor-
mation is concentrated in the tumor core, enhancing rim,

peritumoral tissue, and BPE, whose morphology reflects tumor
and microenvironmental characteristics [13]. Temporally, DCE-
MRI captures contrast-enhancement trajectories characterized
by wash-in, wash-out, TTP, and SER [4]. Together with gene-
expression and clinical data, these observations motivate joint
modeling of regional morphology and enhancement kinetics
to capture clinically meaningful inter-patient heterogeneity.

B. Federated Continual Learning

In FCL, each of N clients Ci, i → [N ], learns a sequence
of K tasks {T k

i }k→[K]. Task T k
i provides a labeled dataset

Dk
i = {(xk
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i ,

where nk
i denotes the sample size of task T k

i . When client Ci

trains on the current task T k
i , privacy and storage constraints

prevent it from retaining or revisiting raw data from previous
tasks {T t

i }t<k, i.e., {Dt
i}t<k. Thus, client Ci must preserve

prior-task knowledge through its model state and permitted re-
play or summary signals rather than raw historical samples. The
training process aims to maximize downstream performance,
e.g., classification accuracy, across all clients and tasks.

Existing FCL methods broadly include regularization-based
approaches [9], task-based transfer [3], replay-based meth-
ods [10], and others [11]. Among all these categories, replay-
based methods are more competitive due to the use of generative
models, e.g., generative adversarial network (GAN), to replay
synthetic historical data to improve training [8]. However,
most replay-based FCL methods condition generation on
labels while overlooking auxiliary information available in
FCL scenarios that could benefit replay, e.g., spatial and
temporal relations among clients across tasks, thereby leading
to suboptimal performance [17]. Therefore, the prior study [12]
utilizes relational graphs to capture the spatial and temporal
relations among clients’ data distributions in FCL scenarios,
and conditions generation on relational graphs, achieving SOTA
performance.

C. Generic vs. Disease-Specific Spatial and Temporal Relations

Although Yu et al. [12] use relational graphs to capture spa-
tial and temporal relations among clients’ data distributions in
FCL scenarios, this generic graph construction misses disease-
specific structure in breast cancer radiogenomic modeling.
As shown in Figure 1, the inputs for spatial relations in
generic graph construction are whole-MRI images, whereas
in breast cancer radiogenomics, e.g., TCGA-BRCA, clinically
meaningful spatial relations instead originate from localized,
disease-relevant regions, including tumor core, enhancing rim,
peritumoral tissue, and BPE.

Similarly, generic temporal attention constructs temporal
relations by concatenating or tracking spatial attention patterns
over time [12]. However, as shown in Figure 2, in the TCIA
imaging subset matched to TCGA-BRCA, DCE-MRI provides
disease-specific temporal cues through contrast-enhancement ki-
netics, capturing breast cancer enhancement dynamics through
wash-in, wash-out, TTP, and SER. Similar conclusions have
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Fig. 1: Spatial relations in breast cancer radiogenomics
should be constructed from disease-specific regions rather than
the whole magnetic resonance imaging (MRI) image. Left:

Original breast MRI without regional annotations. Right: The
MRI with highlighted disease-specific regions.

Fig. 2: DCE-MRI enhancement pattern used for kinetics-aware
temporal relations. The upper row illustrates the sequential
imaging phases from pre-contrast to early post-contrast, peak
enhancement, and delayed washout. The lower plot shows the
corresponding signal-intensity curve.

and signal enhancement ratio (SER) [4] to model temporal
patterns in DCE-MRI. These clinical cues capture inter-client
relations that generic model update-derived graphs cannot
represent.

Our contributions are summarized as follows:
• We propose BreastG-FCL, a fine-grained spatiotemporal

graph-conditioned FCL framework tailored to breast
cancer radiogenomic modeling.

• We construct disease-aware spatial relations from regional
tumor morphology and temporal relations from DCE-MRI
enhancement kinetics.

• We conduct extensive experiments on TCGA-BRCA [15]
to evaluate BreastG-FCL against representative FCL
baselines. Results show that BreastG-FCL obtains an
improvement of 9.55 percentage points in accuracy.

II. BACKGROUND AND MOTIVATION

A. Breast Cancer Radiogenomics
Breast cancer radiogenomics links imaging phenotypes with

molecular characteristics to support the noninvasive prediction
of tumor subtypes and clinical outcomes [1]. The matched
TCGA-BRCA and TCIA [16] data reveal complementary spatial
and temporal heterogeneity. Spatially, disease-relevant infor-
mation is concentrated in the tumor core, enhancing rim,

peritumoral tissue, and BPE, whose morphology reflects tumor
and microenvironmental characteristics [13]. Temporally, DCE-
MRI captures contrast-enhancement trajectories characterized
by wash-in, wash-out, TTP, and SER [4]. Together with gene-
expression and clinical data, these observations motivate joint
modeling of regional morphology and enhancement kinetics
to capture clinically meaningful inter-patient heterogeneity.

B. Federated Continual Learning

In FCL, each of N clients Ci, i → [N ], learns a sequence
of K tasks {T k

i }k→[K]. Task T k
i provides a labeled dataset
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trains on the current task T k
i , privacy and storage constraints

prevent it from retaining or revisiting raw data from previous
tasks {T t

i }t<k, i.e., {Dt
i}t<k. Thus, client Ci must preserve

prior-task knowledge through its model state and permitted re-
play or summary signals rather than raw historical samples. The
training process aims to maximize downstream performance,
e.g., classification accuracy, across all clients and tasks.

Existing FCL methods broadly include regularization-based
approaches [9], task-based transfer [3], replay-based meth-
ods [10], and others [11]. Among all these categories, replay-
based methods are more competitive due to the use of generative
models, e.g., generative adversarial network (GAN), to replay
synthetic historical data to improve training [8]. However,
most replay-based FCL methods condition generation on
labels while overlooking auxiliary information available in
FCL scenarios that could benefit replay, e.g., spatial and
temporal relations among clients across tasks, thereby leading
to suboptimal performance [17]. Therefore, the prior study [12]
utilizes relational graphs to capture the spatial and temporal
relations among clients’ data distributions in FCL scenarios,
and conditions generation on relational graphs, achieving SOTA
performance.

C. Generic vs. Disease-Specific Spatial and Temporal Relations

Although Yu et al. [12] use relational graphs to capture spa-
tial and temporal relations among clients’ data distributions in
FCL scenarios, this generic graph construction misses disease-
specific structure in breast cancer radiogenomic modeling.
As shown in Figure 1, the inputs for spatial relations in
generic graph construction are whole-MRI images, whereas
in breast cancer radiogenomics, e.g., TCGA-BRCA, clinically
meaningful spatial relations instead originate from localized,
disease-relevant regions, including tumor core, enhancing rim,
peritumoral tissue, and BPE.

Similarly, generic temporal attention constructs temporal
relations by concatenating or tracking spatial attention patterns
over time [12]. However, as shown in Figure 2, in the TCIA
imaging subset matched to TCGA-BRCA, DCE-MRI provides
disease-specific temporal cues through contrast-enhancement ki-
netics, capturing breast cancer enhancement dynamics through
wash-in, wash-out, TTP, and SER. Similar conclusions have
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should be constructed from disease-specific regions rather than
the whole magnetic resonance imaging (MRI) image. Left:

Original breast MRI without regional annotations. Right: The
MRI with highlighted disease-specific regions.

Fig. 2: DCE-MRI enhancement pattern used for kinetics-aware
temporal relations. The upper row illustrates the sequential
imaging phases from pre-contrast to early post-contrast, peak
enhancement, and delayed washout. The lower plot shows the
corresponding signal-intensity curve.

and signal enhancement ratio (SER) [4] to model temporal
patterns in DCE-MRI. These clinical cues capture inter-client
relations that generic model update-derived graphs cannot
represent.

Our contributions are summarized as follows:
• We propose BreastG-FCL, a fine-grained spatiotemporal

graph-conditioned FCL framework tailored to breast
cancer radiogenomic modeling.

• We construct disease-aware spatial relations from regional
tumor morphology and temporal relations from DCE-MRI
enhancement kinetics.

• We conduct extensive experiments on TCGA-BRCA [15]
to evaluate BreastG-FCL against representative FCL
baselines. Results show that BreastG-FCL obtains an
improvement of 9.55 percentage points in accuracy.

II. BACKGROUND AND MOTIVATION

A. Breast Cancer Radiogenomics
Breast cancer radiogenomics links imaging phenotypes with

molecular characteristics to support the noninvasive prediction
of tumor subtypes and clinical outcomes [1]. The matched
TCGA-BRCA and TCIA [16] data reveal complementary spatial
and temporal heterogeneity. Spatially, disease-relevant infor-
mation is concentrated in the tumor core, enhancing rim,

peritumoral tissue, and BPE, whose morphology reflects tumor
and microenvironmental characteristics [13]. Temporally, DCE-
MRI captures contrast-enhancement trajectories characterized
by wash-in, wash-out, TTP, and SER [4]. Together with gene-
expression and clinical data, these observations motivate joint
modeling of regional morphology and enhancement kinetics
to capture clinically meaningful inter-patient heterogeneity.

B. Federated Continual Learning

In FCL, each of N clients Ci, i → [N ], learns a sequence
of K tasks {T k

i }k→[K]. Task T k
i provides a labeled dataset

Dk
i = {(xk

i,j , y
k
i,j)}

nk
i

j=1, (xk
i,j , y

k
i,j) ↑ T k

i ,

where nk
i denotes the sample size of task T k

i . When client Ci

trains on the current task T k
i , privacy and storage constraints

prevent it from retaining or revisiting raw data from previous
tasks {T t

i }t<k, i.e., {Dt
i}t<k. Thus, client Ci must preserve

prior-task knowledge through its model state and permitted re-
play or summary signals rather than raw historical samples. The
training process aims to maximize downstream performance,
e.g., classification accuracy, across all clients and tasks.

Existing FCL methods broadly include regularization-based
approaches [9], task-based transfer [3], replay-based meth-
ods [10], and others [11]. Among all these categories, replay-
based methods are more competitive due to the use of generative
models, e.g., generative adversarial network (GAN), to replay
synthetic historical data to improve training [8]. However,
most replay-based FCL methods condition generation on
labels while overlooking auxiliary information available in
FCL scenarios that could benefit replay, e.g., spatial and
temporal relations among clients across tasks, thereby leading
to suboptimal performance [17]. Therefore, the prior study [12]
utilizes relational graphs to capture the spatial and temporal
relations among clients’ data distributions in FCL scenarios,
and conditions generation on relational graphs, achieving SOTA
performance.

C. Generic vs. Disease-Specific Spatial and Temporal Relations

Although Yu et al. [12] use relational graphs to capture spa-
tial and temporal relations among clients’ data distributions in
FCL scenarios, this generic graph construction misses disease-
specific structure in breast cancer radiogenomic modeling.
As shown in Figure 1, the inputs for spatial relations in
generic graph construction are whole-MRI images, whereas
in breast cancer radiogenomics, e.g., TCGA-BRCA, clinically
meaningful spatial relations instead originate from localized,
disease-relevant regions, including tumor core, enhancing rim,
peritumoral tissue, and BPE.

Similarly, generic temporal attention constructs temporal
relations by concatenating or tracking spatial attention patterns
over time [12]. However, as shown in Figure 2, in the TCIA
imaging subset matched to TCGA-BRCA, DCE-MRI provides
disease-specific temporal cues through contrast-enhancement ki-
netics, capturing breast cancer enhancement dynamics through
wash-in, wash-out, TTP, and SER. Similar conclusions have
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Temporal Cues: DCE-MRI Enhancement Kinetics
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Fig. 1: Spatial relations in breast cancer radiogenomics
should be constructed from disease-specific regions rather than
the whole magnetic resonance imaging (MRI) image. Left:

Original breast MRI without regional annotations. Right: The
MRI with highlighted disease-specific regions.

Fig. 2: DCE-MRI enhancement pattern used for kinetics-aware
temporal relations. The upper row illustrates the sequential
imaging phases from pre-contrast to early post-contrast, peak
enhancement, and delayed washout. The lower plot shows the
corresponding signal-intensity curve.

and signal enhancement ratio (SER) [4] to model temporal
patterns in DCE-MRI. These clinical cues capture inter-client
relations that generic model update-derived graphs cannot
represent.

Our contributions are summarized as follows:
• We propose BreastG-FCL, a fine-grained spatiotemporal

graph-conditioned FCL framework tailored to breast
cancer radiogenomic modeling.

• We construct disease-aware spatial relations from regional
tumor morphology and temporal relations from DCE-MRI
enhancement kinetics.

• We conduct extensive experiments on TCGA-BRCA [15]
to evaluate BreastG-FCL against representative FCL
baselines. Results show that BreastG-FCL obtains an
improvement of 9.55 percentage points in accuracy.

II. BACKGROUND AND MOTIVATION

A. Breast Cancer Radiogenomics
Breast cancer radiogenomics links imaging phenotypes with

molecular characteristics to support the noninvasive prediction
of tumor subtypes and clinical outcomes [1]. The matched
TCGA-BRCA and TCIA [16] data reveal complementary spatial
and temporal heterogeneity. Spatially, disease-relevant infor-
mation is concentrated in the tumor core, enhancing rim,

peritumoral tissue, and BPE, whose morphology reflects tumor
and microenvironmental characteristics [13]. Temporally, DCE-
MRI captures contrast-enhancement trajectories characterized
by wash-in, wash-out, TTP, and SER [4]. Together with gene-
expression and clinical data, these observations motivate joint
modeling of regional morphology and enhancement kinetics
to capture clinically meaningful inter-patient heterogeneity.

B. Federated Continual Learning

In FCL, each of N clients Ci, i → [N ], learns a sequence
of K tasks {T k

i }k→[K]. Task T k
i provides a labeled dataset

Dk
i = {(xk

i,j , y
k
i,j)}

nk
i

j=1, (xk
i,j , y

k
i,j) ↑ T k

i ,

where nk
i denotes the sample size of task T k

i . When client Ci

trains on the current task T k
i , privacy and storage constraints

prevent it from retaining or revisiting raw data from previous
tasks {T t

i }t<k, i.e., {Dt
i}t<k. Thus, client Ci must preserve

prior-task knowledge through its model state and permitted re-
play or summary signals rather than raw historical samples. The
training process aims to maximize downstream performance,
e.g., classification accuracy, across all clients and tasks.

Existing FCL methods broadly include regularization-based
approaches [9], task-based transfer [3], replay-based meth-
ods [10], and others [11]. Among all these categories, replay-
based methods are more competitive due to the use of generative
models, e.g., generative adversarial network (GAN), to replay
synthetic historical data to improve training [8]. However,
most replay-based FCL methods condition generation on
labels while overlooking auxiliary information available in
FCL scenarios that could benefit replay, e.g., spatial and
temporal relations among clients across tasks, thereby leading
to suboptimal performance [17]. Therefore, the prior study [12]
utilizes relational graphs to capture the spatial and temporal
relations among clients’ data distributions in FCL scenarios,
and conditions generation on relational graphs, achieving SOTA
performance.

C. Generic vs. Disease-Specific Spatial and Temporal Relations

Although Yu et al. [12] use relational graphs to capture spa-
tial and temporal relations among clients’ data distributions in
FCL scenarios, this generic graph construction misses disease-
specific structure in breast cancer radiogenomic modeling.
As shown in Figure 1, the inputs for spatial relations in
generic graph construction are whole-MRI images, whereas
in breast cancer radiogenomics, e.g., TCGA-BRCA, clinically
meaningful spatial relations instead originate from localized,
disease-relevant regions, including tumor core, enhancing rim,
peritumoral tissue, and BPE.

Similarly, generic temporal attention constructs temporal
relations by concatenating or tracking spatial attention patterns
over time [12]. However, as shown in Figure 2, in the TCIA
imaging subset matched to TCGA-BRCA, DCE-MRI provides
disease-specific temporal cues through contrast-enhancement ki-
netics, capturing breast cancer enhancement dynamics through
wash-in, wash-out, TTP, and SER. Similar conclusions have
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Fig. 1: Spatial relations in breast cancer radiogenomics
should be constructed from disease-specific regions rather than
the whole magnetic resonance imaging (MRI) image. Left:

Original breast MRI without regional annotations. Right: The
MRI with highlighted disease-specific regions.

Fig. 2: DCE-MRI enhancement pattern used for kinetics-aware
temporal relations. The upper row illustrates the sequential
imaging phases from pre-contrast to early post-contrast, peak
enhancement, and delayed washout. The lower plot shows the
corresponding signal-intensity curve.

and signal enhancement ratio (SER) [4] to model temporal
patterns in DCE-MRI. These clinical cues capture inter-client
relations that generic model update-derived graphs cannot
represent.

Our contributions are summarized as follows:
• We propose BreastG-FCL, a fine-grained spatiotemporal

graph-conditioned FCL framework tailored to breast
cancer radiogenomic modeling.

• We construct disease-aware spatial relations from regional
tumor morphology and temporal relations from DCE-MRI
enhancement kinetics.

• We conduct extensive experiments on TCGA-BRCA [15]
to evaluate BreastG-FCL against representative FCL
baselines. Results show that BreastG-FCL obtains an
improvement of 9.55 percentage points in accuracy.

II. BACKGROUND AND MOTIVATION

A. Breast Cancer Radiogenomics
Breast cancer radiogenomics links imaging phenotypes with

molecular characteristics to support the noninvasive prediction
of tumor subtypes and clinical outcomes [1]. The matched
TCGA-BRCA and TCIA [16] data reveal complementary spatial
and temporal heterogeneity. Spatially, disease-relevant infor-
mation is concentrated in the tumor core, enhancing rim,

peritumoral tissue, and BPE, whose morphology reflects tumor
and microenvironmental characteristics [13]. Temporally, DCE-
MRI captures contrast-enhancement trajectories characterized
by wash-in, wash-out, TTP, and SER [4]. Together with gene-
expression and clinical data, these observations motivate joint
modeling of regional morphology and enhancement kinetics
to capture clinically meaningful inter-patient heterogeneity.

B. Federated Continual Learning

In FCL, each of N clients Ci, i → [N ], learns a sequence
of K tasks {T k

i }k→[K]. Task T k
i provides a labeled dataset

Dk
i = {(xk

i,j , y
k
i,j)}

nk
i

j=1, (xk
i,j , y

k
i,j) ↑ T k

i ,

where nk
i denotes the sample size of task T k

i . When client Ci

trains on the current task T k
i , privacy and storage constraints

prevent it from retaining or revisiting raw data from previous
tasks {T t

i }t<k, i.e., {Dt
i}t<k. Thus, client Ci must preserve

prior-task knowledge through its model state and permitted re-
play or summary signals rather than raw historical samples. The
training process aims to maximize downstream performance,
e.g., classification accuracy, across all clients and tasks.

Existing FCL methods broadly include regularization-based
approaches [9], task-based transfer [3], replay-based meth-
ods [10], and others [11]. Among all these categories, replay-
based methods are more competitive due to the use of generative
models, e.g., generative adversarial network (GAN), to replay
synthetic historical data to improve training [8]. However,
most replay-based FCL methods condition generation on
labels while overlooking auxiliary information available in
FCL scenarios that could benefit replay, e.g., spatial and
temporal relations among clients across tasks, thereby leading
to suboptimal performance [17]. Therefore, the prior study [12]
utilizes relational graphs to capture the spatial and temporal
relations among clients’ data distributions in FCL scenarios,
and conditions generation on relational graphs, achieving SOTA
performance.

C. Generic vs. Disease-Specific Spatial and Temporal Relations

Although Yu et al. [12] use relational graphs to capture spa-
tial and temporal relations among clients’ data distributions in
FCL scenarios, this generic graph construction misses disease-
specific structure in breast cancer radiogenomic modeling.
As shown in Figure 1, the inputs for spatial relations in
generic graph construction are whole-MRI images, whereas
in breast cancer radiogenomics, e.g., TCGA-BRCA, clinically
meaningful spatial relations instead originate from localized,
disease-relevant regions, including tumor core, enhancing rim,
peritumoral tissue, and BPE.

Similarly, generic temporal attention constructs temporal
relations by concatenating or tracking spatial attention patterns
over time [12]. However, as shown in Figure 2, in the TCIA
imaging subset matched to TCGA-BRCA, DCE-MRI provides
disease-specific temporal cues through contrast-enhancement ki-
netics, capturing breast cancer enhancement dynamics through
wash-in, wash-out, TTP, and SER. Similar conclusions have
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patterns in DCE-MRI. These clinical cues capture inter-client
relations that generic model update-derived graphs cannot
represent.

Our contributions are summarized as follows:
• We propose BreastG-FCL, a fine-grained spatiotemporal

graph-conditioned FCL framework tailored to breast
cancer radiogenomic modeling.

• We construct disease-aware spatial relations from regional
tumor morphology and temporal relations from DCE-MRI
enhancement kinetics.

• We conduct extensive experiments on TCGA-BRCA [15]
to evaluate BreastG-FCL against representative FCL
baselines. Results show that BreastG-FCL obtains an
improvement of 9.55 percentage points in accuracy.

II. BACKGROUND AND MOTIVATION
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Breast cancer radiogenomics links imaging phenotypes with

molecular characteristics to support the noninvasive prediction
of tumor subtypes and clinical outcomes [1]. The matched
TCGA-BRCA and TCIA [16] data reveal complementary spatial
and temporal heterogeneity. Spatially, disease-relevant infor-
mation is concentrated in the tumor core, enhancing rim,

peritumoral tissue, and BPE, whose morphology reflects tumor
and microenvironmental characteristics [13]. Temporally, DCE-
MRI captures contrast-enhancement trajectories characterized
by wash-in, wash-out, TTP, and SER [4]. Together with gene-
expression and clinical data, these observations motivate joint
modeling of regional morphology and enhancement kinetics
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B. Federated Continual Learning

In FCL, each of N clients Ci, i → [N ], learns a sequence
of K tasks {T k

i }k→[K]. Task T k
i provides a labeled dataset

Dk
i = {(xk

i,j , y
k
i,j)}

nk
i

j=1, (xk
i,j , y

k
i,j) ↑ T k

i ,

where nk
i denotes the sample size of task T k

i . When client Ci

trains on the current task T k
i , privacy and storage constraints

prevent it from retaining or revisiting raw data from previous
tasks {T t

i }t<k, i.e., {Dt
i}t<k. Thus, client Ci must preserve

prior-task knowledge through its model state and permitted re-
play or summary signals rather than raw historical samples. The
training process aims to maximize downstream performance,
e.g., classification accuracy, across all clients and tasks.

Existing FCL methods broadly include regularization-based
approaches [9], task-based transfer [3], replay-based meth-
ods [10], and others [11]. Among all these categories, replay-
based methods are more competitive due to the use of generative
models, e.g., generative adversarial network (GAN), to replay
synthetic historical data to improve training [8]. However,
most replay-based FCL methods condition generation on
labels while overlooking auxiliary information available in
FCL scenarios that could benefit replay, e.g., spatial and
temporal relations among clients across tasks, thereby leading
to suboptimal performance [17]. Therefore, the prior study [12]
utilizes relational graphs to capture the spatial and temporal
relations among clients’ data distributions in FCL scenarios,
and conditions generation on relational graphs, achieving SOTA
performance.

C. Generic vs. Disease-Specific Spatial and Temporal Relations

Although Yu et al. [12] use relational graphs to capture spa-
tial and temporal relations among clients’ data distributions in
FCL scenarios, this generic graph construction misses disease-
specific structure in breast cancer radiogenomic modeling.
As shown in Figure 1, the inputs for spatial relations in
generic graph construction are whole-MRI images, whereas
in breast cancer radiogenomics, e.g., TCGA-BRCA, clinically
meaningful spatial relations instead originate from localized,
disease-relevant regions, including tumor core, enhancing rim,
peritumoral tissue, and BPE.

Similarly, generic temporal attention constructs temporal
relations by concatenating or tracking spatial attention patterns
over time [12]. However, as shown in Figure 2, in the TCIA
imaging subset matched to TCGA-BRCA, DCE-MRI provides
disease-specific temporal cues through contrast-enhancement ki-
netics, capturing breast cancer enhancement dynamics through
wash-in, wash-out, TTP, and SER. Similar conclusions have

1  DCE Sequence 2  Normalize

3  Extract
Kinetics

4  Aggregate

Wash-in
Wash-out
Time-to-peak
SER

Kinetic
summary

Within current
client and task

DCE phases occur within one scan. Summaries are tracked across learning tasks.

Enhancement

Fig. 1: Spatial relations in breast cancer radiogenomics
should be constructed from disease-specific regions rather than
the whole magnetic resonance imaging (MRI) image. Left:

Original breast MRI without regional annotations. Right: The
MRI with highlighted disease-specific regions.

Fig. 2: DCE-MRI enhancement pattern used for kinetics-aware
temporal relations. The upper row illustrates the sequential
imaging phases from pre-contrast to early post-contrast, peak
enhancement, and delayed washout. The lower plot shows the
corresponding signal-intensity curve.

and signal enhancement ratio (SER) [4] to model temporal
patterns in DCE-MRI. These clinical cues capture inter-client
relations that generic model update-derived graphs cannot
represent.

Our contributions are summarized as follows:
• We propose BreastG-FCL, a fine-grained spatiotemporal

graph-conditioned FCL framework tailored to breast
cancer radiogenomic modeling.

• We construct disease-aware spatial relations from regional
tumor morphology and temporal relations from DCE-MRI
enhancement kinetics.

• We conduct extensive experiments on TCGA-BRCA [15]
to evaluate BreastG-FCL against representative FCL
baselines. Results show that BreastG-FCL obtains an
improvement of 9.55 percentage points in accuracy.

II. BACKGROUND AND MOTIVATION

A. Breast Cancer Radiogenomics
Breast cancer radiogenomics links imaging phenotypes with

molecular characteristics to support the noninvasive prediction
of tumor subtypes and clinical outcomes [1]. The matched
TCGA-BRCA and TCIA [16] data reveal complementary spatial
and temporal heterogeneity. Spatially, disease-relevant infor-
mation is concentrated in the tumor core, enhancing rim,

peritumoral tissue, and BPE, whose morphology reflects tumor
and microenvironmental characteristics [13]. Temporally, DCE-
MRI captures contrast-enhancement trajectories characterized
by wash-in, wash-out, TTP, and SER [4]. Together with gene-
expression and clinical data, these observations motivate joint
modeling of regional morphology and enhancement kinetics
to capture clinically meaningful inter-patient heterogeneity.

B. Federated Continual Learning

In FCL, each of N clients Ci, i → [N ], learns a sequence
of K tasks {T k

i }k→[K]. Task T k
i provides a labeled dataset

Dk
i = {(xk

i,j , y
k
i,j)}

nk
i

j=1, (xk
i,j , y

k
i,j) ↑ T k

i ,

where nk
i denotes the sample size of task T k

i . When client Ci

trains on the current task T k
i , privacy and storage constraints

prevent it from retaining or revisiting raw data from previous
tasks {T t

i }t<k, i.e., {Dt
i}t<k. Thus, client Ci must preserve

prior-task knowledge through its model state and permitted re-
play or summary signals rather than raw historical samples. The
training process aims to maximize downstream performance,
e.g., classification accuracy, across all clients and tasks.

Existing FCL methods broadly include regularization-based
approaches [9], task-based transfer [3], replay-based meth-
ods [10], and others [11]. Among all these categories, replay-
based methods are more competitive due to the use of generative
models, e.g., generative adversarial network (GAN), to replay
synthetic historical data to improve training [8]. However,
most replay-based FCL methods condition generation on
labels while overlooking auxiliary information available in
FCL scenarios that could benefit replay, e.g., spatial and
temporal relations among clients across tasks, thereby leading
to suboptimal performance [17]. Therefore, the prior study [12]
utilizes relational graphs to capture the spatial and temporal
relations among clients’ data distributions in FCL scenarios,
and conditions generation on relational graphs, achieving SOTA
performance.

C. Generic vs. Disease-Specific Spatial and Temporal Relations

Although Yu et al. [12] use relational graphs to capture spa-
tial and temporal relations among clients’ data distributions in
FCL scenarios, this generic graph construction misses disease-
specific structure in breast cancer radiogenomic modeling.
As shown in Figure 1, the inputs for spatial relations in
generic graph construction are whole-MRI images, whereas
in breast cancer radiogenomics, e.g., TCGA-BRCA, clinically
meaningful spatial relations instead originate from localized,
disease-relevant regions, including tumor core, enhancing rim,
peritumoral tissue, and BPE.

Similarly, generic temporal attention constructs temporal
relations by concatenating or tracking spatial attention patterns
over time [12]. However, as shown in Figure 2, in the TCIA
imaging subset matched to TCGA-BRCA, DCE-MRI provides
disease-specific temporal cues through contrast-enhancement ki-
netics, capturing breast cancer enhancement dynamics through
wash-in, wash-out, TTP, and SER. Similar conclusions have

1  DCE Sequence 2  Normalize

3  Extract
Kinetics

4  Aggregate

Wash-in
Wash-out
Time-to-peak
SER

Kinetic
summary

Within current
client and task

DCE phases occur within one scan. Summaries are tracked across learning tasks.

Enhancement

Time

Si
gn

al
 In

te
ns

ity

Pre-Contrast Early Post-Contrast

Wash-In

Peak

TTP

Delayed Phase

Wash-Out



BreastG-FCL Overview

9
[5] Q. Yu et al., “BreastG-FCL: Graph-Conditioned Federated Continual Learning for Breast Cancer Radiogenomics,” IEEE HealthCom, 2026.

1  Construct disease-aware client relations
Morphology and kinetic summaries define a graph.

ServerClients Time

<latexit sha1_base64="T4NFfsxGepq9umRnLLukfajZoxw=">AAAB/HicbVBNS8NAEJ34WetXtEcvwSJ4KolI7bHgxZNUsB/QxLDZbtqlm03Y3QghxL/ixYMiXv0h3vw3btsctPXBwOO9GWbmBQmjUtn2t7G2vrG5tV3Zqe7u7R8cmkfHPRmnApMujlksBgGShFFOuooqRgaJICgKGOkH0+uZ338kQtKY36ssIV6ExpyGFCOlJd+sufn4YepTt/Bz6lI+vPUK36zbDXsOa5U4JalDiY5vfrmjGKcR4QozJOXQsRPl5Ugoihkpqm4qSYLwFI3JUFOOIiK9fH58YZ1pZWSFsdDFlTVXf0/kKJIyiwLdGSE1kcveTPzPG6YqbHk55UmqCMeLRWHKLBVbsySsERUEK5ZpgrCg+lYLT5BAWOm8qjoEZ/nlVdK7aDjNRvPust5ulXFU4ARO4RwcuII23EAHuoAhg2d4hTfjyXgx3o2PReuaUc7U4A+Mzx8YQpUL</latexit>

{gk
i }i→[N ]

<latexit sha1_base64="cgtfoWHa/q92bnvvx8HRfNTE1v0=">AAAB63icbVBNS8NAEJ3Ur1q/qh69LBbBU0lE2h4LXjxWsB/QhrLZbpqlu5uwuxFK6F/w4kERr/4hb/4bN20O2vpg4PHeDDPzgoQzbVz32yltbe/s7pX3KweHR8cn1dOzno5TRWiXxDxWgwBrypmkXcMMp4NEUSwCTvvB7C73+09UaRbLRzNPqC/wVLKQEWxyadSJ2Lhac+vuEmiTeAWpQYHOuPo1msQkFVQawrHWQ89NjJ9hZRjhdFEZpZommMzwlA4tlVhQ7WfLWxfoyioTFMbKljRoqf6eyLDQei4C2ymwifS6l4v/ecPUhC0/YzJJDZVktShMOTIxyh9HE6YoMXxuCSaK2VsRibDCxNh4KjYEb/3lTdK7qXuNeuPhttZuFXGU4QIu4Ro8aEIb7qEDXSAQwTO8wpsjnBfn3flYtZacYuYc/sD5/AHjSY4g</latexit>

!

<latexit sha1_base64="HpSOoyR6ULoyTdyHw1MqFflKzUQ=">AAAB7HicbVBNS8NAEJ3Ur1q/qh69LBbBU0lEao8FLx4rmLbQxrLZTtqlm03Y3Qil9Dd48aCIV3+QN/+N2zYHbX0w8Hhvhpl5YSq4Nq777RQ2Nre2d4q7pb39g8Oj8vFJSyeZYuizRCSqE1KNgkv0DTcCO6lCGocC2+H4du63n1BpnsgHM0kxiOlQ8ogzaqzkD/v8cdwvV9yquwBZJ15OKpCj2S9/9QYJy2KUhgmqdddzUxNMqTKcCZyVepnGlLIxHWLXUklj1MF0ceyMXFhlQKJE2ZKGLNTfE1Maaz2JQ9sZUzPSq95c/M/rZiaqB1Mu08ygZMtFUSaIScj8czLgCpkRE0soU9zeStiIKsqMzadkQ/BWX14nrauqV6vW7q8rjXoeRxHO4BwuwYMbaMAdNMEHBhye4RXeHOm8OO/Ox7K14OQzp/AHzucPxHuOpQ==</latexit>

gk
i

<latexit sha1_base64="8YnGgzpGB7BCDQQxPphiy1tgCg4=">AAAB6HicbVDLTgJBEOzFF+IL9ehlIjHxRHaNQY4kXjxCIo8ENmR2aGBkdnYzM2uCG77AiweN8eonefNvHGAPClbSSaWqO91dQSy4Nq777eQ2Nre2d/K7hb39g8Oj4vFJS0eJYthkkYhUJ6AaBZfYNNwI7MQKaRgIbAeT27nffkSleSTvzTRGP6QjyYecUWOlxlO/WHLL7gJknXgZKUGGer/41RtELAlRGiao1l3PjY2fUmU4Ezgr9BKNMWUTOsKupZKGqP10ceiMXFhlQIaRsiUNWai/J1Iaaj0NA9sZUjPWq95c/M/rJmZY9VMu48SgZMtFw0QQE5H512TAFTIjppZQpri9lbAxVZQZm03BhuCtvrxOWldlr1KuNK5LtWoWRx7O4BwuwYMbqMEd1KEJDBCe4RXenAfnxXl3PpatOSebOYU/cD5/AOnRjP8=</latexit>z

<latexit sha1_base64="D/2EPOe5JzFSVrLpAN0mcrDsDNk=">AAAB7HicbVBNS8NAEJ34WetX1aOXxSJ4KolI7bHgxWMF0xbaWDbbbbt0swm7E7GE/gYvHhTx6g/y5r9x2+agrQ8GHu/NMDMvTKQw6Lrfztr6xubWdmGnuLu3f3BYOjpumjjVjPsslrFuh9RwKRT3UaDk7URzGoWSt8LxzcxvPXJtRKzucZLwIKJDJQaCUbSS/9QTD+NeqexW3DnIKvFyUoYcjV7pq9uPWRpxhUxSYzqem2CQUY2CST4tdlPDE8rGdMg7lioacRNk82On5NwqfTKItS2FZK7+nshoZMwkCm1nRHFklr2Z+J/XSXFQCzKhkhS5YotFg1QSjMnsc9IXmjOUE0so08LeStiIasrQ5lO0IXjLL6+S5mXFq1aqd1flei2PowCncAYX4ME11OEWGuADAwHP8ApvjnJenHfnY9G65uQzJ/AHzucP3oOOtg==</latexit>

xk
i

<latexit sha1_base64="xDVcqmEbMTJWN076KZzVbIiajws=">AAAB7HicbVBNS8NAEJ3Ur1q/qh69LBbBU0lEao8FLx4rmLbQxrLZbtqlm92wuxFC6G/w4kERr/4gb/4bt20O2vpg4PHeDDPzwoQzbVz32yltbG5t75R3K3v7B4dH1eOTjpapItQnkkvVC7GmnAnqG2Y47SWK4jjktBtOb+d+94kqzaR4MFlCgxiPBYsYwcZKfjZkj9NhtebW3QXQOvEKUoMC7WH1azCSJI2pMIRjrfuem5ggx8owwumsMkg1TTCZ4jHtWypwTHWQL46doQurjFAklS1h0EL9PZHjWOssDm1njM1Er3pz8T+vn5qoGeRMJKmhgiwXRSlHRqL552jEFCWGZ5Zgopi9FZEJVpgYm0/FhuCtvrxOOld1r1Fv3F/XWs0ijjKcwTlcggc30II7aIMPBBg8wyu8OcJ5cd6dj2VrySlmTuEPnM8f4AuOtw==</latexit>

yk
i

<latexit sha1_base64="OInI+asS30rlecwP0eZqwX226nU=">AAACCHicbVDLSgMxFM34rPU16tKFwSK4kDIjUrssiOCygn1AOw6ZNNOGJpkhyQhlmKUbf8WNC0Xc+gnu/Bsz0y609UDg5Jx7k3tPEDOqtON8W0vLK6tr66WN8ubW9s6uvbffVlEiMWnhiEWyGyBFGBWkpalmpBtLgnjASCcYX+V+54FIRSNxpycx8TgaChpSjLSRfPuoz5EeYcTS68xP6VlxlTw1b7Asux/7dsWpOgXgInFnpAJmaPr2V38Q4YQToTFDSvVcJ9ZeiqSmmJGs3E8UiREeoyHpGSoQJ8pLi0UyeGKUAQwjaY7QsFB/d6SIKzXhganM51TzXi7+5/USHda9lIo40UTg6UdhwqCOYJ4KHFBJsGYTQxCW1MwK8QhJhLXJrmxCcOdXXiTt86pbq9ZuLyqN+iyOEjgEx+AUuOASNMANaIIWwOARPINX8GY9WS/Wu/UxLV2yZj0H4A+szx/s05qL</latexit>

Ek
i,real

<latexit sha1_base64="Qis3PmhL2Qt7stlLLfYCCfXImaY=">AAACB3icbVDLSsNAFJ34rPUVdSlIsAgupCQitcuCCC4r2Ae0MUymk3bozCTMTIQQsnPjr7hxoYhbf8Gdf+MkzUJbDwycOede7r3HjyiRyra/jaXlldW19cpGdXNre2fX3NvvyjAWCHdQSEPR96HElHDcUURR3I8EhsynuOdPr3K/94CFJCG/U0mEXQbHnAQEQaUlzzwaMqgmCNL0OvNSclZ8BUtlwrPsfuqZNbtuF7AWiVOSGijR9syv4ShEMcNcIQqlHDh2pNwUCkUQxVl1GEscQTSFYzzQlEOGpZsWd2TWiVZGVhAK/biyCvV3RwqZlAnzdWW+ppz3cvE/bxCroOmmhEexwhzNBgUxtVRo5aFYIyIwUjTRBCJB9K4WmkABkdLRVXUIzvzJi6R7Xnca9cbtRa3VLOOogENwDE6BAy5BC9yANugABB7BM3gFb8aT8WK8Gx+z0iWj7DkAf2B8/gBL4po3</latexit>

Ek
i,syn

<latexit sha1_base64="HpSOoyR6ULoyTdyHw1MqFflKzUQ=">AAAB7HicbVBNS8NAEJ3Ur1q/qh69LBbBU0lEao8FLx4rmLbQxrLZTtqlm03Y3Qil9Dd48aCIV3+QN/+N2zYHbX0w8Hhvhpl5YSq4Nq777RQ2Nre2d4q7pb39g8Oj8vFJSyeZYuizRCSqE1KNgkv0DTcCO6lCGocC2+H4du63n1BpnsgHM0kxiOlQ8ogzaqzkD/v8cdwvV9yquwBZJ15OKpCj2S9/9QYJy2KUhgmqdddzUxNMqTKcCZyVepnGlLIxHWLXUklj1MF0ceyMXFhlQKJE2ZKGLNTfE1Maaz2JQ9sZUzPSq95c/M/rZiaqB1Mu08ygZMtFUSaIScj8czLgCpkRE0soU9zeStiIKsqMzadkQ/BWX14nrauqV6vW7q8rjXoeRxHO4BwuwYMbaMAdNMEHBhye4RXeHOm8OO/Ox7K14OQzp/AHzucPxHuOpQ==</latexit>

gk
i

<latexit sha1_base64="xDVcqmEbMTJWN076KZzVbIiajws=">AAAB7HicbVBNS8NAEJ3Ur1q/qh69LBbBU0lEao8FLx4rmLbQxrLZbtqlm92wuxFC6G/w4kERr/4gb/4bt20O2vpg4PHeDDPzwoQzbVz32yltbG5t75R3K3v7B4dH1eOTjpapItQnkkvVC7GmnAnqG2Y47SWK4jjktBtOb+d+94kqzaR4MFlCgxiPBYsYwcZKfjZkj9NhtebW3QXQOvEKUoMC7WH1azCSJI2pMIRjrfuem5ggx8owwumsMkg1TTCZ4jHtWypwTHWQL46doQurjFAklS1h0EL9PZHjWOssDm1njM1Er3pz8T+vn5qoGeRMJKmhgiwXRSlHRqL552jEFCWGZ5Zgopi9FZEJVpgYm0/FhuCtvrxOOld1r1Fv3F/XWs0ijjKcwTlcggc30II7aIMPBBg8wyu8OcJ5cd6dj2VrySlmTuEPnM8f4AuOtw==</latexit>

yk
i

<latexit sha1_base64="ox6zWoqHLpcSU2REt4V9SF8oe4M=">AAAB9HicbVDLSgMxFL1TX7W+qi7dBIvgqsyI1C4LLnRZwT6gHUomzbShmWRMMoUy9DvcuFDErR/jzr8x085CWw8EDufcyz05QcyZNq777RQ2Nre2d4q7pb39g8Oj8vFJW8tEEdoikkvVDbCmnAnaMsxw2o0VxVHAaSeY3GZ+Z0qVZlI8mllM/QiPBAsZwcZKfj/CZkwwT+/mAzYoV9yquwBaJ15OKpCjOSh/9YeSJBEVhnCsdc9zY+OnWBlGOJ2X+ommMSYTPKI9SwWOqPbTReg5urDKEIVS2ScMWqi/N1IcaT2LAjuZhdSrXib+5/USE9b9lIk4MVSQ5aEw4chIlDWAhkxRYvjMEkwUs1kRGWOFibE9lWwJ3uqX10n7qurVqrWH60qjntdRhDM4h0vw4AYacA9NaAGBJ3iGV3hzps6L8+58LEcLTr5zCn/gfP4A/GaSOg==</latexit>

Gi

<latexit sha1_base64="h6kvtAIxwkU9VA7j4aZ7CHpx/JU=">AAAB6nicbVBNS8NAEJ3Ur1q/qh69LBbBU0lEao8FLx4r2g9oQ9lstu3SzSbsToQS+hO8eFDEq7/Im//GbZuDtj4YeLw3w8y8IJHCoOt+O4WNza3tneJuaW//4PCofHzSNnGqGW+xWMa6G1DDpVC8hQIl7yaa0yiQvBNMbud+54lrI2L1iNOE+xEdKTEUjKKVHtqDcFCuuFV3AbJOvJxUIEdzUP7qhzFLI66QSWpMz3MT9DOqUTDJZ6V+anhC2YSOeM9SRSNu/Gxx6oxcWCUkw1jbUkgW6u+JjEbGTKPAdkYUx2bVm4v/eb0Uh3U/EypJkSu2XDRMJcGYzP8modCcoZxaQpkW9lbCxlRThjadkg3BW315nbSvql6tWru/rjTqeRxFOINzuAQPbqABd9CEFjAYwTO8wpsjnRfn3flYthacfOYU/sD5/AElwI2y</latexit>

Vd

<latexit sha1_base64="oeif9j4pnuAwRYr+jHr/RS8Ddmk=">AAAB6HicbVDLSgNBEOyNrxhfUY9eBoPgKeyKxBwDevCYgHlAsoTZSScZMzu7zMwKYckXePGgiFc/yZt/4yTZgyYWNBRV3XR3BbHg2rjut5Pb2Nza3snvFvb2Dw6PiscnLR0limGTRSJSnYBqFFxi03AjsBMrpGEgsB1Mbud++wmV5pF8MNMY/ZCOJB9yRo2VGnf9YsktuwuQdeJlpAQZ6v3iV28QsSREaZigWnc9NzZ+SpXhTOCs0Es0xpRN6Ai7lkoaovbTxaEzcmGVARlGypY0ZKH+nkhpqPU0DGxnSM1Yr3pz8T+vm5hh1U+5jBODki0XDRNBTETmX5MBV8iMmFpCmeL2VsLGVFFmbDYFG4K3+vI6aV2VvUq50rgu1apZHHk4g3O4BA9uoAb3UIcmMEB4hld4cx6dF+fd+Vi25pxs5hT+wPn8AZf5jMk=</latexit>

D

<latexit sha1_base64="oeif9j4pnuAwRYr+jHr/RS8Ddmk=">AAAB6HicbVDLSgNBEOyNrxhfUY9eBoPgKeyKxBwDevCYgHlAsoTZSScZMzu7zMwKYckXePGgiFc/yZt/4yTZgyYWNBRV3XR3BbHg2rjut5Pb2Nza3snvFvb2Dw6PiscnLR0limGTRSJSnYBqFFxi03AjsBMrpGEgsB1Mbud++wmV5pF8MNMY/ZCOJB9yRo2VGnf9YsktuwuQdeJlpAQZ6v3iV28QsSREaZigWnc9NzZ+SpXhTOCs0Es0xpRN6Ai7lkoaovbTxaEzcmGVARlGypY0ZKH+nkhpqPU0DGxnSM1Yr3pz8T+vm5hh1U+5jBODki0XDRNBTETmX5MBV8iMmFpCmeL2VsLGVFFmbDYFG4K3+vI6aV2VvUq50rgu1apZHHk4g3O4BA9uoAb3UIcmMEB4hld4cx6dF+fd+Vi25pxs5hT+wPn8AZf5jMk=</latexit>

D

<latexit sha1_base64="Tv8WR7m+ev5d0Ioo+hkr7CjA6DE=">AAAB6nicbVBNS8NAEJ3Ur1q/qh69LBbBU0lEao8FETxWtLbQhrLZbtqlm03YnQgl9Cd48aCIV3+RN/+N2zYHbX0w8Hhvhpl5QSKFQdf9dgpr6xubW8Xt0s7u3v5B+fDo0cSpZrzFYhnrTkANl0LxFgqUvJNoTqNA8nYwvp757SeujYjVA04S7kd0qEQoGEUr3d/0Rb9ccavuHGSVeDmpQI5mv/zVG8QsjbhCJqkxXc9N0M+oRsEkn5Z6qeEJZWM65F1LFY248bP5qVNyZpUBCWNtSyGZq78nMhoZM4kC2xlRHJllbyb+53VTDOt+JlSSIldssShMJcGYzP4mA6E5QzmxhDIt7K2EjaimDG06JRuCt/zyKnm8qHq1au3ustKo53EU4QRO4Rw8uIIG3EITWsBgCM/wCm+OdF6cd+dj0Vpw8plj+APn8wcTbo2m</latexit>

Ei

<latexit sha1_base64="/bBUz95yolA8IWH9hE/zHqZ32Uw=">AAAB6nicbVBNS8NAEJ3Ur1q/qh69LBbBU0lEao8FLx4r2g9oQ9lsJ+3SzSbsboQS+hO8eFDEq7/Im//GbZuDtj4YeLw3w8y8IBFcG9f9dgobm1vbO8Xd0t7+weFR+fikreNUMWyxWMSqG1CNgktsGW4EdhOFNAoEdoLJ7dzvPKHSPJaPZpqgH9GR5CFn1FjpoT1IBuWKW3UXIOvEy0kFcjQH5a/+MGZphNIwQbXueW5i/Iwqw5nAWamfakwom9AR9iyVNELtZ4tTZ+TCKkMSxsqWNGSh/p7IaKT1NApsZ0TNWK96c/E/r5easO5nXCapQcmWi8JUEBOT+d9kyBUyI6aWUKa4vZWwMVWUGZtOyYbgrb68TtpXVa9Wrd1fVxr1PI4inME5XIIHN9CAO2hCCxiM4Ble4c0Rzovz7nwsWwtOPnMKf+B8/gA38I2+</latexit>

Vp

<latexit sha1_base64="ox6zWoqHLpcSU2REt4V9SF8oe4M=">AAAB9HicbVDLSgMxFL1TX7W+qi7dBIvgqsyI1C4LLnRZwT6gHUomzbShmWRMMoUy9DvcuFDErR/jzr8x085CWw8EDufcyz05QcyZNq777RQ2Nre2d4q7pb39g8Oj8vFJW8tEEdoikkvVDbCmnAnaMsxw2o0VxVHAaSeY3GZ+Z0qVZlI8mllM/QiPBAsZwcZKfj/CZkwwT+/mAzYoV9yquwBaJ15OKpCjOSh/9YeSJBEVhnCsdc9zY+OnWBlGOJ2X+ommMSYTPKI9SwWOqPbTReg5urDKEIVS2ScMWqi/N1IcaT2LAjuZhdSrXib+5/USE9b9lIk4MVSQ5aEw4chIlDWAhkxRYvjMEkwUs1kRGWOFibE9lWwJ3uqX10n7qurVqrWH60qjntdRhDM4h0vw4AYacA9NaAGBJ3iGV3hzps6L8+58LEcLTr5zCn/gfP4A/GaSOg==</latexit>

Gi

<latexit sha1_base64="Tv8WR7m+ev5d0Ioo+hkr7CjA6DE=">AAAB6nicbVBNS8NAEJ3Ur1q/qh69LBbBU0lEao8FETxWtLbQhrLZbtqlm03YnQgl9Cd48aCIV3+RN/+N2zYHbX0w8Hhvhpl5QSKFQdf9dgpr6xubW8Xt0s7u3v5B+fDo0cSpZrzFYhnrTkANl0LxFgqUvJNoTqNA8nYwvp757SeujYjVA04S7kd0qEQoGEUr3d/0Rb9ccavuHGSVeDmpQI5mv/zVG8QsjbhCJqkxXc9N0M+oRsEkn5Z6qeEJZWM65F1LFY248bP5qVNyZpUBCWNtSyGZq78nMhoZM4kC2xlRHJllbyb+53VTDOt+JlSSIldssShMJcGYzP4mA6E5QzmxhDIt7K2EjaimDG06JRuCt/zyKnm8qHq1au3ustKo53EU4QRO4Rw8uIIG3EITWsBgCM/wCm+OdF6cd+dj0Vpw8plj+APn8wcTbo2m</latexit>

Ei
<latexit sha1_base64="ukUn2LxDQ0AgFTWAgZOFwgoX1ow=">AAAB6nicbVBNS8NAEJ3Ur1q/qh69LBbBU0lEao8FQTxWtLbQhrLZbtqlm03YnQgl9Cd48aCIV3+RN/+N2zYHbX0w8Hhvhpl5QSKFQdf9dgpr6xubW8Xt0s7u3v5B+fDo0cSpZrzFYhnrTkANl0LxFgqUvJNoTqNA8nYwvp757SeujYjVA04S7kd0qEQoGEUr3d/0Rb9ccavuHGSVeDmpQI5mv/zVG8QsjbhCJqkxXc9N0M+oRsEkn5Z6qeEJZWM65F1LFY248bP5qVNyZpUBCWNtSyGZq78nMhoZM4kC2xlRHJllbyb+53VTDOt+JlSSIldssShMJcGYzP4mA6E5QzmxhDIt7K2EjaimDG06JRuCt/zyKnm8qHq1au3ustKo53EU4QRO4Rw8uIIG3EITWsBgCM/wCm+OdF6cd+dj0Vpw8plj+APn8wcU9I2n</latexit>

Fi

<latexit sha1_base64="OInI+asS30rlecwP0eZqwX226nU=">AAACCHicbVDLSgMxFM34rPU16tKFwSK4kDIjUrssiOCygn1AOw6ZNNOGJpkhyQhlmKUbf8WNC0Xc+gnu/Bsz0y609UDg5Jx7k3tPEDOqtON8W0vLK6tr66WN8ubW9s6uvbffVlEiMWnhiEWyGyBFGBWkpalmpBtLgnjASCcYX+V+54FIRSNxpycx8TgaChpSjLSRfPuoz5EeYcTS68xP6VlxlTw1b7Asux/7dsWpOgXgInFnpAJmaPr2V38Q4YQToTFDSvVcJ9ZeiqSmmJGs3E8UiREeoyHpGSoQJ8pLi0UyeGKUAQwjaY7QsFB/d6SIKzXhganM51TzXi7+5/USHda9lIo40UTg6UdhwqCOYJ4KHFBJsGYTQxCW1MwK8QhJhLXJrmxCcOdXXiTt86pbq9ZuLyqN+iyOEjgEx+AUuOASNMANaIIWwOARPINX8GY9WS/Wu/UxLV2yZj0H4A+szx/s05qL</latexit>

Ek
i,real

<latexit sha1_base64="Qis3PmhL2Qt7stlLLfYCCfXImaY=">AAACB3icbVDLSsNAFJ34rPUVdSlIsAgupCQitcuCCC4r2Ae0MUymk3bozCTMTIQQsnPjr7hxoYhbf8Gdf+MkzUJbDwycOede7r3HjyiRyra/jaXlldW19cpGdXNre2fX3NvvyjAWCHdQSEPR96HElHDcUURR3I8EhsynuOdPr3K/94CFJCG/U0mEXQbHnAQEQaUlzzwaMqgmCNL0OvNSclZ8BUtlwrPsfuqZNbtuF7AWiVOSGijR9syv4ShEMcNcIQqlHDh2pNwUCkUQxVl1GEscQTSFYzzQlEOGpZsWd2TWiVZGVhAK/biyCvV3RwqZlAnzdWW+ppz3cvE/bxCroOmmhEexwhzNBgUxtVRo5aFYIyIwUjTRBCJB9K4WmkABkdLRVXUIzvzJi6R7Xnca9cbtRa3VLOOogENwDE6BAy5BC9yANugABB7BM3gFb8aT8WK8Gx+z0iWj7DkAf2B8/gBL4po3</latexit>

Ek
i,syn

Aggregation

<latexit sha1_base64="ct4Q32wAj6fRcI0EA2lDwg6Eklk=">AAAB7HicbVBNS8NAFHypX7V+VT16WSyCp5KI1B4LXjxWMLXQhrLZbtqlm03YfRFK6G/w4kERr/4gb/4bt20O2jqwMMy8Yd+bMJXCoOt+O6WNza3tnfJuZW//4PCoenzSMUmmGfdZIhPdDanhUijuo0DJu6nmNA4lfwwnt3P/8YlrIxL1gNOUBzEdKREJRtFKfn+YoBlUa27dXYCsE68gNSjQHlS/bI5lMVfIJDWm57kpBjnVKJjks0o/MzylbEJHvGepojE3Qb5YdkYurDIkUaLtU0gW6u9ETmNjpnFoJ2OKY7PqzcX/vF6GUTPIhUoz5IotP4oySTAh88vJUGjOUE4toUwLuythY6opQ9tPxZbgrZ68TjpXda9Rb9xf11rNoo4ynME5XIIHN9CCO2iDDwwEPMMrvDnKeXHenY/laMkpMqfwB87nD/H4jsM=</latexit>

...

<latexit sha1_base64="9CDaR3ECD8lWqgnf7EGPGeTZKNk=">AAAB9HicbVDLSsNAFL2prxpfVZduBovgQkoiUrssuHFZxT6gjWUynbRDJ5M4MymU0O9w40IRt36MO//GSZuFth643MM59zJ3jh9zprTjfFuFtfWNza3itr2zu7d/UDo8aqkokYQ2ScQj2fGxopwJ2tRMc9qJJcWhz2nbH99kfntCpWKReNDTmHohHgoWMIK1kTzVZ4/jC2TfZ71fKjsVZw60StyclCFHo1/66g0ikoRUaMKxUl3XibWXYqkZ4XRm9xJFY0zGeEi7hgocUuWl86Nn6MwoAxRE0pTQaK7+3khxqNQ09M1kiPVILXuZ+J/XTXRQ81Im4kRTQRYPBQlHOkJZAmjAJCWaTw3BRDJzKyIjLDHRJifbhOAuf3mVtC4rbrVSvbsq12t5HEU4gVM4BxeuoQ630IAmEHiCZ3iFN2tivVjv1sditGDlO8fwB9bnD3L9kTo=</latexit>

sk
i , Rk

i

<latexit sha1_base64="zOrQ154ZibVUpNhhmTPk4vsb3Kg=">AAAB/3icbVDLSsNAFL3xWesrKrhxEyyiq5KI1C4LblxJBfuAJIbJdNIOnUzCzEQoMQt/xY0LRdz6G+78G6ePhbYeuHA4517uvSdMGZXKtr+NpeWV1bX10kZ5c2t7Z9fc22/LJBOYtHDCEtENkSSMctJSVDHSTQVBcchIJxxejf3OAxGSJvxOjVLix6jPaUQxUloKzEMv7wf0Ph+eFl4R5NSj3L3xi8Cs2FV7AmuRODNSgRmagfnl9RKcxYQrzJCUrmOnys+RUBQzUpS9TJIU4SHqE1dTjmIi/Xxyf2GdaKVnRYnQxZU1UX9P5CiWchSHujNGaiDnvbH4n+dmKqr7OeVppgjH00VRxiyVWOMwrB4VBCs20gRhQfWtFh4ggbDSkZV1CM78y4ukfV51atXa7UWlUZ/FUYIjOIYzcOASGnANTWgBhkd4hld4M56MF+Pd+Ji2LhmzmQP4A+PzB1Hjlkg=</latexit>

{gk→

i }i→[N ]

<latexit sha1_base64="HFlRxza2D5QR7J+oWZhJRt4wfes=">AAAB/nicbVDLSsNAFJ34rPUVFVduBovgqiQitcuCG1dSwT4giWEynbRDJ5MwMxHKEPBX3LhQxK3f4c6/cdpmoa0HLhzOuZd774kyRqVynG9rZXVtfWOzslXd3tnd27cPDrsyzQUmHZyyVPQjJAmjnHQUVYz0M0FQEjHSi8bXU7/3SISkKb9Xk4wECRpyGlOMlJFC+9jXw5A+6HHhF6GmPuXebVCEds2pOzPAZeKWpAZKtEP7yx+kOE8IV5ghKT3XyVSgkVAUM1JU/VySDOExGhLPUI4SIgM9O7+AZ0YZwDgVpriCM/X3hEaJlJMkMp0JUiO56E3F/zwvV3Ez0JRnuSIczxfFOYMqhdMs4IAKghWbGIKwoOZWiEdIIKxMYlUTgrv48jLpXtTdRr1xd1lrNcs4KuAEnIJz4IIr0AI3oA06AAMNnsEreLOerBfr3fqYt65Y5cwR+APr8wfsSJYX</latexit>

{gk
i }i→[N ]

<latexit sha1_base64="HpSOoyR6ULoyTdyHw1MqFflKzUQ=">AAAB7HicbVBNS8NAEJ3Ur1q/qh69LBbBU0lEao8FLx4rmLbQxrLZTtqlm03Y3Qil9Dd48aCIV3+QN/+N2zYHbX0w8Hhvhpl5YSq4Nq777RQ2Nre2d4q7pb39g8Oj8vFJSyeZYuizRCSqE1KNgkv0DTcCO6lCGocC2+H4du63n1BpnsgHM0kxiOlQ8ogzaqzkD/v8cdwvV9yquwBZJ15OKpCj2S9/9QYJy2KUhgmqdddzUxNMqTKcCZyVepnGlLIxHWLXUklj1MF0ceyMXFhlQKJE2ZKGLNTfE1Maaz2JQ9sZUzPSq95c/M/rZiaqB1Mu08ygZMtFUSaIScj8czLgCpkRE0soU9zeStiIKsqMzadkQ/BWX14nrauqV6vW7q8rjXoeRxHO4BwuwYMbaMAdNMEHBhye4RXeHOm8OO/Ox7K14OQzp/AHzucPxHuOpQ==</latexit>

gk
i

<latexit sha1_base64="D/2EPOe5JzFSVrLpAN0mcrDsDNk=">AAAB7HicbVBNS8NAEJ34WetX1aOXxSJ4KolI7bHgxWMF0xbaWDbbbbt0swm7E7GE/gYvHhTx6g/y5r9x2+agrQ8GHu/NMDMvTKQw6Lrfztr6xubWdmGnuLu3f3BYOjpumjjVjPsslrFuh9RwKRT3UaDk7URzGoWSt8LxzcxvPXJtRKzucZLwIKJDJQaCUbSS/9QTD+NeqexW3DnIKvFyUoYcjV7pq9uPWRpxhUxSYzqem2CQUY2CST4tdlPDE8rGdMg7lioacRNk82On5NwqfTKItS2FZK7+nshoZMwkCm1nRHFklr2Z+J/XSXFQCzKhkhS5YotFg1QSjMnsc9IXmjOUE0so08LeStiIasrQ5lO0IXjLL6+S5mXFq1aqd1flei2PowCncAYX4ME11OEWGuADAwHP8ApvjnJenHfnY9G65uQzJ/AHzucP3oOOtg==</latexit>

xk
i

<latexit sha1_base64="xDVcqmEbMTJWN076KZzVbIiajws=">AAAB7HicbVBNS8NAEJ3Ur1q/qh69LBbBU0lEao8FLx4rmLbQxrLZbtqlm92wuxFC6G/w4kERr/4gb/4bt20O2vpg4PHeDDPzwoQzbVz32yltbG5t75R3K3v7B4dH1eOTjpapItQnkkvVC7GmnAnqG2Y47SWK4jjktBtOb+d+94kqzaR4MFlCgxiPBYsYwcZKfjZkj9NhtebW3QXQOvEKUoMC7WH1azCSJI2pMIRjrfuem5ggx8owwumsMkg1TTCZ4jHtWypwTHWQL46doQurjFAklS1h0EL9PZHjWOssDm1njM1Er3pz8T+vn5qoGeRMJKmhgiwXRSlHRqL552jEFCWGZ5Zgopi9FZEJVpgYm0/FhuCtvrxOOld1r1Fv3F/XWs0ijjKcwTlcggc30II7aIMPBBg8wyu8OcJ5cd6dj2VrySlmTuEPnM8f4AuOtw==</latexit>

yk
i

<latexit sha1_base64="/bBUz95yolA8IWH9hE/zHqZ32Uw=">AAAB6nicbVBNS8NAEJ3Ur1q/qh69LBbBU0lEao8FLx4r2g9oQ9lsJ+3SzSbsboQS+hO8eFDEq7/Im//GbZuDtj4YeLw3w8y8IBFcG9f9dgobm1vbO8Xd0t7+weFR+fikreNUMWyxWMSqG1CNgktsGW4EdhOFNAoEdoLJ7dzvPKHSPJaPZpqgH9GR5CFn1FjpoT1IBuWKW3UXIOvEy0kFcjQH5a/+MGZphNIwQbXueW5i/Iwqw5nAWamfakwom9AR9iyVNELtZ4tTZ+TCKkMSxsqWNGSh/p7IaKT1NApsZ0TNWK96c/E/r5easO5nXCapQcmWi8JUEBOT+d9kyBUyI6aWUKa4vZWwMVWUGZtOyYbgrb68TtpXVa9Wrd1fVxr1PI4inME5XIIHN9CAO2hCCxiM4Ble4c0Rzovz7nwsWwtOPnMKf+B8/gA38I2+</latexit>

Vp

<latexit sha1_base64="HpSOoyR6ULoyTdyHw1MqFflKzUQ=">AAAB7HicbVBNS8NAEJ3Ur1q/qh69LBbBU0lEao8FLx4rmLbQxrLZTtqlm03Y3Qil9Dd48aCIV3+QN/+N2zYHbX0w8Hhvhpl5YSq4Nq777RQ2Nre2d4q7pb39g8Oj8vFJSyeZYuizRCSqE1KNgkv0DTcCO6lCGocC2+H4du63n1BpnsgHM0kxiOlQ8ogzaqzkD/v8cdwvV9yquwBZJ15OKpCj2S9/9QYJy2KUhgmqdddzUxNMqTKcCZyVepnGlLIxHWLXUklj1MF0ceyMXFhlQKJE2ZKGLNTfE1Maaz2JQ9sZUzPSq95c/M/rZiaqB1Mu08ygZMtFUSaIScj8czLgCpkRE0soU9zeStiIKsqMzadkQ/BWX14nrauqV6vW7q8rjXoeRxHO4BwuwYMbaMAdNMEHBhye4RXeHOm8OO/Ox7K14OQzp/AHzucPxHuOpQ==</latexit>

gk
i

<latexit sha1_base64="xDVcqmEbMTJWN076KZzVbIiajws=">AAAB7HicbVBNS8NAEJ3Ur1q/qh69LBbBU0lEao8FLx4rmLbQxrLZbtqlm92wuxFC6G/w4kERr/4gb/4bt20O2vpg4PHeDDPzwoQzbVz32yltbG5t75R3K3v7B4dH1eOTjpapItQnkkvVC7GmnAnqG2Y47SWK4jjktBtOb+d+94kqzaR4MFlCgxiPBYsYwcZKfjZkj9NhtebW3QXQOvEKUoMC7WH1azCSJI2pMIRjrfuem5ggx8owwumsMkg1TTCZ4jHtWypwTHWQL46doQurjFAklS1h0EL9PZHjWOssDm1njM1Er3pz8T+vn5qoGeRMJKmhgiwXRSlHRqL552jEFCWGZ5Zgopi9FZEJVpgYm0/FhuCtvrxOOld1r1Fv3F/XWs0ijjKcwTlcggc30II7aIMPBBg8wyu8OcJ5cd6dj2VrySlmTuEPnM8f4AuOtw==</latexit>

yk
i

<latexit sha1_base64="8YnGgzpGB7BCDQQxPphiy1tgCg4=">AAAB6HicbVDLTgJBEOzFF+IL9ehlIjHxRHaNQY4kXjxCIo8ENmR2aGBkdnYzM2uCG77AiweN8eonefNvHGAPClbSSaWqO91dQSy4Nq777eQ2Nre2d/K7hb39g8Oj4vFJS0eJYthkkYhUJ6AaBZfYNNwI7MQKaRgIbAeT27nffkSleSTvzTRGP6QjyYecUWOlxlO/WHLL7gJknXgZKUGGer/41RtELAlRGiao1l3PjY2fUmU4Ezgr9BKNMWUTOsKupZKGqP10ceiMXFhlQIaRsiUNWai/J1Iaaj0NA9sZUjPWq95c/M/rJmZY9VMu48SgZMtFw0QQE5H512TAFTIjppZQpri9lbAxVZQZm03BhuCtvrxOWldlr1KuNK5LtWoWRx7O4BwuwYMbqMEd1KEJDBCe4RXenAfnxXl3PpatOSebOYU/cD5/AOnRjP8=</latexit>z

<latexit sha1_base64="uv1H2++URE6gqp5Y1Pk12Q1kMD0=">AAAB73icbVBNSwMxEJ3Ur1q/qh69BIvoqeyK1B4LXjxWsB/QriWbZtvQbHZNssKy9E948aCIV/+ON/+NabsHbX0w8Hhvhpl5fiy4No7zjQpr6xubW8Xt0s7u3v5B+fCoraNEUdaikYhU1yeaCS5Zy3AjWDdWjIS+YB1/cjPzO09MaR7Je5PGzAvJSPKAU2Ks1E0H/CGbnE8H5YpTdebAq8TNSQVyNAflr/4woknIpKGCaN1zndh4GVGGU8GmpX6iWUzohIxYz1JJQqa9bH7vFJ9ZZYiDSNmSBs/V3xMZCbVOQ992hsSM9bI3E//zeokJ6l7GZZwYJuliUZAIbCI8ex4PuWLUiNQSQhW3t2I6JopQYyMq2RDc5ZdXSfuy6taqtburSqOex1GEEziFC3DhGhpwC01oAQUBz/AKb+gRvaB39LFoLaB85hj+AH3+AAlJj/Q=</latexit>

yk→

i

<latexit sha1_base64="oBoK1DDkfjFJhFdlN1k3xKM2Egg=">AAACBHicbVDLSsNAFJ3UV42vqMtuBovgQkoiUrssiI9lBfuAJoTJdNIOnUzCzEQooQs3/oobF4q49SPc+TdO2iy09cAwh3Pu5d57goRRqWz72yitrK6tb5Q3za3tnd09a/+gI+NUYNLGMYtFL0CSMMpJW1HFSC8RBEUBI91gfJn73QciJI35vZokxIvQkNOQYqS05FuVK5+euq55Pf/cCKkRRiy7mfrUt6p2zZ4BLhOnIFVQoOVbX+4gxmlEuMIMSdl37ER5GRKKYkampptKkiA8RkPS15SjiEgvmx0xhcdaGcAwFvpxBWfq744MRVJOokBX5kvKRS8X//P6qQobXkZ5kirC8XxQmDKoYpgnAgdUEKzYRBOEBdW7QjxCAmGlczN1CM7iycukc1Zz6rX63Xm12SjiKIMKOAInwAEXoAluQQu0AQaP4Bm8gjfjyXgx3o2PeWnJKHoOwR8Ynz/NyJbu</latexit>

Ei,

Fi,

Gi

…

…

…
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Fig. 3: Workflow of BreastG-FCL for Task k.

been drawn by previous studies, which show that disease-
specific regions contain complementary biological information
obscured by the whole-MRI images [4]. This motivation can be
further explained by the information bottleneck in information
theory [18]. Specifically, denote xfull = (xfine, xirrelevant) as the
full-size MRI and xfine as the disease-specific regions in MRI,
then the disease-specific graph construction can be interpreted
as a task-oriented information bottleneck constrained by
clinical priors, which keeps information relevant to the tumor,
e.g., xfine, but compresses most information irrelevant to the
tumor, xirrelevant, e.g., field strength and registration errors:
maxxfine I(xfine; y) → ωI(xfine; xfull).

Therefore, we adapt spatial and temporal relations in the
prior study [12] for breast cancer radiogenomics on TCGA-
BRCA. Specifically, we construct spatial relations from disease-
specific MRI regions and temporal relations from DCE-MRI
enhancement curves. These disease-aware relational signals
allow the framework to better capture clinical relations and
strengthen radiogenomic prediction under FCL scenarios.

III. SYSTEM DESIGN

A. Overview

BreastG-FCL follows the FCL architecture in the prior
study [12], where one global discriminator D is initialized

on the central server and local encoder-generator-predictor
pairs are initialized on N clients. Each client Ci keeps raw
data locally and learns a sequence of Tasks {T k

i }K
k=1. At Task

k, client Ci trains on the current dataset Dk
i without accessing

raw historical datasets {Dj
i }j<k.

Formally, for Task k, BreastG-FCL performs a minimax
optimization with the value function V (Ei, Fi, Gi, D) as:

min
{Ei,Gi,Fi}N

i=1

max
D

N)︄

i=1

[V k
p,i(Ei, Fi) → εdV

k
d,i(D, Ei)+

k)︄

j=1

[︄
V j,syn

p,i (Gi, Fi) → εdV
j,syn
d,i (D, Gi)

]︄
],

where

V k
p,i(Ei, Fi) = E(x,y)→Tk

i

⌊︄
ϑp

⌋︄
Fi(Ei(x, gk

i )), y
⌈︄⌉︄

,

V k
d,i(D, Ei) = E(x,y)→Tk

i

⌊︄
ϑd

⌋︄
D(Ei(x, gk

i ) + ϖi), ĝ
k
i

⌈︄⌉︄
,

V j,syn
p,i (Gi, Fi) = Ez, y→T j

i

{︄
ϑp

⌋︄
Fi(Gi(z, y, gj

i )), y
⌈︄}︄

,

V j,syn
d,i (D, Gi) = Ez, y→T j

i

{︄
ϑd

⌋︄
D(Gi(z, y, gj

i ) + ϖi), ĝ
j
i

⌈︄}︄
.

Here, z ↑ N (0, I) is a random Gaussian noise, ϖg, ϖi ↑
Lap(0, 1) are Laplace noise terms introduced for privacy
protection, ĝj

i = gj
i + ϖg denotes the graph row added with

the noise, ϑp denotes the prediction loss, and ϑd denotes the
discriminator loss.

The workflow of BreastG-FCL for Task k is presented
in Figure 3. Specifically, within Task k, BreastG-FCL de-
composes the workflow into the following sequential steps:
data preprocessing (Section III-B), fine-grained relational

graph construction (Section III-C), graph-conditioned replay

(Section III-D), and representation alignment (Section III-E).
For data preprocessing, each client standardizes its local
MRI and DCE-MRI scans, segments disease-specific regions,
and extracts spatial morphology and temporal enhancement
descriptors. For fine-grained relational graph construction,
each client extracts privacy-safe disease summaries sk

i (spatial
relations) and rk

i (temporal relations) from local annotations
and sends them to the server. The server constructs a fine-
grained relational graph

Gk = !
⌋︄
{sk

i }N
i=1; {rk

i }N
i=1

⌈︄
, gk

i = Gk
i,:,

where Gk
ij measures the fine-grained relation between clients

Ci and Cj , and gk
i denotes the graph row assigned to client

Ci. Section III-C defines ! using fine-grained spatial and
temporal attention. For graph-conditioned replay, each client
maintains an encoder-generator-predictor triplet (Ei, Gi, Fi).
The encoder extracts graph-conditioned representations from
current-task samples, while the generator synthesizes represen-
tations for current and previous tasks conditioned on labels
and graph rows. The predictor learns jointly from real and
replayed representations to adapt to the current task while
preserving prior knowledge. For representation alignment, a
global discriminator D reconstructs graph rows from noise-
perturbed real and synthetic representations. The encoders and

2  Align representations across clients
A shared discriminator provides the alignment 
signal. 

ServerClients Time
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<latexit sha1_base64="ox6zWoqHLpcSU2REt4V9SF8oe4M=">AAAB9HicbVDLSgMxFL1TX7W+qi7dBIvgqsyI1C4LLnRZwT6gHUomzbShmWRMMoUy9DvcuFDErR/jzr8x085CWw8EDufcyz05QcyZNq777RQ2Nre2d4q7pb39g8Oj8vFJW8tEEdoikkvVDbCmnAnaMsxw2o0VxVHAaSeY3GZ+Z0qVZlI8mllM/QiPBAsZwcZKfj/CZkwwT+/mAzYoV9yquwBaJ15OKpCjOSh/9YeSJBEVhnCsdc9zY+OnWBlGOJ2X+ommMSYTPKI9SwWOqPbTReg5urDKEIVS2ScMWqi/N1IcaT2LAjuZhdSrXib+5/USE9b9lIk4MVSQ5aEw4chIlDWAhkxRYvjMEkwUs1kRGWOFibE9lWwJ3uqX10n7qurVqrWH60qjntdRhDM4h0vw4AYacA9NaAGBJ3iGV3hzps6L8+58LEcLTr5zCn/gfP4A/GaSOg==</latexit>

Gi

<latexit sha1_base64="Tv8WR7m+ev5d0Ioo+hkr7CjA6DE=">AAAB6nicbVBNS8NAEJ3Ur1q/qh69LBbBU0lEao8FETxWtLbQhrLZbtqlm03YnQgl9Cd48aCIV3+RN/+N2zYHbX0w8Hhvhpl5QSKFQdf9dgpr6xubW8Xt0s7u3v5B+fDo0cSpZrzFYhnrTkANl0LxFgqUvJNoTqNA8nYwvp757SeujYjVA04S7kd0qEQoGEUr3d/0Rb9ccavuHGSVeDmpQI5mv/zVG8QsjbhCJqkxXc9N0M+oRsEkn5Z6qeEJZWM65F1LFY248bP5qVNyZpUBCWNtSyGZq78nMhoZM4kC2xlRHJllbyb+53VTDOt+JlSSIldssShMJcGYzP4mA6E5QzmxhDIt7K2EjaimDG06JRuCt/zyKnm8qHq1au3ustKo53EU4QRO4Rw8uIIG3EITWsBgCM/wCm+OdF6cd+dj0Vpw8plj+APn8wcTbo2m</latexit>

Ei
<latexit sha1_base64="ukUn2LxDQ0AgFTWAgZOFwgoX1ow=">AAAB6nicbVBNS8NAEJ3Ur1q/qh69LBbBU0lEao8FQTxWtLbQhrLZbtqlm03YnQgl9Cd48aCIV3+RN/+N2zYHbX0w8Hhvhpl5QSKFQdf9dgpr6xubW8Xt0s7u3v5B+fDo0cSpZrzFYhnrTkANl0LxFgqUvJNoTqNA8nYwvp757SeujYjVA04S7kd0qEQoGEUr3d/0Rb9ccavuHGSVeDmpQI5mv/zVG8QsjbhCJqkxXc9N0M+oRsEkn5Z6qeEJZWM65F1LFY248bP5qVNyZpUBCWNtSyGZq78nMhoZM4kC2xlRHJllbyb+53VTDOt+JlSSIldssShMJcGYzP4mA6E5QzmxhDIt7K2EjaimDG06JRuCt/zyKnm8qHq1au3ustKo53EU4QRO4Rw8uIIG3EITWsBgCM/wCm+OdF6cd+dj0Vpw8plj+APn8wcU9I2n</latexit>

Fi

<latexit sha1_base64="OInI+asS30rlecwP0eZqwX226nU=">AAACCHicbVDLSgMxFM34rPU16tKFwSK4kDIjUrssiOCygn1AOw6ZNNOGJpkhyQhlmKUbf8WNC0Xc+gnu/Bsz0y609UDg5Jx7k3tPEDOqtON8W0vLK6tr66WN8ubW9s6uvbffVlEiMWnhiEWyGyBFGBWkpalmpBtLgnjASCcYX+V+54FIRSNxpycx8TgaChpSjLSRfPuoz5EeYcTS68xP6VlxlTw1b7Asux/7dsWpOgXgInFnpAJmaPr2V38Q4YQToTFDSvVcJ9ZeiqSmmJGs3E8UiREeoyHpGSoQJ8pLi0UyeGKUAQwjaY7QsFB/d6SIKzXhganM51TzXi7+5/USHda9lIo40UTg6UdhwqCOYJ4KHFBJsGYTQxCW1MwK8QhJhLXJrmxCcOdXXiTt86pbq9ZuLyqN+iyOEjgEx+AUuOASNMANaIIWwOARPINX8GY9WS/Wu/UxLV2yZj0H4A+szx/s05qL</latexit>

Ek
i,real

<latexit sha1_base64="Qis3PmhL2Qt7stlLLfYCCfXImaY=">AAACB3icbVDLSsNAFJ34rPUVdSlIsAgupCQitcuCCC4r2Ae0MUymk3bozCTMTIQQsnPjr7hxoYhbf8Gdf+MkzUJbDwycOede7r3HjyiRyra/jaXlldW19cpGdXNre2fX3NvvyjAWCHdQSEPR96HElHDcUURR3I8EhsynuOdPr3K/94CFJCG/U0mEXQbHnAQEQaUlzzwaMqgmCNL0OvNSclZ8BUtlwrPsfuqZNbtuF7AWiVOSGijR9syv4ShEMcNcIQqlHDh2pNwUCkUQxVl1GEscQTSFYzzQlEOGpZsWd2TWiVZGVhAK/biyCvV3RwqZlAnzdWW+ppz3cvE/bxCroOmmhEexwhzNBgUxtVRo5aFYIyIwUjTRBCJB9K4WmkABkdLRVXUIzvzJi6R7Xnca9cbtRa3VLOOogENwDE6BAy5BC9yANugABB7BM3gFb8aT8WK8Gx+z0iWj7DkAf2B8/gBL4po3</latexit>

Ek
i,syn

Aggregation

<latexit sha1_base64="ct4Q32wAj6fRcI0EA2lDwg6Eklk=">AAAB7HicbVBNS8NAFHypX7V+VT16WSyCp5KI1B4LXjxWMLXQhrLZbtqlm03YfRFK6G/w4kERr/4gb/4bt20O2jqwMMy8Yd+bMJXCoOt+O6WNza3tnfJuZW//4PCoenzSMUmmGfdZIhPdDanhUijuo0DJu6nmNA4lfwwnt3P/8YlrIxL1gNOUBzEdKREJRtFKfn+YoBlUa27dXYCsE68gNSjQHlS/bI5lMVfIJDWm57kpBjnVKJjks0o/MzylbEJHvGepojE3Qb5YdkYurDIkUaLtU0gW6u9ETmNjpnFoJ2OKY7PqzcX/vF6GUTPIhUoz5IotP4oySTAh88vJUGjOUE4toUwLuythY6opQ9tPxZbgrZ68TjpXda9Rb9xf11rNoo4ynME5XIIHN9CCO2iDDwwEPMMrvDnKeXHenY/laMkpMqfwB87nD/H4jsM=</latexit>

...

<latexit sha1_base64="9CDaR3ECD8lWqgnf7EGPGeTZKNk=">AAAB9HicbVDLSsNAFL2prxpfVZduBovgQkoiUrssuHFZxT6gjWUynbRDJ5M4MymU0O9w40IRt36MO//GSZuFth643MM59zJ3jh9zprTjfFuFtfWNza3itr2zu7d/UDo8aqkokYQ2ScQj2fGxopwJ2tRMc9qJJcWhz2nbH99kfntCpWKReNDTmHohHgoWMIK1kTzVZ4/jC2TfZ71fKjsVZw60StyclCFHo1/66g0ikoRUaMKxUl3XibWXYqkZ4XRm9xJFY0zGeEi7hgocUuWl86Nn6MwoAxRE0pTQaK7+3khxqNQ09M1kiPVILXuZ+J/XTXRQ81Im4kRTQRYPBQlHOkJZAmjAJCWaTw3BRDJzKyIjLDHRJifbhOAuf3mVtC4rbrVSvbsq12t5HEU4gVM4BxeuoQ630IAmEHiCZ3iFN2tivVjv1sditGDlO8fwB9bnD3L9kTo=</latexit>

sk
i , Rk

i

<latexit sha1_base64="zOrQ154ZibVUpNhhmTPk4vsb3Kg=">AAAB/3icbVDLSsNAFL3xWesrKrhxEyyiq5KI1C4LblxJBfuAJIbJdNIOnUzCzEQoMQt/xY0LRdz6G+78G6ePhbYeuHA4517uvSdMGZXKtr+NpeWV1bX10kZ5c2t7Z9fc22/LJBOYtHDCEtENkSSMctJSVDHSTQVBcchIJxxejf3OAxGSJvxOjVLix6jPaUQxUloKzEMv7wf0Ph+eFl4R5NSj3L3xi8Cs2FV7AmuRODNSgRmagfnl9RKcxYQrzJCUrmOnys+RUBQzUpS9TJIU4SHqE1dTjmIi/Xxyf2GdaKVnRYnQxZU1UX9P5CiWchSHujNGaiDnvbH4n+dmKqr7OeVppgjH00VRxiyVWOMwrB4VBCs20gRhQfWtFh4ggbDSkZV1CM78y4ukfV51atXa7UWlUZ/FUYIjOIYzcOASGnANTWgBhkd4hld4M56MF+Pd+Ji2LhmzmQP4A+PzB1Hjlkg=</latexit>

{gk→

i }i→[N ]

<latexit sha1_base64="HFlRxza2D5QR7J+oWZhJRt4wfes=">AAAB/nicbVDLSsNAFJ34rPUVFVduBovgqiQitcuCG1dSwT4giWEynbRDJ5MwMxHKEPBX3LhQxK3f4c6/cdpmoa0HLhzOuZd774kyRqVynG9rZXVtfWOzslXd3tnd27cPDrsyzQUmHZyyVPQjJAmjnHQUVYz0M0FQEjHSi8bXU7/3SISkKb9Xk4wECRpyGlOMlJFC+9jXw5A+6HHhF6GmPuXebVCEds2pOzPAZeKWpAZKtEP7yx+kOE8IV5ghKT3XyVSgkVAUM1JU/VySDOExGhLPUI4SIgM9O7+AZ0YZwDgVpriCM/X3hEaJlJMkMp0JUiO56E3F/zwvV3Ez0JRnuSIczxfFOYMqhdMs4IAKghWbGIKwoOZWiEdIIKxMYlUTgrv48jLpXtTdRr1xd1lrNcs4KuAEnIJz4IIr0AI3oA06AAMNnsEreLOerBfr3fqYt65Y5cwR+APr8wfsSJYX</latexit>

{gk
i }i→[N ]

<latexit sha1_base64="HpSOoyR6ULoyTdyHw1MqFflKzUQ=">AAAB7HicbVBNS8NAEJ3Ur1q/qh69LBbBU0lEao8FLx4rmLbQxrLZTtqlm03Y3Qil9Dd48aCIV3+QN/+N2zYHbX0w8Hhvhpl5YSq4Nq777RQ2Nre2d4q7pb39g8Oj8vFJSyeZYuizRCSqE1KNgkv0DTcCO6lCGocC2+H4du63n1BpnsgHM0kxiOlQ8ogzaqzkD/v8cdwvV9yquwBZJ15OKpCj2S9/9QYJy2KUhgmqdddzUxNMqTKcCZyVepnGlLIxHWLXUklj1MF0ceyMXFhlQKJE2ZKGLNTfE1Maaz2JQ9sZUzPSq95c/M/rZiaqB1Mu08ygZMtFUSaIScj8czLgCpkRE0soU9zeStiIKsqMzadkQ/BWX14nrauqV6vW7q8rjXoeRxHO4BwuwYMbaMAdNMEHBhye4RXeHOm8OO/Ox7K14OQzp/AHzucPxHuOpQ==</latexit>

gk
i

<latexit sha1_base64="D/2EPOe5JzFSVrLpAN0mcrDsDNk=">AAAB7HicbVBNS8NAEJ34WetX1aOXxSJ4KolI7bHgxWMF0xbaWDbbbbt0swm7E7GE/gYvHhTx6g/y5r9x2+agrQ8GHu/NMDMvTKQw6Lrfztr6xubWdmGnuLu3f3BYOjpumjjVjPsslrFuh9RwKRT3UaDk7URzGoWSt8LxzcxvPXJtRKzucZLwIKJDJQaCUbSS/9QTD+NeqexW3DnIKvFyUoYcjV7pq9uPWRpxhUxSYzqem2CQUY2CST4tdlPDE8rGdMg7lioacRNk82On5NwqfTKItS2FZK7+nshoZMwkCm1nRHFklr2Z+J/XSXFQCzKhkhS5YotFg1QSjMnsc9IXmjOUE0so08LeStiIasrQ5lO0IXjLL6+S5mXFq1aqd1flei2PowCncAYX4ME11OEWGuADAwHP8ApvjnJenHfnY9G65uQzJ/AHzucP3oOOtg==</latexit>

xk
i

<latexit sha1_base64="xDVcqmEbMTJWN076KZzVbIiajws=">AAAB7HicbVBNS8NAEJ3Ur1q/qh69LBbBU0lEao8FLx4rmLbQxrLZbtqlm92wuxFC6G/w4kERr/4gb/4bt20O2vpg4PHeDDPzwoQzbVz32yltbG5t75R3K3v7B4dH1eOTjpapItQnkkvVC7GmnAnqG2Y47SWK4jjktBtOb+d+94kqzaR4MFlCgxiPBYsYwcZKfjZkj9NhtebW3QXQOvEKUoMC7WH1azCSJI2pMIRjrfuem5ggx8owwumsMkg1TTCZ4jHtWypwTHWQL46doQurjFAklS1h0EL9PZHjWOssDm1njM1Er3pz8T+vn5qoGeRMJKmhgiwXRSlHRqL552jEFCWGZ5Zgopi9FZEJVpgYm0/FhuCtvrxOOld1r1Fv3F/XWs0ijjKcwTlcggc30II7aIMPBBg8wyu8OcJ5cd6dj2VrySlmTuEPnM8f4AuOtw==</latexit>

yk
i

<latexit sha1_base64="/bBUz95yolA8IWH9hE/zHqZ32Uw=">AAAB6nicbVBNS8NAEJ3Ur1q/qh69LBbBU0lEao8FLx4r2g9oQ9lsJ+3SzSbsboQS+hO8eFDEq7/Im//GbZuDtj4YeLw3w8y8IBFcG9f9dgobm1vbO8Xd0t7+weFR+fikreNUMWyxWMSqG1CNgktsGW4EdhOFNAoEdoLJ7dzvPKHSPJaPZpqgH9GR5CFn1FjpoT1IBuWKW3UXIOvEy0kFcjQH5a/+MGZphNIwQbXueW5i/Iwqw5nAWamfakwom9AR9iyVNELtZ4tTZ+TCKkMSxsqWNGSh/p7IaKT1NApsZ0TNWK96c/E/r5easO5nXCapQcmWi8JUEBOT+d9kyBUyI6aWUKa4vZWwMVWUGZtOyYbgrb68TtpXVa9Wrd1fVxr1PI4inME5XIIHN9CAO2hCCxiM4Ble4c0Rzovz7nwsWwtOPnMKf+B8/gA38I2+</latexit>

Vp

<latexit sha1_base64="HpSOoyR6ULoyTdyHw1MqFflKzUQ=">AAAB7HicbVBNS8NAEJ3Ur1q/qh69LBbBU0lEao8FLx4rmLbQxrLZTtqlm03Y3Qil9Dd48aCIV3+QN/+N2zYHbX0w8Hhvhpl5YSq4Nq777RQ2Nre2d4q7pb39g8Oj8vFJSyeZYuizRCSqE1KNgkv0DTcCO6lCGocC2+H4du63n1BpnsgHM0kxiOlQ8ogzaqzkD/v8cdwvV9yquwBZJ15OKpCj2S9/9QYJy2KUhgmqdddzUxNMqTKcCZyVepnGlLIxHWLXUklj1MF0ceyMXFhlQKJE2ZKGLNTfE1Maaz2JQ9sZUzPSq95c/M/rZiaqB1Mu08ygZMtFUSaIScj8czLgCpkRE0soU9zeStiIKsqMzadkQ/BWX14nrauqV6vW7q8rjXoeRxHO4BwuwYMbaMAdNMEHBhye4RXeHOm8OO/Ox7K14OQzp/AHzucPxHuOpQ==</latexit>

gk
i

<latexit sha1_base64="xDVcqmEbMTJWN076KZzVbIiajws=">AAAB7HicbVBNS8NAEJ3Ur1q/qh69LBbBU0lEao8FLx4rmLbQxrLZbtqlm92wuxFC6G/w4kERr/4gb/4bt20O2vpg4PHeDDPzwoQzbVz32yltbG5t75R3K3v7B4dH1eOTjpapItQnkkvVC7GmnAnqG2Y47SWK4jjktBtOb+d+94kqzaR4MFlCgxiPBYsYwcZKfjZkj9NhtebW3QXQOvEKUoMC7WH1azCSJI2pMIRjrfuem5ggx8owwumsMkg1TTCZ4jHtWypwTHWQL46doQurjFAklS1h0EL9PZHjWOssDm1njM1Er3pz8T+vn5qoGeRMJKmhgiwXRSlHRqL552jEFCWGZ5Zgopi9FZEJVpgYm0/FhuCtvrxOOld1r1Fv3F/XWs0ijjKcwTlcggc30II7aIMPBBg8wyu8OcJ5cd6dj2VrySlmTuEPnM8f4AuOtw==</latexit>

yk
i

<latexit sha1_base64="8YnGgzpGB7BCDQQxPphiy1tgCg4=">AAAB6HicbVDLTgJBEOzFF+IL9ehlIjHxRHaNQY4kXjxCIo8ENmR2aGBkdnYzM2uCG77AiweN8eonefNvHGAPClbSSaWqO91dQSy4Nq777eQ2Nre2d/K7hb39g8Oj4vFJS0eJYthkkYhUJ6AaBZfYNNwI7MQKaRgIbAeT27nffkSleSTvzTRGP6QjyYecUWOlxlO/WHLL7gJknXgZKUGGer/41RtELAlRGiao1l3PjY2fUmU4Ezgr9BKNMWUTOsKupZKGqP10ceiMXFhlQIaRsiUNWai/J1Iaaj0NA9sZUjPWq95c/M/rJmZY9VMu48SgZMtFw0QQE5H512TAFTIjppZQpri9lbAxVZQZm03BhuCtvrxOWldlr1KuNK5LtWoWRx7O4BwuwYMbqMEd1KEJDBCe4RXenAfnxXl3PpatOSebOYU/cD5/AOnRjP8=</latexit>z

<latexit sha1_base64="uv1H2++URE6gqp5Y1Pk12Q1kMD0=">AAAB73icbVBNSwMxEJ3Ur1q/qh69BIvoqeyK1B4LXjxWsB/QriWbZtvQbHZNssKy9E948aCIV/+ON/+NabsHbX0w8Hhvhpl5fiy4No7zjQpr6xubW8Xt0s7u3v5B+fCoraNEUdaikYhU1yeaCS5Zy3AjWDdWjIS+YB1/cjPzO09MaR7Je5PGzAvJSPKAU2Ks1E0H/CGbnE8H5YpTdebAq8TNSQVyNAflr/4woknIpKGCaN1zndh4GVGGU8GmpX6iWUzohIxYz1JJQqa9bH7vFJ9ZZYiDSNmSBs/V3xMZCbVOQ992hsSM9bI3E//zeokJ6l7GZZwYJuliUZAIbCI8ex4PuWLUiNQSQhW3t2I6JopQYyMq2RDc5ZdXSfuy6taqtburSqOex1GEEziFC3DhGhpwC01oAQUBz/AKb+gRvaB39LFoLaB85hj+AH3+AAlJj/Q=</latexit>

yk→

i

<latexit sha1_base64="oBoK1DDkfjFJhFdlN1k3xKM2Egg=">AAACBHicbVDLSsNAFJ3UV42vqMtuBovgQkoiUrssiI9lBfuAJoTJdNIOnUzCzEQooQs3/oobF4q49SPc+TdO2iy09cAwh3Pu5d57goRRqWz72yitrK6tb5Q3za3tnd09a/+gI+NUYNLGMYtFL0CSMMpJW1HFSC8RBEUBI91gfJn73QciJI35vZokxIvQkNOQYqS05FuVK5+euq55Pf/cCKkRRiy7mfrUt6p2zZ4BLhOnIFVQoOVbX+4gxmlEuMIMSdl37ER5GRKKYkampptKkiA8RkPS15SjiEgvmx0xhcdaGcAwFvpxBWfq744MRVJOokBX5kvKRS8X//P6qQobXkZ5kirC8XxQmDKoYpgnAgdUEKzYRBOEBdW7QjxCAmGlczN1CM7iycukc1Zz6rX63Xm12SjiKIMKOAInwAEXoAluQQu0AQaP4Bm8gjfjyXgx3o2PeWnJKHoOwR8Ynz/NyJbu</latexit>

Ei,

Fi,

Gi

…

…

…

<latexit sha1_base64="39kGTshTdlHSdpjvvgti+pYoxbM=">AAACLnicbVDLSsNAFJ34rPEVdekmWAQXUhKR2mVBqq6kgn1AJ4TJdNoOnUzCzEQoIV/kxl/RhaAibv0MJ20X9nHgwuGce7n3niBmVCrH+TBWVtfWNzYLW+b2zu7evnVw2JRRIjBp4IhFoh0gSRjlpKGoYqQdC4LCgJFWMLzO/dYTEZJG/FGNYuKFqM9pj2KktORbNZjWfAozP6WQ8s69l51DaML0ZpkIQ6QGGLH0Npu1favolJwx7EXiTkkRTFH3rTfYjXASEq4wQ1J2XCdWXoqEopiRzISJJDHCQ9QnHU05Con00vG7mX2qla7di4Quruyx+n8iRaGUozDQnfnBct7LxWVeJ1G9ipdSHieKcDxZ1EuYrSI7z87uUkGwYiNNEBZU32rjARIIK52wqUNw519eJM2LklsulR8ui9XKNI4COAYn4Ay44ApUwR2ogwbA4Bm8gk/wZbwY78a38TNpXTGmM0dgBsbvH67+qY0=</latexit>

Fig. 3: Workflow of BreastG-FCL for Task k.

been drawn by previous studies, which show that disease-
specific regions contain complementary biological information
obscured by the whole-MRI images [4]. This motivation can be
further explained by the information bottleneck in information
theory [18]. Specifically, denote xfull = (xfine, xirrelevant) as the
full-size MRI and xfine as the disease-specific regions in MRI,
then the disease-specific graph construction can be interpreted
as a task-oriented information bottleneck constrained by
clinical priors, which keeps information relevant to the tumor,
e.g., xfine, but compresses most information irrelevant to the
tumor, xirrelevant, e.g., field strength and registration errors:
maxxfine I(xfine; y) → ωI(xfine; xfull).

Therefore, we adapt spatial and temporal relations in the
prior study [12] for breast cancer radiogenomics on TCGA-
BRCA. Specifically, we construct spatial relations from disease-
specific MRI regions and temporal relations from DCE-MRI
enhancement curves. These disease-aware relational signals
allow the framework to better capture clinical relations and
strengthen radiogenomic prediction under FCL scenarios.

III. SYSTEM DESIGN

A. Overview

BreastG-FCL follows the FCL architecture in the prior
study [12], where one global discriminator D is initialized

on the central server and local encoder-generator-predictor
pairs are initialized on N clients. Each client Ci keeps raw
data locally and learns a sequence of Tasks {T k

i }K
k=1. At Task

k, client Ci trains on the current dataset Dk
i without accessing

raw historical datasets {Dj
i }j<k.

Formally, for Task k, BreastG-FCL performs a minimax
optimization with the value function V (Ei, Fi, Gi, D) as:

min
{Ei,Gi,Fi}N

i=1

max
D

N)︄

i=1

[V k
p,i(Ei, Fi) → εdV

k
d,i(D, Ei)+

k)︄

j=1

[︄
V j,syn

p,i (Gi, Fi) → εdV
j,syn
d,i (D, Gi)

]︄
],

where

V k
p,i(Ei, Fi) = E(x,y)→Tk

i

⌊︄
ϑp

⌋︄
Fi(Ei(x, gk

i )), y
⌈︄⌉︄

,

V k
d,i(D, Ei) = E(x,y)→Tk

i

⌊︄
ϑd

⌋︄
D(Ei(x, gk

i ) + ϖi), ĝ
k
i

⌈︄⌉︄
,

V j,syn
p,i (Gi, Fi) = Ez, y→T j

i

{︄
ϑp

⌋︄
Fi(Gi(z, y, gj

i )), y
⌈︄}︄

,

V j,syn
d,i (D, Gi) = Ez, y→T j

i

{︄
ϑd

⌋︄
D(Gi(z, y, gj

i ) + ϖi), ĝ
j
i

⌈︄}︄
.

Here, z ↑ N (0, I) is a random Gaussian noise, ϖg, ϖi ↑
Lap(0, 1) are Laplace noise terms introduced for privacy
protection, ĝj

i = gj
i + ϖg denotes the graph row added with

the noise, ϑp denotes the prediction loss, and ϑd denotes the
discriminator loss.

The workflow of BreastG-FCL for Task k is presented
in Figure 3. Specifically, within Task k, BreastG-FCL de-
composes the workflow into the following sequential steps:
data preprocessing (Section III-B), fine-grained relational

graph construction (Section III-C), graph-conditioned replay

(Section III-D), and representation alignment (Section III-E).
For data preprocessing, each client standardizes its local
MRI and DCE-MRI scans, segments disease-specific regions,
and extracts spatial morphology and temporal enhancement
descriptors. For fine-grained relational graph construction,
each client extracts privacy-safe disease summaries sk

i (spatial
relations) and rk

i (temporal relations) from local annotations
and sends them to the server. The server constructs a fine-
grained relational graph

Gk = !
⌋︄
{sk

i }N
i=1; {rk

i }N
i=1

⌈︄
, gk

i = Gk
i,:,

where Gk
ij measures the fine-grained relation between clients

Ci and Cj , and gk
i denotes the graph row assigned to client

Ci. Section III-C defines ! using fine-grained spatial and
temporal attention. For graph-conditioned replay, each client
maintains an encoder-generator-predictor triplet (Ei, Gi, Fi).
The encoder extracts graph-conditioned representations from
current-task samples, while the generator synthesizes represen-
tations for current and previous tasks conditioned on labels
and graph rows. The predictor learns jointly from real and
replayed representations to adapt to the current task while
preserving prior knowledge. For representation alignment, a
global discriminator D reconstructs graph rows from noise-
perturbed real and synthetic representations. The encoders and

3  Replay graph-conditioned representations
Current and historical relations guide latent replay.

ServerClients Time

<latexit sha1_base64="T4NFfsxGepq9umRnLLukfajZoxw=">AAAB/HicbVBNS8NAEJ34WetXtEcvwSJ4KolI7bHgxZNUsB/QxLDZbtqlm03Y3QghxL/ixYMiXv0h3vw3btsctPXBwOO9GWbmBQmjUtn2t7G2vrG5tV3Zqe7u7R8cmkfHPRmnApMujlksBgGShFFOuooqRgaJICgKGOkH0+uZ338kQtKY36ssIV6ExpyGFCOlJd+sufn4YepTt/Bz6lI+vPUK36zbDXsOa5U4JalDiY5vfrmjGKcR4QozJOXQsRPl5Ugoihkpqm4qSYLwFI3JUFOOIiK9fH58YZ1pZWSFsdDFlTVXf0/kKJIyiwLdGSE1kcveTPzPG6YqbHk55UmqCMeLRWHKLBVbsySsERUEK5ZpgrCg+lYLT5BAWOm8qjoEZ/nlVdK7aDjNRvPust5ulXFU4ARO4RwcuII23EAHuoAhg2d4hTfjyXgx3o2PReuaUc7U4A+Mzx8YQpUL</latexit>

{gk
i }i→[N ]

<latexit sha1_base64="cgtfoWHa/q92bnvvx8HRfNTE1v0=">AAAB63icbVBNS8NAEJ3Ur1q/qh69LBbBU0lE2h4LXjxWsB/QhrLZbpqlu5uwuxFK6F/w4kERr/4hb/4bN20O2vpg4PHeDDPzgoQzbVz32yltbe/s7pX3KweHR8cn1dOzno5TRWiXxDxWgwBrypmkXcMMp4NEUSwCTvvB7C73+09UaRbLRzNPqC/wVLKQEWxyadSJ2Lhac+vuEmiTeAWpQYHOuPo1msQkFVQawrHWQ89NjJ9hZRjhdFEZpZommMzwlA4tlVhQ7WfLWxfoyioTFMbKljRoqf6eyLDQei4C2ymwifS6l4v/ecPUhC0/YzJJDZVktShMOTIxyh9HE6YoMXxuCSaK2VsRibDCxNh4KjYEb/3lTdK7qXuNeuPhttZuFXGU4QIu4Ro8aEIb7qEDXSAQwTO8wpsjnBfn3flYtZacYuYc/sD5/AHjSY4g</latexit>

!

<latexit sha1_base64="HpSOoyR6ULoyTdyHw1MqFflKzUQ=">AAAB7HicbVBNS8NAEJ3Ur1q/qh69LBbBU0lEao8FLx4rmLbQxrLZTtqlm03Y3Qil9Dd48aCIV3+QN/+N2zYHbX0w8Hhvhpl5YSq4Nq777RQ2Nre2d4q7pb39g8Oj8vFJSyeZYuizRCSqE1KNgkv0DTcCO6lCGocC2+H4du63n1BpnsgHM0kxiOlQ8ogzaqzkD/v8cdwvV9yquwBZJ15OKpCj2S9/9QYJy2KUhgmqdddzUxNMqTKcCZyVepnGlLIxHWLXUklj1MF0ceyMXFhlQKJE2ZKGLNTfE1Maaz2JQ9sZUzPSq95c/M/rZiaqB1Mu08ygZMtFUSaIScj8czLgCpkRE0soU9zeStiIKsqMzadkQ/BWX14nrauqV6vW7q8rjXoeRxHO4BwuwYMbaMAdNMEHBhye4RXeHOm8OO/Ox7K14OQzp/AHzucPxHuOpQ==</latexit>

gk
i

<latexit sha1_base64="8YnGgzpGB7BCDQQxPphiy1tgCg4=">AAAB6HicbVDLTgJBEOzFF+IL9ehlIjHxRHaNQY4kXjxCIo8ENmR2aGBkdnYzM2uCG77AiweN8eonefNvHGAPClbSSaWqO91dQSy4Nq777eQ2Nre2d/K7hb39g8Oj4vFJS0eJYthkkYhUJ6AaBZfYNNwI7MQKaRgIbAeT27nffkSleSTvzTRGP6QjyYecUWOlxlO/WHLL7gJknXgZKUGGer/41RtELAlRGiao1l3PjY2fUmU4Ezgr9BKNMWUTOsKupZKGqP10ceiMXFhlQIaRsiUNWai/J1Iaaj0NA9sZUjPWq95c/M/rJmZY9VMu48SgZMtFw0QQE5H512TAFTIjppZQpri9lbAxVZQZm03BhuCtvrxOWldlr1KuNK5LtWoWRx7O4BwuwYMbqMEd1KEJDBCe4RXenAfnxXl3PpatOSebOYU/cD5/AOnRjP8=</latexit>z

<latexit sha1_base64="D/2EPOe5JzFSVrLpAN0mcrDsDNk=">AAAB7HicbVBNS8NAEJ34WetX1aOXxSJ4KolI7bHgxWMF0xbaWDbbbbt0swm7E7GE/gYvHhTx6g/y5r9x2+agrQ8GHu/NMDMvTKQw6Lrfztr6xubWdmGnuLu3f3BYOjpumjjVjPsslrFuh9RwKRT3UaDk7URzGoWSt8LxzcxvPXJtRKzucZLwIKJDJQaCUbSS/9QTD+NeqexW3DnIKvFyUoYcjV7pq9uPWRpxhUxSYzqem2CQUY2CST4tdlPDE8rGdMg7lioacRNk82On5NwqfTKItS2FZK7+nshoZMwkCm1nRHFklr2Z+J/XSXFQCzKhkhS5YotFg1QSjMnsc9IXmjOUE0so08LeStiIasrQ5lO0IXjLL6+S5mXFq1aqd1flei2PowCncAYX4ME11OEWGuADAwHP8ApvjnJenHfnY9G65uQzJ/AHzucP3oOOtg==</latexit>

xk
i

<latexit sha1_base64="xDVcqmEbMTJWN076KZzVbIiajws=">AAAB7HicbVBNS8NAEJ3Ur1q/qh69LBbBU0lEao8FLx4rmLbQxrLZbtqlm92wuxFC6G/w4kERr/4gb/4bt20O2vpg4PHeDDPzwoQzbVz32yltbG5t75R3K3v7B4dH1eOTjpapItQnkkvVC7GmnAnqG2Y47SWK4jjktBtOb+d+94kqzaR4MFlCgxiPBYsYwcZKfjZkj9NhtebW3QXQOvEKUoMC7WH1azCSJI2pMIRjrfuem5ggx8owwumsMkg1TTCZ4jHtWypwTHWQL46doQurjFAklS1h0EL9PZHjWOssDm1njM1Er3pz8T+vn5qoGeRMJKmhgiwXRSlHRqL552jEFCWGZ5Zgopi9FZEJVpgYm0/FhuCtvrxOOld1r1Fv3F/XWs0ijjKcwTlcggc30II7aIMPBBg8wyu8OcJ5cd6dj2VrySlmTuEPnM8f4AuOtw==</latexit>

yk
i

<latexit sha1_base64="OInI+asS30rlecwP0eZqwX226nU=">AAACCHicbVDLSgMxFM34rPU16tKFwSK4kDIjUrssiOCygn1AOw6ZNNOGJpkhyQhlmKUbf8WNC0Xc+gnu/Bsz0y609UDg5Jx7k3tPEDOqtON8W0vLK6tr66WN8ubW9s6uvbffVlEiMWnhiEWyGyBFGBWkpalmpBtLgnjASCcYX+V+54FIRSNxpycx8TgaChpSjLSRfPuoz5EeYcTS68xP6VlxlTw1b7Asux/7dsWpOgXgInFnpAJmaPr2V38Q4YQToTFDSvVcJ9ZeiqSmmJGs3E8UiREeoyHpGSoQJ8pLi0UyeGKUAQwjaY7QsFB/d6SIKzXhganM51TzXi7+5/USHda9lIo40UTg6UdhwqCOYJ4KHFBJsGYTQxCW1MwK8QhJhLXJrmxCcOdXXiTt86pbq9ZuLyqN+iyOEjgEx+AUuOASNMANaIIWwOARPINX8GY9WS/Wu/UxLV2yZj0H4A+szx/s05qL</latexit>

Ek
i,real

<latexit sha1_base64="Qis3PmhL2Qt7stlLLfYCCfXImaY=">AAACB3icbVDLSsNAFJ34rPUVdSlIsAgupCQitcuCCC4r2Ae0MUymk3bozCTMTIQQsnPjr7hxoYhbf8Gdf+MkzUJbDwycOede7r3HjyiRyra/jaXlldW19cpGdXNre2fX3NvvyjAWCHdQSEPR96HElHDcUURR3I8EhsynuOdPr3K/94CFJCG/U0mEXQbHnAQEQaUlzzwaMqgmCNL0OvNSclZ8BUtlwrPsfuqZNbtuF7AWiVOSGijR9syv4ShEMcNcIQqlHDh2pNwUCkUQxVl1GEscQTSFYzzQlEOGpZsWd2TWiVZGVhAK/biyCvV3RwqZlAnzdWW+ppz3cvE/bxCroOmmhEexwhzNBgUxtVRo5aFYIyIwUjTRBCJB9K4WmkABkdLRVXUIzvzJi6R7Xnca9cbtRa3VLOOogENwDE6BAy5BC9yANugABB7BM3gFb8aT8WK8Gx+z0iWj7DkAf2B8/gBL4po3</latexit>

Ek
i,syn

<latexit sha1_base64="HpSOoyR6ULoyTdyHw1MqFflKzUQ=">AAAB7HicbVBNS8NAEJ3Ur1q/qh69LBbBU0lEao8FLx4rmLbQxrLZTtqlm03Y3Qil9Dd48aCIV3+QN/+N2zYHbX0w8Hhvhpl5YSq4Nq777RQ2Nre2d4q7pb39g8Oj8vFJSyeZYuizRCSqE1KNgkv0DTcCO6lCGocC2+H4du63n1BpnsgHM0kxiOlQ8ogzaqzkD/v8cdwvV9yquwBZJ15OKpCj2S9/9QYJy2KUhgmqdddzUxNMqTKcCZyVepnGlLIxHWLXUklj1MF0ceyMXFhlQKJE2ZKGLNTfE1Maaz2JQ9sZUzPSq95c/M/rZiaqB1Mu08ygZMtFUSaIScj8czLgCpkRE0soU9zeStiIKsqMzadkQ/BWX14nrauqV6vW7q8rjXoeRxHO4BwuwYMbaMAdNMEHBhye4RXeHOm8OO/Ox7K14OQzp/AHzucPxHuOpQ==</latexit>

gk
i

<latexit sha1_base64="xDVcqmEbMTJWN076KZzVbIiajws=">AAAB7HicbVBNS8NAEJ3Ur1q/qh69LBbBU0lEao8FLx4rmLbQxrLZbtqlm92wuxFC6G/w4kERr/4gb/4bt20O2vpg4PHeDDPzwoQzbVz32yltbG5t75R3K3v7B4dH1eOTjpapItQnkkvVC7GmnAnqG2Y47SWK4jjktBtOb+d+94kqzaR4MFlCgxiPBYsYwcZKfjZkj9NhtebW3QXQOvEKUoMC7WH1azCSJI2pMIRjrfuem5ggx8owwumsMkg1TTCZ4jHtWypwTHWQL46doQurjFAklS1h0EL9PZHjWOssDm1njM1Er3pz8T+vn5qoGeRMJKmhgiwXRSlHRqL552jEFCWGZ5Zgopi9FZEJVpgYm0/FhuCtvrxOOld1r1Fv3F/XWs0ijjKcwTlcggc30II7aIMPBBg8wyu8OcJ5cd6dj2VrySlmTuEPnM8f4AuOtw==</latexit>

yk
i

<latexit sha1_base64="ox6zWoqHLpcSU2REt4V9SF8oe4M=">AAAB9HicbVDLSgMxFL1TX7W+qi7dBIvgqsyI1C4LLnRZwT6gHUomzbShmWRMMoUy9DvcuFDErR/jzr8x085CWw8EDufcyz05QcyZNq777RQ2Nre2d4q7pb39g8Oj8vFJW8tEEdoikkvVDbCmnAnaMsxw2o0VxVHAaSeY3GZ+Z0qVZlI8mllM/QiPBAsZwcZKfj/CZkwwT+/mAzYoV9yquwBaJ15OKpCjOSh/9YeSJBEVhnCsdc9zY+OnWBlGOJ2X+ommMSYTPKI9SwWOqPbTReg5urDKEIVS2ScMWqi/N1IcaT2LAjuZhdSrXib+5/USE9b9lIk4MVSQ5aEw4chIlDWAhkxRYvjMEkwUs1kRGWOFibE9lWwJ3uqX10n7qurVqrWH60qjntdRhDM4h0vw4AYacA9NaAGBJ3iGV3hzps6L8+58LEcLTr5zCn/gfP4A/GaSOg==</latexit>

Gi

<latexit sha1_base64="h6kvtAIxwkU9VA7j4aZ7CHpx/JU=">AAAB6nicbVBNS8NAEJ3Ur1q/qh69LBbBU0lEao8FLx4r2g9oQ9lstu3SzSbsToQS+hO8eFDEq7/Im//GbZuDtj4YeLw3w8y8IJHCoOt+O4WNza3tneJuaW//4PCofHzSNnGqGW+xWMa6G1DDpVC8hQIl7yaa0yiQvBNMbud+54lrI2L1iNOE+xEdKTEUjKKVHtqDcFCuuFV3AbJOvJxUIEdzUP7qhzFLI66QSWpMz3MT9DOqUTDJZ6V+anhC2YSOeM9SRSNu/Gxx6oxcWCUkw1jbUkgW6u+JjEbGTKPAdkYUx2bVm4v/eb0Uh3U/EypJkSu2XDRMJcGYzP8modCcoZxaQpkW9lbCxlRThjadkg3BW315nbSvql6tWru/rjTqeRxFOINzuAQPbqABd9CEFjAYwTO8wpsjnRfn3flYthacfOYU/sD5/AElwI2y</latexit>

Vd

<latexit sha1_base64="oeif9j4pnuAwRYr+jHr/RS8Ddmk=">AAAB6HicbVDLSgNBEOyNrxhfUY9eBoPgKeyKxBwDevCYgHlAsoTZSScZMzu7zMwKYckXePGgiFc/yZt/4yTZgyYWNBRV3XR3BbHg2rjut5Pb2Nza3snvFvb2Dw6PiscnLR0limGTRSJSnYBqFFxi03AjsBMrpGEgsB1Mbud++wmV5pF8MNMY/ZCOJB9yRo2VGnf9YsktuwuQdeJlpAQZ6v3iV28QsSREaZigWnc9NzZ+SpXhTOCs0Es0xpRN6Ai7lkoaovbTxaEzcmGVARlGypY0ZKH+nkhpqPU0DGxnSM1Yr3pz8T+vm5hh1U+5jBODki0XDRNBTETmX5MBV8iMmFpCmeL2VsLGVFFmbDYFG4K3+vI6aV2VvUq50rgu1apZHHk4g3O4BA9uoAb3UIcmMEB4hld4cx6dF+fd+Vi25pxs5hT+wPn8AZf5jMk=</latexit>

D

<latexit sha1_base64="oeif9j4pnuAwRYr+jHr/RS8Ddmk=">AAAB6HicbVDLSgNBEOyNrxhfUY9eBoPgKeyKxBwDevCYgHlAsoTZSScZMzu7zMwKYckXePGgiFc/yZt/4yTZgyYWNBRV3XR3BbHg2rjut5Pb2Nza3snvFvb2Dw6PiscnLR0limGTRSJSnYBqFFxi03AjsBMrpGEgsB1Mbud++wmV5pF8MNMY/ZCOJB9yRo2VGnf9YsktuwuQdeJlpAQZ6v3iV28QsSREaZigWnc9NzZ+SpXhTOCs0Es0xpRN6Ai7lkoaovbTxaEzcmGVARlGypY0ZKH+nkhpqPU0DGxnSM1Yr3pz8T+vm5hh1U+5jBODki0XDRNBTETmX5MBV8iMmFpCmeL2VsLGVFFmbDYFG4K3+vI6aV2VvUq50rgu1apZHHk4g3O4BA9uoAb3UIcmMEB4hld4cx6dF+fd+Vi25pxs5hT+wPn8AZf5jMk=</latexit>

D

<latexit sha1_base64="Tv8WR7m+ev5d0Ioo+hkr7CjA6DE=">AAAB6nicbVBNS8NAEJ3Ur1q/qh69LBbBU0lEao8FETxWtLbQhrLZbtqlm03YnQgl9Cd48aCIV3+RN/+N2zYHbX0w8Hhvhpl5QSKFQdf9dgpr6xubW8Xt0s7u3v5B+fDo0cSpZrzFYhnrTkANl0LxFgqUvJNoTqNA8nYwvp757SeujYjVA04S7kd0qEQoGEUr3d/0Rb9ccavuHGSVeDmpQI5mv/zVG8QsjbhCJqkxXc9N0M+oRsEkn5Z6qeEJZWM65F1LFY248bP5qVNyZpUBCWNtSyGZq78nMhoZM4kC2xlRHJllbyb+53VTDOt+JlSSIldssShMJcGYzP4mA6E5QzmxhDIt7K2EjaimDG06JRuCt/zyKnm8qHq1au3ustKo53EU4QRO4Rw8uIIG3EITWsBgCM/wCm+OdF6cd+dj0Vpw8plj+APn8wcTbo2m</latexit>

Ei

<latexit sha1_base64="/bBUz95yolA8IWH9hE/zHqZ32Uw=">AAAB6nicbVBNS8NAEJ3Ur1q/qh69LBbBU0lEao8FLx4r2g9oQ9lsJ+3SzSbsboQS+hO8eFDEq7/Im//GbZuDtj4YeLw3w8y8IBFcG9f9dgobm1vbO8Xd0t7+weFR+fikreNUMWyxWMSqG1CNgktsGW4EdhOFNAoEdoLJ7dzvPKHSPJaPZpqgH9GR5CFn1FjpoT1IBuWKW3UXIOvEy0kFcjQH5a/+MGZphNIwQbXueW5i/Iwqw5nAWamfakwom9AR9iyVNELtZ4tTZ+TCKkMSxsqWNGSh/p7IaKT1NApsZ0TNWK96c/E/r5easO5nXCapQcmWi8JUEBOT+d9kyBUyI6aWUKa4vZWwMVWUGZtOyYbgrb68TtpXVa9Wrd1fVxr1PI4inME5XIIHN9CAO2hCCxiM4Ble4c0Rzovz7nwsWwtOPnMKf+B8/gA38I2+</latexit>

Vp

<latexit sha1_base64="ox6zWoqHLpcSU2REt4V9SF8oe4M=">AAAB9HicbVDLSgMxFL1TX7W+qi7dBIvgqsyI1C4LLnRZwT6gHUomzbShmWRMMoUy9DvcuFDErR/jzr8x085CWw8EDufcyz05QcyZNq777RQ2Nre2d4q7pb39g8Oj8vFJW8tEEdoikkvVDbCmnAnaMsxw2o0VxVHAaSeY3GZ+Z0qVZlI8mllM/QiPBAsZwcZKfj/CZkwwT+/mAzYoV9yquwBaJ15OKpCjOSh/9YeSJBEVhnCsdc9zY+OnWBlGOJ2X+ommMSYTPKI9SwWOqPbTReg5urDKEIVS2ScMWqi/N1IcaT2LAjuZhdSrXib+5/USE9b9lIk4MVSQ5aEw4chIlDWAhkxRYvjMEkwUs1kRGWOFibE9lWwJ3uqX10n7qurVqrWH60qjntdRhDM4h0vw4AYacA9NaAGBJ3iGV3hzps6L8+58LEcLTr5zCn/gfP4A/GaSOg==</latexit>

Gi

<latexit sha1_base64="Tv8WR7m+ev5d0Ioo+hkr7CjA6DE=">AAAB6nicbVBNS8NAEJ3Ur1q/qh69LBbBU0lEao8FETxWtLbQhrLZbtqlm03YnQgl9Cd48aCIV3+RN/+N2zYHbX0w8Hhvhpl5QSKFQdf9dgpr6xubW8Xt0s7u3v5B+fDo0cSpZrzFYhnrTkANl0LxFgqUvJNoTqNA8nYwvp757SeujYjVA04S7kd0qEQoGEUr3d/0Rb9ccavuHGSVeDmpQI5mv/zVG8QsjbhCJqkxXc9N0M+oRsEkn5Z6qeEJZWM65F1LFY248bP5qVNyZpUBCWNtSyGZq78nMhoZM4kC2xlRHJllbyb+53VTDOt+JlSSIldssShMJcGYzP4mA6E5QzmxhDIt7K2EjaimDG06JRuCt/zyKnm8qHq1au3ustKo53EU4QRO4Rw8uIIG3EITWsBgCM/wCm+OdF6cd+dj0Vpw8plj+APn8wcTbo2m</latexit>

Ei
<latexit sha1_base64="ukUn2LxDQ0AgFTWAgZOFwgoX1ow=">AAAB6nicbVBNS8NAEJ3Ur1q/qh69LBbBU0lEao8FQTxWtLbQhrLZbtqlm03YnQgl9Cd48aCIV3+RN/+N2zYHbX0w8Hhvhpl5QSKFQdf9dgpr6xubW8Xt0s7u3v5B+fDo0cSpZrzFYhnrTkANl0LxFgqUvJNoTqNA8nYwvp757SeujYjVA04S7kd0qEQoGEUr3d/0Rb9ccavuHGSVeDmpQI5mv/zVG8QsjbhCJqkxXc9N0M+oRsEkn5Z6qeEJZWM65F1LFY248bP5qVNyZpUBCWNtSyGZq78nMhoZM4kC2xlRHJllbyb+53VTDOt+JlSSIldssShMJcGYzP4mA6E5QzmxhDIt7K2EjaimDG06JRuCt/zyKnm8qHq1au3ustKo53EU4QRO4Rw8uIIG3EITWsBgCM/wCm+OdF6cd+dj0Vpw8plj+APn8wcU9I2n</latexit>

Fi

<latexit sha1_base64="OInI+asS30rlecwP0eZqwX226nU=">AAACCHicbVDLSgMxFM34rPU16tKFwSK4kDIjUrssiOCygn1AOw6ZNNOGJpkhyQhlmKUbf8WNC0Xc+gnu/Bsz0y609UDg5Jx7k3tPEDOqtON8W0vLK6tr66WN8ubW9s6uvbffVlEiMWnhiEWyGyBFGBWkpalmpBtLgnjASCcYX+V+54FIRSNxpycx8TgaChpSjLSRfPuoz5EeYcTS68xP6VlxlTw1b7Asux/7dsWpOgXgInFnpAJmaPr2V38Q4YQToTFDSvVcJ9ZeiqSmmJGs3E8UiREeoyHpGSoQJ8pLi0UyeGKUAQwjaY7QsFB/d6SIKzXhganM51TzXi7+5/USHda9lIo40UTg6UdhwqCOYJ4KHFBJsGYTQxCW1MwK8QhJhLXJrmxCcOdXXiTt86pbq9ZuLyqN+iyOEjgEx+AUuOASNMANaIIWwOARPINX8GY9WS/Wu/UxLV2yZj0H4A+szx/s05qL</latexit>
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{Ei}i→[N ],

{Fi}i→[N ],

{Gi}i→[N ]

Fig. 3: Workflow of BreastG-FCL for Task k.

been drawn by previous studies, which show that disease-
specific regions contain complementary biological information
obscured by the whole-MRI images [4]. This motivation can be
further explained by the information bottleneck in information
theory [18]. Specifically, denote xfull = (xfine, xirrelevant) as the
full-size MRI and xfine as the disease-specific regions in MRI,
then the disease-specific graph construction can be interpreted
as a task-oriented information bottleneck constrained by
clinical priors, which keeps information relevant to the tumor,
e.g., xfine, but compresses most information irrelevant to the
tumor, xirrelevant, e.g., field strength and registration errors:
maxxfine I(xfine; y) → ωI(xfine; xfull).

Therefore, we adapt spatial and temporal relations in the
prior study [12] for breast cancer radiogenomics on TCGA-
BRCA. Specifically, we construct spatial relations from disease-
specific MRI regions and temporal relations from DCE-MRI
enhancement curves. These disease-aware relational signals
allow the framework to better capture clinical relations and
strengthen radiogenomic prediction under FCL scenarios.

III. SYSTEM DESIGN

A. Overview

BreastG-FCL follows the FCL architecture in the prior
study [12], where one global discriminator D is initialized

on the central server and local encoder-generator-predictor
pairs are initialized on N clients. Each client Ci keeps raw
data locally and learns a sequence of Tasks {T k

i }K
k=1. At Task

k, client Ci trains on the current dataset Dk
i without accessing

raw historical datasets {Dj
i }j<k.

Formally, for Task k, BreastG-FCL performs a minimax
optimization with the value function V (Ei, Fi, Gi, D) as:

min
{Ei,Gi,Fi}N

i=1

max
D

N)︄

i=1

[V k
p,i(Ei, Fi) → εdV

k
d,i(D, Ei)+

k)︄

j=1

[︄
V j,syn

p,i (Gi, Fi) → εdV
j,syn
d,i (D, Gi)

]︄
],

where

V k
p,i(Ei, Fi) = E(x,y)→Tk

i

⌊︄
ϑp

⌋︄
Fi(Ei(x, gk

i )), y
⌈︄⌉︄

,

V k
d,i(D, Ei) = E(x,y)→Tk

i

⌊︄
ϑd

⌋︄
D(Ei(x, gk

i ) + ϖi), ĝ
k
i

⌈︄⌉︄
,

V j,syn
p,i (Gi, Fi) = Ez, y→T j

i

{︄
ϑp

⌋︄
Fi(Gi(z, y, gj

i )), y
⌈︄}︄

,

V j,syn
d,i (D, Gi) = Ez, y→T j

i

{︄
ϑd

⌋︄
D(Gi(z, y, gj

i ) + ϖi), ĝ
j
i

⌈︄}︄
.

Here, z ↑ N (0, I) is a random Gaussian noise, ϖg, ϖi ↑
Lap(0, 1) are Laplace noise terms introduced for privacy
protection, ĝj

i = gj
i + ϖg denotes the graph row added with

the noise, ϑp denotes the prediction loss, and ϑd denotes the
discriminator loss.

The workflow of BreastG-FCL for Task k is presented
in Figure 3. Specifically, within Task k, BreastG-FCL de-
composes the workflow into the following sequential steps:
data preprocessing (Section III-B), fine-grained relational

graph construction (Section III-C), graph-conditioned replay

(Section III-D), and representation alignment (Section III-E).
For data preprocessing, each client standardizes its local
MRI and DCE-MRI scans, segments disease-specific regions,
and extracts spatial morphology and temporal enhancement
descriptors. For fine-grained relational graph construction,
each client extracts privacy-safe disease summaries sk

i (spatial
relations) and rk

i (temporal relations) from local annotations
and sends them to the server. The server constructs a fine-
grained relational graph

Gk = !
⌋︄
{sk

i }N
i=1; {rk

i }N
i=1

⌈︄
, gk

i = Gk
i,:,

where Gk
ij measures the fine-grained relation between clients

Ci and Cj , and gk
i denotes the graph row assigned to client

Ci. Section III-C defines ! using fine-grained spatial and
temporal attention. For graph-conditioned replay, each client
maintains an encoder-generator-predictor triplet (Ei, Gi, Fi).
The encoder extracts graph-conditioned representations from
current-task samples, while the generator synthesizes represen-
tations for current and previous tasks conditioned on labels
and graph rows. The predictor learns jointly from real and
replayed representations to adapt to the current task while
preserving prior knowledge. For representation alignment, a
global discriminator D reconstructs graph rows from noise-
perturbed real and synthetic representations. The encoders and



Spatial Attention Compares Tumor Morphology

10

Per-client morphology summary

Aggregate regional descriptors

for the current task

Spatial attention

Higher relevance for clients

with similar tumor morphology

Attention normalizes similarity over candidate clients.
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ωk
ij = softmaxj

(
aωs(s

k
i , s

k
j )
)

[5] Q. Yu et al., “BreastG-FCL: Graph-Conditioned Federated Continual Learning for Breast Cancer Radiogenomics,” IEEE HealthCom, 2026.



Temporal Attention Follows Recent Kinetics
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Recent kinetic history

Recent history

A sliding window retains

recent task summaries.

Temporal attention

Compare enhancement histories

across clients.

The window limits the influence of outdated tasks and controls representation size.
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k
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)

[5] Q. Yu et al., “BreastG-FCL: Graph-Conditioned Federated Continual Learning for Breast Cancer Radiogenomics,” IEEE HealthCom, 2026.



Graph Fusion Requires Agreement in Both Cues
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Spatial attention Temporal attention

Tumor morphology Enhancement dynamics

Multiply the two attention scores, then normalize each graph row.

A strong edge needs support from both clinical signals.
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ij

[5] Q. Yu et al., “BreastG-FCL: Graph-Conditioned Federated Continual Learning for Breast Cancer Radiogenomics,” IEEE HealthCom, 2026.



Adversarial Alignment Reduces Relational Bias
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Global discriminator

Predicts the graph row

from perturbed features

Local encoder and 
generator

Learn features that make

this reconstruction difficult

Prediction loss retains task information while the shared objective aligns representations.
[5] Q. Yu et al., “BreastG-FCL: Graph-Conditioned Federated Continual Learning for Breast Cancer Radiogenomics,” IEEE HealthCom, 2026.



Graph-Conditioned Replay Preserves Knowledge

14

Current samples
Encode    with the

current graph row.

Replay
Generate latent features

from noise, label and

historical graph context.

Encoder inputs: scan and graph row. Replay inputs: noise, label and historical graph row.

<latexit sha1_base64="AIxfKFBAfTi4KAugLt4I9WAl+pE="></latexit>x

[5] Q. Yu et al., “BreastG-FCL: Graph-Conditioned Federated Continual Learning for Breast Cancer Radiogenomics,” IEEE HealthCom, 2026.



TCGA-BRCA and TCIA Data
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TCGA-BRCA
1,098 patient cases

60,660 measurements per profile

19,962 protein-coding genes

Public TCIA Collection
MR and mammography in DICOM

Linked to TCGA by patient ID

Example Imaging Record
Case: TCGA-AR-A1AQ

TCIA TCGA-BRCA archive

Linked records: 
Expression · Clinical · Subtype

Axial T1-weighted MRI
[5] Q. Yu et al., “BreastG-FCL: Graph-Conditioned Federated Continual Learning for Breast Cancer Radiogenomics,” IEEE HealthCom, 2026.

[8] W. Lingle et al., “The Cancer Genome Atlas Breast Invasive Carcinoma Collection (TCGA-BRCA),” TCIA, 2016.

Sagittal VIBRANT MRI



Experimental Setup
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Federated Continual Setting
4 tasks -> 4 stages; 4 clients

Dirichilet distribution to simulate non-IID 
scenarios

Implementation
NVIDIA FLARE


Representative FCL Baselines
FedAvg-Adv · FedAvg Variant*

FedCIL · ICLR 2023

MFCL · NeurIPS 2023

Accuracy, AUC, Macro-F1 and forgetting

[5] Q. Yu et al., “BreastG-FCL: Graph-Conditioned Federated Continual Learning for Breast Cancer Radiogenomics,” IEEE HealthCom, 2026.

AF-FCL · ICLR 2024

C²Prompt · NeurIPS 2025

GFedCL · ICML 2026

*Adversarial FedAvg baseline used in GFedCL (ICML 2026).



BreastG-FCL Improves Predictive Performance
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84.87%
Accuracy

+9.55
percentage points


vs. GFedCL

Original results from Fig. 4. Classification metrics: higher is better. Forgetting: lower is better.
[5] Q. Yu et al., “BreastG-FCL: Graph-Conditioned Federated Continual Learning for Breast Cancer Radiogenomics,” IEEE HealthCom, 2026.



Higher Prediction Quality, Lower Forgetting
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AUC (%)

0
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80

100

GFedCL BreastG-FCL

90.96
82.10

+8.86 pp

Macro-F1 (%)

0

20

40

60

80

100

GFedCL BreastG-FCL

83.71
74.00

+9.71 pp

Forgetting (%)

0

1

2

3

4

5

GFedCL BreastG-FCL

2.58

3.93

−1.35 pp
pp = percentage points. Lower forgetting means less performance loss on previous tasks.

[5] Q. Yu et al., “BreastG-FCL: Graph-Conditioned Federated Continual Learning for Breast Cancer Radiogenomics,” IEEE HealthCom, 2026.



Both Clinical Signals Contribute
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Accuracy (%)

0

20

40

60

80

100

Full model No spatial

attention

No temporal

attention

No graph

77.3882.3181.4684.87
Removing the 
graph

−7.49 pp
accuracy

Forgetting rises

from 2.58% to 4.21%.

Ablation values from the paper’s text and reported deltas, Section IV-C.
[5] Q. Yu et al., “BreastG-FCL: Graph-Conditioned Federated Continual Learning for Breast Cancer Radiogenomics,” IEEE HealthCom, 2026.



The Learned Graph Reflects Clinical Similarity
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Pearson correlation with graph edge weights

0.0

0.2

0.4

0.6

0.8

1.0

Spatial morphology Temporal kinetics Clinical composition

0.62
0.780.81

Clients with similar phenotypes receive stronger connections.
Correlation describes the learned graph; it does not establish clinical deployment validity.

[5] Q. Yu et al., “BreastG-FCL: Graph-Conditioned Federated Continual Learning for Breast Cancer Radiogenomics,” IEEE HealthCom, 2026.



BreastG-FCL

21

Disease-aware client relations
Tumor morphology and DCE-MRI kinetics guide

replay and representation alignment.

84.87% accuracy
+9.55 percentage points over GFedCL

qyu13@stevens.edu
[5] Q. Yu et al., “BreastG-FCL: Graph-Conditioned Federated Continual Learning for Breast Cancer Radiogenomics,” IEEE HealthCom, 2026.



Stevens Institute of Technology 
1 Castle Point Terrace, Hoboken, NJ 07030

Thank You



Stevens Institute of Technology 
1 Castle Point Terrace, Hoboken, NJ 07030

Q&A


