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Abstract. Multi-site functional MRI (fMR]) is essential for learning generaliz-
able functional connectivity (FC) biomarkers, yet scanner- and protocol-specific
variability shifts FC distributions and degrades cross-site generalization, necessi-
tating effective harmonization. Existing methods often rely on simple many-to-one
global mappings toward a single pre-defined target site and are also difficult to
transfer across atlases. To address these issues, we propose UniFCHarm, a unified
prompt-guided framework for multi-scanner and multi-atlas FC harmonization.
UniFCHarm first pretrains a GraphCLIP using 44,493 acquisition- and atlas-aware
FC-prompt pairs to align them into a shared latent space, enabling harmoniza-
tion toward a user-specified target condition instead of being constrained to a
single reference site or atlas. It then performs coarse-to-fine harmonization by
first correcting subnetwork-to-subnetwork connectivity and subsequently refin-
ing ROI-to-ROI connections, thereby mitigating over-correction. Evaluations on
traveling-subject benchmark across multiple atlases demonstrate that UniFCHarm
achieves the highest ground-truth agreement with MAE 0.033 + 0.001 and reli-
ably matches the target acquisition setting with accuracy 91.25 + 6.18%, outper-
forming the evaluated representative baselines. Our code is available at https:
//github.com/yizhixiaolinya/Code-MICCAI2026_fMRI-Harm.git.

Keywords: fMRI harmonization, functional connectivity, prompt conditioning,
multi-scanner neuroimaging, generative modeling.

1 Introduction

Multi-site functional MRI (fMRI) studies are essential for learning generalizable functional-
connectivity (FC) biomarkers for disease diagnosis and subtyping [12]. However, FC
data acquired across sites exhibit heterogeneity driven by acquisition setting (including
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Fig. 1. Overview of the proposed UniFCHarm. (A) GraphCLIP pre-training for aligning multi-
scanner FC with structured acquisition- and atlas-aware prompts. (B) Prompt-guided harmoniza-
tion for translating an input FC toward a desired prompt-specified acquisition condition, enabling
multi-scanner and multi-atlas harmonization.

scanner and acquisition parameter) differences, which affects FC distributions and de-
grades downstream analysis [26]. FC harmonization is therefore essential to mitigate
such heterogeneity, while preserving subject-specific variability associated with subject
characteristics and disease status [23].

To achieve FC harmonization, previous methods primarily employ linear paramet-
ric models (e.g., ComBat [10]) that regress out scanner bias by adjusting FC means
and covariances. While computationally efficient, these linear approaches are limited in
modeling the complex relationship between high-dimensional FC data and acquisition-
induced heterogeneity. To better capture non-linear effects, deep learning harmonization
frameworks have emerged [20, 22]. Despite the effectiveness of these methods, they of-
ten remain constrained by a rigid many-to-one paradigm that maps all FC data toward
a single, pre-defined target site [20], lacking the flexibility to handle diverse acquisi-
tion settings in realistic multi-site scenarios [22]. Moreover, most existing frameworks
are atlas-dependent and cannot generalize across different brain atlases [26]. Beyond
these flexibility constraints, many deep learning-based methods overlook the multi-
scale nature of acquisition-induced heterogeneity [20, 8]. In practice, site effects can
shift connectivity patterns between subnetworks while also introducing finer biases at
the level of individual ROI-to-ROI connections. When both scales are handled by a
single-step, non-selective global correction, the method lacks coarse-to-fine constraints
to separate systematic site noise from subject-specific biological signals, increasing the
risk of over-correction.

To address these limitations, we propose UniFCHarm, a unified prompt-guided
framework for fMRI FC harmonization across acquisition settings and atlases. UniFCHarm
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pretrains GraphCLIP to align structured prompts that encode acquisition settings and
atlas specifications with FC graphs in a shared latent space, yielding prompt embed-
dings that condition harmonization toward a desired target setting. By conditioning
on these embeddings rather than a fixed reference site, UniFCHarm performs flexible,
prompt-directed harmonization that generalizes across arbitrary scanner-protocol-atlas
combinations. To handle the multi-scale nature of site effects, UniFCHarm further adopts
a hierarchical coarse-to-fine strategy by first harmonizing subnetwork-level connectivity
and then refining ROI-level connections to correct residual biases, thereby constrain-
ing fine-grained harmonization within a coarse structural prior to reduce the risk of
over-correction.

Our contributions are threefold. First, we introduce UniFCHarm, a prompt-guided
harmonization framework that enables prompt-conditioned translation without mapping
all data to a fixed reference site and with improved compatibility across atlases. Second,
we propose a hierarchical coarse-to-fine harmonization strategy that first harmonizes
subnetwork-to-subnetwork connectivity and then refines ROI-to-ROI connections to
better handle multi-scale acquisition-induced heterogeneity while reducing the risk of
over-correction. Third, extensive experiments on traveling-subject benchmark show that
our method consistently outperforms representative baselines, yielding lower error to
the ground truth with MAE 0.033 + 0.001 and higher target-setting compliance with
accuracy 91.25 + 6.18%.

2 Method

As depicted in Fig. 1, UniFCHarm is a two-stage framework that hierarchically har-
monizes FCs using acquisition- and atlas-aware prompts. In Stage 1 (Fig. 1(A)), we
pretrain GraphCLIP to align prompts with FC graphs in a shared latent space. In Stage 2
(Fig. 1(B)), the Prompt-guided Graph Harmonizer (PGH) conditions on these embed-
dings to perform hierarchical FC harmonization toward a user-specified target acquisition
setting.

2.1 GraphCLIP Pre-training for FC-Prompt Alignment

We pretrain GraphCLIP with a contrastive objective. Specifically, we use a text encoder
to embed the prompt and a graph encoder to extract FC representations, for aligning the
two modalities in a shared latent space. The text encoder E; is an eight-head Transformer
that maps each structured prompt to a prompt embedding, and the graph encoder Ej is
a three-layer GCN that maps each FC graph to a graph embedding.

Construction of FC-specific Text Prompt. FC distributions are influenced by the
acquisition setting, and the atlas choice further shifts them by changing parcellation
granularity and ROI definitions. To explicitly guide harmonization, we encode the
acquisition setting and atlas specification into a structured prompt with a fixed template,
as illustrated in Fig. 1(A) (right). The prompt includes scanner identity, TR, TE, T, flip
angle, voxel size, and FC atlas, allowing the target condition to be specified at inference.
Contrastive Learning-based Pre-training. To align FC graphs with structured prompts,
we optimize E, and E; with a symmetric InfoNCE loss. For a mini-batch of B paired FC
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graphs and prompts, we £»-normalize the embeddings to obtain g; and t;. The objective
maximizes the similarity of matched graph—prompt pairs and contrasts them against
mismatched pairs:

B . .
1 exp(sim(g;, t;)/Tai exp(sim(t;, g;)/Tai
Lclip _ o= Z 0g — p( .(gt i)/ chp) +1log . p( ( i 8i)/ chp) ’
i=1 Zj:l exp(sim(g;, t;)/Tciip) Zj:l exp(sim(t;, g;)/Teiip)

(H
where sim(-, -) denotes cosine similarity and 7¢j;p is the InfoNCE temperature. After
pre-training, the text encoder is frozen and used to produce target-prompt embeddings
for Stage 2.

2.2 Prompt-guided Coarse-to-Fine FC Harmonization

Based on prompt embeddings in Stage 1, we design a PGH to perform hierarchical
coarse-to-fine FC harmonization while mitigating over-correction. In Stage 2, we further
train it in a self-supervised manner due to the lack of traveling subjects across different
sites. We augment the original FC to obtain A, and train the PGH to recover the
original FC conditioned on its prompt embedding extracted from the frozen text encoder
in Stage 1. The original prompt is regarded as the target prompt during training. At
inference, the prompt is a user-specified acquisition condition for target harmonization.
Data augmentation. We construct an acquisition-style augmentation fu,q(-) by match-
ing global FC statistics to a reference sample. For each input FC A, we randomly sample
a reference FC A, acquired under a different acquisition setting. We then align the
global edge-weight statistics of A to those of A by matching their mean and stan-
dard deviation. We further introduce a scaling factor y combined with tanh to induce
non-linear shifts. This yields an augmented FC Agyg = faug(A; Arer) that mimics an
acquisition-induced domain shift. The model is then trained to remove this synthetic
shift and recover the target condition specified by the prompt.

Resampler and dilated-GCN. To support multi-atlas harmonization within a single
framework, and to resolve the dimensionality mismatch between atlas-dependent ROI
features and the fixed parameterization of the graph encoder, we adopt a Flamingo-style
Resampler [1]. For atlas a, we denote the number of ROIs by N,, the input feature
dimension by d, and the latent dimension by k. The Resampler applies cross-attention
over the initial ROI features X € RN«*< and outputs fixed-width ROI representations
Z € RN*k yielding a consistent feature dimension across atlases. We then feed Z into a
multi-scale dilated GCN with the augmented FC graph A, as the weighted adjacency:

H = GCN(Ayyg, Z) € RNa*K, )

The dilated GCN aggregates messages at multiple dilation rates to capture longer-
range topological dependencies while mitigating over-smoothing on dense FC graphs.
Together, the Resampler and dilated GCN form an atlas-agnostic graph encoder that
provides stable ROI embeddings for subsequent coarse-to-fine harmonization.

Prompt-guided coarse-to-fine harmonization. To avoid unstable global correction, we
perform prompt-guided harmonization in a coarse-to-fine manner, where subnetwork-
level supervision anchors ROI-level refinement. This design reflects that acquisition-
induced heterogeneity can appear at both functional subnetwork and ROI-to-ROI scales.
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A single global correction may treat these scales equally, whereas UniFCHarm first har-
monizes subnetwork-level connectivity and then refines residual ROI-level bias under
the coarse constraint. Given ROI embeddings H € RN«*k | we encode the target acqui-
sition setting prompt into tokens C € RE*¥ using the frozen text encoder in Stage 1
followed by a lightweight adapter with learnable tokens, where L denotes the prompt
token length. We inject C via cross-attention in the fusion modules. We first perform
cross-attention on coarse level subnetworks:

Heourse = Fusion,.(H, C) € RNa*k, )

where Fusion, (-) uses ROI features as queries and prompt tokens as keys and values,
producing prompt-guided node updates while keeping ROI granularity.
We then build a functional subnetwork-level anchor for coarse supervision. Using
a fixed Yeo-7 [25] ROI-to-network assignment mask M € {0, [WexNa (N, = 7), ROI
features are averaged within each network to form network embeddings:
— Ml,_]

Zet = MH a1se € RN‘7Xk, Mi,j = W “4)
r=1 "t

The row-wise normalization implements mean pooling. Yeo-7 serves as a shared cross-
atlas functional scaffold that maps ROIs from different atlases into the same seven
subnetworks before ROI-level refinement. From Z,.;, a subnetwork-level FC A arse €
RNeXNe is constructed via pairwise similarity between network embeddings, and is used
to compute the coarse loss. The model then refines at ROI granularity conditioned on
the same prompt:

Hppe = FUSionf(Hcoarse’ C)e RNana &)

where Fusiony(-) applies the same cross-attention principle at ROI-level and is opti-
mized by the fine loss. Finally, the harmonized FC A is reconstructed from Hg,e via
pairwise similarity, yielding a single refined FC output.

2.3 Loss Function

To balance harmonization compliance with identity preservation, we optimize a two-
term objective:

L = ALcoarse + Line- (6)
Lcoarse Stabilizes coarse-level harmonization by maximizing the Pearson correlation
between subnetwork-level FCs of the original input and the coarse output:

Leoarse = 1 = Corr(MAorigMTs Acoarse) P )

where M denotes the ROI-to-subnetwork assignment mask. The original FC is pooled
as MAigM T € RNeXNe which is dimensionally consistent with Acoarse. Lfine preserves
identity during ROI-level refinement by matching ROI embeddings extracted from A,

and A via the same Resampler and dilated GCN (Eq. (2)):

Line = ”Hﬁne - Horig”i: . 3
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3 Experiments and Results

3.1 Datasets and Implementation Details

Age Gender Datasets Atlas Scanner
4“1 138 623(x6, 119,
404 352 167 g5 (x6) 362
399 250 985
1356 2034 362 318 8423 1012
1298 423 6387
3956 580 1355
1124 4789 1351 623 8320

2214
8320 6249

738 650 1061 gog 771

8320
142431

0-10 60-70 F Unknown HBN SRPBS Schaefer100 Zalesky980 Siemens UH
10-20 70-80 M ADNI Drug Schaefer200 Power264 Philips Unknown
20-30 80-90 ABIDE RENJI Schaefer300 Craddock200 GE
30-40 90-100 HUASHAN onsls Schaefer400 Dosenbach160
40-50 Unknown ADHD NATVIEW Schaefer500 HO_cort
50-60 Meta_MDD Diabete_MCI AAL116 HO_sub

BrainLat PEARL_Neuro

Fig. 2. Dataset overview. Participant distributions are summarized by gender, dataset source, and
scanner vendor, with FC counts reported per atlas.

We collect a large-scale, multi-scanner fMRI dataset comprising 44,493 FC-prompt
pairs from 9,097 participants, collected from 12 public repositories [2, 4, 5, 6, 7, 9,
14, 15, 17, 18, 19, 24] and 2 internal institutions (Fig. 2). The SRPBS data used
for pre-training refer to the SRPBS Multi-disorder MRI Dataset [18]. In contrast, the
SRPBS Traveling Subject MRI Dataset [18], which contains 411 scans, is used only for
harmonization evaluation and excluded from training. All fMRI scans are preprocessed
using a standardized pipeline implemented in Gretna [21], including discarding initial
volumes, motion correction, spatial normalization to a common template space, nuisance
regression, and temporal filtering. ROI time series are extracted for each atlas, and FC
matrices are computed using Pearson correlation.

Experiments are conducted on one NVIDIA A100 GPU. Stage 1 and Stage 2 training
take approximately 6.4 and 6.1 days, respectively. In Stage 1, the FC and text encoders
are trained for 500 epochs with Adam [11]. In Stage 2, PGH is trained from scratch for
100 epochs on multi-atlas FCs using Adam with batch size 45 and an initial learning
rate of 1 X 10™* halved every 10 epochs; the coarse-loss weight is selected as A = 0.2
from {0.1,0.2,. .., 1.0}. Harmonization is evaluated using four criteria. Paired fidelity
is quantified by the Pearson correlation (Corr) between the harmonized FC A and the
ground-truth target FC, and by the mean absolute error (MAE) with respect to the same
target. Scanner-effect removal is measured by 1) the residual scanner significance ratio
(Sig-edge), i.e., the percentage of FC edges that remain significantly associated with
scanner after harmonization (FDR correction, ¢=0.05), and 2) the median partial R?
(Med. part. R?) across edges, where partial R? denotes the fraction of edge-wise variance
independently explained by scanner after controlling for covariates. Target-scanner
match is assessed by training a scanner-condition classifier and reporting the accuracy
of predicting the intended per-sample target condition from A. Biological preservation
is evaluated by age-prediction MAE. For downstream diagnosis, classification accuracy
(ACC) and area under the receiver operating characteristic curve (AUC) are reported.
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Table 1. Quantitative comparison on SRPBS traveling-subject.

Method Paired fidelity Scanner-effect removal | Target-scanner match T Age preservation
CorrT MAE] Sig-edge (%) Med. part. R2 (%) Target-scanner ACC (%)T Age MAE|
ComBat [10] 0.762+0.016 0.045+0.003 6.67+1.83 2.540.23 33454452 485024
CovBat [3] 0.771£0.014 0.044+0.002 5.85+1.20 2.12+0.15 34.12+5.10 4724031
ICVAE [16] 0.684:£0.028 0.052+0.005 4.12:£0.95 1.4520.12 52.80+£8.45 5.25+0.45
SMA [27] 0.725+£0.035 0.049+0.004 4.88+1.10 1.82+0.18 48.1547.22 5.10+0.38
UniFCHarm (Ours) _ 0.822+0.011 0.033+0.001 1.15+0.35 0.38-0.05 91.25+6.18 4.10+0.15
AT: one-hot embedding 0.785+0.020 0.040£0.003 _ 2.85+0.75 1.05+0.10 72.40%6.50 455+025
AZ: wio coarse- 0.791:£0.024 0.039+0.004  2.05+0.65 0.85+0.08 84.60+9.12 4.95+0.30
to-fine constraint
A3: wlo cross 0.775£0.021 0.041+0.003  3.15:+0.82 1.1220.12 81.45+7.60 4.88+0.28

-atlas sharing
Note: Sig-edge is computed after FDR correction (g = 0.05) across edges.

3.2 Comparison Experiments

We compare UniFCHarm against four representative FC harmonization methods: 1)
ComBat [10], 2) CovBat [3], 3) ICVAE [16], and 4) SMA [27]. ComBat and CovBat
represent statistical harmonization, ICVAE represents deep latent-variable harmoniza-
tion, and SMA represents distribution-shift correction via subsampling maximum mean
discrepancy matching. Unless specified, we use the default configuration of each com-
parison method and apply it independently for each atlas. Each baseline is trained or
fitted separately for each source-target harmonization task under the same preprocessing
and evaluation protocol. This ensures a fair comparison against UniFCHarm, which uses
a single unified model across atlases.

Quantitative Comparison. Tab. 1 demonstrates that UniFCHarm consistently outper-
forms representative harmonization baselines on SRPBS traveling-subject. UniFCHarm
attains the highest paired fidelity with MAE 0.033 +0.001 while substantially suppress-
ing residual scanner effects, reducing Sig-edge to 1.15 + 0.35% and Med. part. R? to
0.38 £0.05%. Importantly, the target-scanner matching accuracy reaches 91.25 +6.18%,
validating that semantic prompts provide controllable, acquisition-aware harmonization
rather than an unconstrained domain shift. Meanwhile, the lowest age MAE (4.10+0.15)
indicates that the hierarchical harmonization avoids over-correcting subject-specific bio-
logical variability. The ablations further support our design choices: replacing structured
prompts with scanner-specific one-hot embeddings degrades target-scanner matching
and increases residual site effects, while dropping the coarse-to-fine constraint or cross-
atlas sharing consistently weakens fidelity, scanner-effect removal, and controllability,
confirming the benefit of prompt-guided hierarchical harmonization with cross-atlas
sharing.

Qualitative Comparison. Fig. 3(A) summarizes qualitative traveling-subject evidence
of UniFCHarm, where we visualize FCs using Schaefer100 as an example. Compared
with baseline harmonization methods, UniFCHarm yields target-consistent connectiv-
ity patterns while keeping the modifications localized and moderate, indicating con-
trolled harmonization that reduces scanner-induced discrepancies without introducing
widespread distortions.

Ablation Study. We conduct ablations to isolate the contributions of 1) semantic
prompt conditioning for directed harmonization, 2) the coarse-to-fine constraint for
stable harmonization, and 3) cross-atlas parameter sharing for unified multi-atlas har-
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Fig. 3. Performance evaluation of UniFCHarm. (A) Source/target FC, harmonized FC, and residu-
als (harmonized—target) under specified targets. (B) Multi-atlas generalization (Schaefer100-500)
via paired fidelity, scanner-effect removal, and age preservation. (C) Downstream cross-scanner
diagnosis improvement (ACC/AUC) for NC, MCI, and AD groups.

monization. Replacing the prompt with a scanner-specific one-hot embedding (A1)
drops target-scanner ACC from 91.25% to 72.40% and degrades paired fidelity from
Corr/MAE 0.822/0.033 to 0.785/0.040, indicating that directed harmonization requires
acquisition-aware prompts rather than coarse scanner labels. Although removing the
coarse-to-fine constraint (A2) retains a relatively high target match (84.60%), it weak-
ens scanner-effect removal (Sig-edge 2.05%, Med. part. R*> 0.85%) and harms age
preservation (age MAE 4.95), suggesting that coarse-to-fine harmonization stabilizes
prompt-guided harmonization and mitigates over-correction of subject-specific signals.
Finally, disabling cross-atlas sharing by training atlas-specific PGHs independently (A3)
reduces target-scanner match (81.45%) and leaves stronger residual scanner effects (Sig-
edge 3.15%) compared with UniFCHarm, supporting the benefit of cross-atlas sharing
for consistent harmonization across atlases.

Downstream Analysis. To assess downstream benefits of harmonization under do-
main shift, we evaluate cross-scanner diagnosis by training on Siemens-derived ADNI
FCs (excluded from pretraining in Stage 1) and testing on GE-derived FCs. We use
BrainGNN [13] as the downstream classifier. As shown in Fig. 3(C), harmonizing
GE-derived FCs to the Siemens domain consistently improves diagnosis across all
groups, increasing ACC by 16.9%-18.8% and AUC by 16.9%-19.7%, indicating re-
duced scanner-induced shifts.

4 Conclusion

In this work, we present UniFCHarm, a unified prompt-guided two-stage framework for
multi-scanner and multi-atlas fMRI FC harmonization. UniFCHarm pretrains Graph-
CLIP to align acquisition- and atlas-aware prompts with FC graphs, yielding prompt
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embeddings that guide harmonization toward a user-specified target condition without
requiring a single pre-defined target site, while maintaining cross-atlas compatibility.
It then performs hierarchical coarse-to-fine harmonization, first adjusting subnetwork-
level connectivity and then refining ROI-level edges to remove residual biases, miti-
gating over-correction while preserving subject-specific FC information. Experiments
on traveling-subject benchmark across atlases demonstrate reduced residual site effects
and better preserved downstream diagnostic signatures compared with representative
baselines. Meanwhile, several limitations remain. First, the current implementation uses
Yeo-7 as a fixed shared cross-atlas scaffold, and atlas-matched or learnable scaffolds
may further improve ROI-level refinement. Second, future work needs to develop a more
mechanistic neuroscientific interpretation of the harmonization.
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