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Abstract. Multimodal learning of image and tabular data is a chal-
lenging problem, especially given the unstructured feature representa-
tions involved. We address this by framing feature sequencing as a Col-
umn Permutation Problem and showing how reordering columns can
reduce dispersion and improve training stability for multimodal learning
of image and tabular data. We propose iSyncTab, an approach that en-
forces these learned sequential constraints through a joint classification
and order-consistency objective. We introduce Neural Synchrony-guided
Paired Feature Sequencing (NS-PFS), a neuroscience-inspired NeuroAl
approach that aligns image and tabular feature clusters through a Hun-
garian assignment of their synchrony matrix, derived from cluster en-
ergy and centroid similarity. The resulting cross-modal feature sequence
provides a coherent feature alignment that preserves structural syn-
chrony between modalities. We then introduce an Order-aware Memory-
augmented Transformer (OMT) with a custom loss function that enforces
these learned feature sequence constraints. Experiments on multimodal
benchmarks demonstrate that systematically derived feature sequences
consistently boost predictive performance and model robustness. Our
findings underscore feature sequencing as an important inductive bias
for structured multimodal learning of image and tabular data. Neural
synchrony-driven sequencing enhances cross-modal coherence and repre-
sentation quality for image and tabular data.

Keywords: Neural Synchrony - Image-Tabular Multimodal Learning -
Cross-Modal Feature Sequencing - NeuroAl

1 Introduction

Multimodal learning, which integrates heterogeneous data such as images and
tables, underpins many AI applications in healthcare [27], autonomous sys-
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tems [79], and scientific discovery [61]. Despite the strong performance of modality-
specific backbones e.g., convolutional neural networks (CNNs) for vision and
Transformers for structured inputs [35, 53], reliably integrating their representa-
tions remains challenging. A key but underexplored factor is feature sequencing
and structural alignment when tabular and visual features are combined: unlike
images or text, tabular columns have no canonical order, yet recent work shows
that sequencing can materially affect optimization and representation stability
in tabular deep learning [44, 84]. In multimodal settings, this issue is amplified
because features are often flattened and concatenated, obscuring cross-modal
correspondences; sequence-sensitive operators such as self-attention and feed-
forward mixing must then operate over potentially arbitrary permutations, which
motivates permutation-aware modeling [108] and structured cross-modal fusion
mechanisms [70].

Most recent models for tabular or multimodal learning emphasize new atten-
tion designs [82], contextual embeddings [53], ensemble-style regularization [39],
and hybrid fusion pipelines. Recent multimodal methods further combine tab-
ular and imaging signals via contrastive pretraining and shared latent trans-
formers, using cross-hierarchical attention, interaction modules, and temporal
embeddings to improve robustness and clinical prediction [15, 21, 22, 45, 56, 66].
However, they rarely treat feature sequencing as a first-class design choice. We
revisit this neglected aspect by formulating sequencing as a Column Permutation
Problem (CPP) [8, 28, 63, 64], aiming to find a permutation that reduces inter-
feature dispersion and promotes cross-modal structural coherence. To address
this, we propose Neural Synchrony-guided Paired Feature Sequencing (NS-PFS),
which aligns tabular and image feature clusters via an energy-phase synchrony
matrix and solves the resulting bipartite matching with a Hungarian assign-
ment [59]. The induced synchronized ordering is then fed to an Order-aware
Memory-augmented Transformer (OMT) with a Linformer backbone [92] to ef-
ficiently model long multimodal feature-token sequences.

Neural synchrony denotes the precise temporal alignment of oscillatory activ-
ity across neuronal populations, enabling efficient information transfer via phase
and energy matching [30]. Under the Communication Through Coherence (CTC)
hypothesis, phase-aligned assemblies communicate more effectively because their
excitability windows coincide [31]. Empirically, gamma-band synchrony is linked
to fast feedforward feature binding, whereas alpha/beta rhythms support longer-
range predictive or modulatory interactions [4, 80]; in multisensory settings, syn-
chrony between sensory cortices (e.g., visual and auditory) reflects crossmodal
matching and supports integration [6, 60, 74]. In parallel, feature ordering or
sequencing has a long history in pattern recognition, notably in Incremental At-
tribute Learning (IAL) where features arrive sequentially and must be ranked
before training [93]. Although set-based formulations often assume order invari-
ance [108], column order in practice affects redundancy exposure and the ability
to capture dependencies; ranking by Fisher score, correlation, or entropy can
reduce interference and error relative to unordered baselines [95, 97|, motivating
task-aware ordering strategies [94, 96]. Recent work also emphasizes that tabular
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models can be brittle to column permutations, prompting permutation-invariant
designs [9, 26]; for example, TabICL [77] ensembles predictions across multiple
column permutations, while COPER [25] fuses images and tables via an end-to-
end multi-view clustering objective based on permutation-driven correlation for
clustering.

We introduce iSyncTab, a neuro-inspired multimodal image-tabular frame-
work that uses synchrony-guided, metric-generalized feature sequencing to pro-
duce coherent, dispersion-minimized cross-modal feature sequence. Across bench-
mark datasets, iSyncTab consistently improves accuracy, stability, and data effi-
ciency over unordered fusion baselines, demonstrating that feature sequencing is
a strong inductive bias for multimodal deep learning and that synchrony-driven
sequencing enhances cross-modal alignment and representation quality.

Key Contributions:

— We propose NS-PF'S, a neuro-inspired approach which aligns feature clusters
across modalities via an energy-similarity synchrony matrix and Hungarian
matching.

— We design an OMT backbone that exploits NS-PFS-ordered multimodal
tokens through memory-based readout and order-consistency regularization.

— We combine these to develop iSyncTab, which shows consistent performance
gains and improved training stability across multimodal image-tabular bench-
marks, validating the importance of structured feature sequencing in multi-
modal representation learning.

— We introduce an efficiency-centric evaluation and composite efficiency score
that jointly benchmarks multimodal image-tabular models under accuracy,
FLOPs, parameter count, and peak GPU-memory budgets, revealing the
favorable accuracy-cost trade-off of iSyncTab.

2 Methodology

We address multimodal learning of tabular and image features by casting feature
sequencing as a CPP. Given the fused multimodal feature matrix X, € RV*™
with N samples and m = dia, + dyis features, we seek a permutation © € S,,
that minimizes a dispersion cost in Eq. 1.

min D) = 3w fa(u) - 7(v) 1)
1<u<v<m
where u and v index features, w,, quantifies feature dissimilarity, and S,, is the
symmetric group over {1,...,m}. Fig. 1 illustrates the iSyncTab architecture.
Feature Representation and Fusion. For images, a CNN encoder (e.g.,

(s

ResNet-50 [47]) extracts a visual representation xvig € R%s for sample s. For

tabular data, a Transformer encoder fi,1, extracts x®) € R%a» . We concatenate

tab
these representations as in Eq. 2, yielding Xfﬁzn € Réwvtdvis and stack them
across samples to obtain X, = [xﬁiﬁn; e ;xﬁnﬁ} € RY*™ where m = diap+duis-

mm tab? “tvis

x(%) = concat (x(s) x(s)) € RtabFdvis (2)
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Fig.1: End-to-end iSyncTab architecture. Image and tabular encoders produce
modality-specific feature matrices, which NS-PFS transposes, clusters, and pairs using
energy and phase-analogue synchrony. NS-PFS solves local CPPs over matched joint
clusters J(,) and concatenates the resulting local orders into the global permutation
TNS-PFS = @f:l ﬂ}(r), where R = min(ky, k7). The ordered multimodal token se-
quence Z, is processed by OMT and trained with Lcg and Lrps.

A: Neural Synchrony-guided Paired Feature Sequencing (NS-PFS).
We introduce a biologically inspired, metric-generalized framework that aligns
feature clusters across modalities via the principle of neural synchrony. In neuro-
science, neural synchrony refers to the temporal coordination of oscillatory activ-
ity among distributed neuronal populations, where information transfer is maxi-
mized when oscillations are both phase-aligned and energy-balanced [30, 31, 80].
According to the Communication Through Coherence (CTC) hypothesis, assem-
blies oscillating in compatible phases exhibit efficient bidirectional communica-
tion, whereas desynchronized populations exchange only modulatory signals [4].
Metric-Generalized Objective. Given fused multimodal features Xy, €
RY*m NS-PFS instantiates the CPP in Eq. 1 by defining feature dissimilar-
ities as Eq. 3.

Wyy = |M(fu) — M(fy)] (3)
where f, and f, denote feature columns indexed by u and v, and M(-) is a
feature-wise metric/divergence (e.g., Kullback-Leibler (KL) or Jensen-Shannon
(JS) divergence, variance, or distance-based measures such as Euclidean, Man-
hattan, cosine, or correlation). This yields a metric-generalized dispersion objec-
tive while keeping the CPP form unchanged.
Cross-Modal Clustering. We perform clustering on modality-specific encoder
features before constructing the synchronized sequence. Let Xin, € RN X
and X € RN*dvis denote the tabular and visual feature matrices, respec-
tively. We cluster the transposed feature matrices Giap = Xt—';b € RéavxN and
Gyis = X\, € R&sXN into tabular clusters {1},...,T),} and visual clusters

V1S

{I,..., Iy, }, respectively. Each cluster C' (either T} or I,) is defined by Eq. 4.
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o =S M), pe= Té|2¢<f) (4)
fec fec

where £¢ is the cumulative energy under metric M(:), uc € RP is the cluster
centroid, and ¢(f) € RP is a feature embedding, such as a learned projection
or normalized feature column. Here, p is the embedding dimension used for
clustering and synchrony computation.
Synchrony Score (Energy-Phase Alignment). For each visual cluster I,
and tabular cluster Ty, where a = 1,...,k; and b = 1,...,kr, we define E,
Sab, and their product ¥, in Eq. 5 and Eq. 6.

Ep=1— ‘gja — & ’ Sy = </1'IQ7MTb> (5)
€, +&mn, +e ez, [l e, |
Wb = EabSap (6)

Here, E,;, measures energy coherence, Sy, captures phase-analogue centroid sim-
ilarity, and their product ¥,; quantifies overall synchrony. ¥,; is maximal when
both energy and direction align, akin to coherence or phase-locking value (PLV)
in neural systems [4, 60].

Cross-Modal Bipartite Matching. We construct a complete bipartite graph
between visual clusters {I1,...,I;,} and tabular clusters {T1,...,T},}, with
edge weights ¥,;,. The optimal one-to-one cluster pairing P* maximizes total
synchrony by Eq. 7.

*

P =arg PC{Lro bt i X (Lo} (a%ép Yo @)
Subject to one-to-one assignment, each visual cluster I, and each tabular cluster
Ty, is used at most once. We solve the matching with the Hungarian algorithm [59]
in O(V3) time, where V = k; + kr is the number of clusters, not the number
of features. In all our settings, kj, kr < 15, so this cost is negligible relative to
encoder and OMT computation. Let R = |P*| = min(kz, kr) denote the number
of matched cluster pairs.

For each matched pair (a,b) € P*, we form a joint cluster by Eq. 8.
J(a,b) =1,UT, (8)

o _ ZfeJ(a,,,)M(f) (9)
(o Z(a',b’)e’P* ZfeJ(a/Tb/)M(f)

Here, ay, ,, in Eq. 9 is the normalized importance score of the joint cluster. We
rank the matched joint clusters by this score and denote the ranked clusters as
J(l),. . .,J(R).
Regime-aware Synchrony Scaling (HH/HL/LH/LL). Let 74 and 71, be
synchrony thresholds with 0 < 77, < 7y < 1. Each visual-tabular cluster
pair (a,b) is assigned to a regime p,p € {HH, HL,LH,LL} based on the ranks
of its cluster energies and synchrony score ¥,;,. A regime-specific modulation
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Y(pab, Pap) adjusts within-cluster dispersion weights using Eq. 10.

91 (Wap),  pap = HH,
V(pavy Yar) = § 91 (Pap),  pap = LL, (10)
94(Wap),  pay € {HL,LH}

where 9H > ga > gL, gH(LD) = W? gA(q)) = min{wan}’ and gL(W) = mm{W,C}
for constants 1 > n > ¢ > 0. We score each visual-tabular pair by synchrony
W, and energy coherence FE,;. Using the two cutoffs (7, 7y), pairs that are
high on both criteria are assigned to the HH regime and receive the strongest
coupling gy ; pairs that are low on both criteria are assigned to the LL regime
and receive the weaker coupling ¢r; mixed pairs are assigned to HL/LH and
receive the intermediate coupling g4. Thus, well-aligned and energy-balanced
pairs influence sequencing more strongly, while weak or imbalanced pairs are
down-weighted.

Local Joint Sequence. For each ranked joint cluster Ji,y, where r =1,... R,
let (a.,b.) denote its corresponding matched visual-tabular cluster pair. We
define local pairwise weights by Eq. 11 and also denote Eq. 12.

Wil = IM(fu) = M(f,)l (11)

&1y = {(u,v) € J(QT) - Wl > 6} (12)
Here, u and v index features inside J(,.y, and ¢ is a sparsification threshold applied
to local pairwise feature weights. In practice, é can be set as a fixed quantile of
the nonzero weights in J(,. The local sequence minimizes a synchrony-weighted
dispersion objective by Eq. 13.

ﬂ—}(r) = arg TIrniIl Z /y(pa'r'br’ Wa'r'br) Wziv |7TJ(T) (u) — Ty (’U)| (13>
J(T) (’U‘,U)Gg‘](r)

Global Permutation. After computing local sequences, we concatenate the
ranked joint-cluster sequences to form the global NS-PFS permutation by Eq. 14.

s prs = (75 15 - 15 ] (14)
where || denotes ordered concatenation and R = min(ky, kr) is the number of
matched visual-tabular cluster pairs.

Equivalently, the synchronized sequence can be viewed as a composite CPP
with global weights by Eq. 15 and Eq. 16.

W — {v(parbr,warbr) |M(fu) — M(fo)|, ifIre{l,....R} st.fu, fo € Jir,
v M (fu) — M(f)] otherwise

(15)

TNS-PFS = arg min Z Wy [m(u) — m(v)] (16)
7\'65771
1<u<v<m
Here, J(;y denotes the r-th ranked joint cluster, and (a,,b,) denotes its corre-
sponding matched visual-tabular cluster pair.
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Biological Interpretation. High-High (HH) pairs correspond to “binding syn-
chrony" (gamma-band coupling and feedforward integration); Low-Low (LL)
pairs represent “contextual coherence"; High-Low and Low-High (HL/LH) pairs
emulate “predictive or modulatory" dynamics akin to top-down beta/alpha ver-
sus bottom-up gamma routing [6, 62, 74]. Thus, ¥,; functions as a coherence-
like synchrony term that modulates cross-modal fusion strength, linking metric-
based alignment with neural communication theory. See [12, 37, 81, 88] for HH
(binding/gamma), 7, 86| for HL/LH (feedforward-feedback routing), and [7, 86]
for LL (long-range coherence); see also Sec. A in the supplement. The NS-PFS
permutation is first derived over the synchronized multimodal feature sequence
and is then applied to the corresponding multimodal token sequence used by
OMT. Under the feature-as-token encoding used in iSyncTab, each ordered fea-
ture corresponds to one data token; hence the OMT sequence length satisfies
L = ngap + Nvis, with L = m when ngap, = diap and nyis = dyis.

B: Order-aware Memory-augmented Transformer Backbone (OMT).
For downstream tasks, we extend the vanilla Transformer to a linear-complexity
variant using Linformer [92] for scalability. Given tabular tokens Zi,;, € RE>mabxdn
and visual tokens Zj; € RE*"visXdn e first concatenate them along the token
axis as Zmm = [Ziab; Lvis] € REXLX wwhere L = nyap, + nyis is the number of
multimodal tokens. NS-PF'S returns a permutation nns.prs over these L tokens.

Let Z; = [Zry,- - . ,2r, ] denote the resulting ordered multimodal token sequence.
Tinput = Zr € REXEXM (17)

Cmem = [Cl7 Ce 7Cnmem] c R"medeh7
Them = RepeatB(Cmem) c RB*nmem th’ (18)

Tomt = [Tmem; Tinput] € REX (memtL)xdn

Here, Crem contains nyem learnable memory tokens, and Repeat z(-) broadcasts
them across the batch. These memory tokens act as global readout tokens over
the NS-PFS-ordered tabular and visual tokens. The Linformer encoder [92] re-
places the standard Transformer to reduce attention complexity from O(L?) to
O(L) for a fixed projection dimension. We encode the OMT input as Eq. 19.

Howntr = Linformer(Toyp) € REX (mem+L)xdn (19)

After encoding, we split the output into memory-token states Hy,em, € REX7memXdn
and ordered data-token states H, € REXL>*dn The aggregated memory repre-
sentation h = —— Z?;“fm H,em ¢ feeds the classification head, while the order-

nmexn

prediction head is applied only to the ordered data-token states as in Eq. 20.

¥ = Headcs(h),  q= Headoq(H,) € RP*F (20)
The target 3, € RL is induced by mns prs via By ¢ = % for/=1,...,L.
Equivalently, for an original token identity u, 8, = % During training,

B,. is broadcast across the batch to match q € R®*%. The end-to-end training
loop that integrates NS-PFS with OMT and the proposed loss function in Eq. 21
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Algorithm 1 Neural Synchrony-guided Paired Feature Sequencing (NS-PFS)

Require: Visual feature clusters {I,}*L,, tabular feature clusters {T3}1Z,, metric
M()
for each C e {I,}F, U {Tb}llfz1 do
§C:Zf€CM(f)7 MC:‘T{quecd’(f)
end for
for each (I,,T:) do

N [€1, —€m, |
Eap=1- E1o+E1y, +€

Sab = M7 Wab = EabSa,b
llera |l Ml ey I
end for

Find P* (Hungarian) maximizing >_, , cp Yab
9: Set R = |P*|
10: for each (a,b) € P* do
111 Jeapy = 1o UTy;  apply Y(pab, Yap);  solve Tr}(a,b)
12: end for
13: mNs-—PFs = [F}(l) ... ||7T}(R) ]
Ensure: Global permutation mns-prs

is given in Algorithm O1 in the Supplementary Material (Sec. O).
1 B L
. 2
Etotal - ECE(ya Y) + AFSE Zl ; (QLZ - Bﬂ,f) (2]—)
L= =
NS-PFS aligns multimodal token clusters based on an energy-phase synchrony
principle, integrating image and tabular signals in a biologically interpretable
manner. NS-PFS coupled with the OMT results in an architecture that combines
biological interpretability, explicit multimodal integration for image-tabular data,
and scalable linear-complexity attention.

3 Experiments and Results

A: Datasets and Evaluation. We evaluate iSyncTab on six image-tabular
datasets: DVM [52] with 176,414 car images, 17 attributes, and 283 classes, im-
puting missing tabular values via CTGAN [103]; Deep Lesion (DLes) [67, 104]
with 32,725 CT slices and metadata, retaining 1,327 valid image-tabular pairs af-
ter 35-feature preprocessing and matching; HAM10000 (HAM) [17, 68, 85] with
10,015 dermoscopic images and four metadata attributes; CheXpert (CheX) [54],
using a Kaggle subset [3] of 9,999 X-ray /tabular pairs with 17 features for Car-
diomegaly classification; Pokémon (Pok) [19] with 1,025 samples and 15 non-text
attributes; and Pet Finder (Pet) [51] with 14,652 images and 19 features. We
use a stratified 64,/16/20 train/val/test split (similar as [75]) and report test ac-
curacy, Avg. Rank/Regret (Table 1), noise robustness (Table 3), and efficiency
(Fig. 2). Significance is tested with Friedman [29], Nemenyi [71], and Wilcoxon-
Holm [18], with CD diagrams [18] in the supplement (Sec. E).

B: Implementation Details. Image features are extracted with ResNet50 [47],
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following STiL [21] and TIP [22]; tabular features are encoded by a transformer
encoder and fused through NS-PFS. iSyncTab is tuned with Optuna [1] for 20
trials per dataset, following tabular tuning practice [32-34, 36|, while baselines
use recommended settings. Experiments run in PyTorch on 8x RTX A6000
GPUs and 2x Xeon Gold 5320 CPUs; values appear in the supplement (Sec. B).
Missing tabular values use median numerical imputation and categorical/text
encoding, except DVM, where missingness is imputed with CTGAN [103].

C: Computational Complexity Analysis. iSyncTab is dominated by NS-
PFS sequencing and OMT encoding. NS-PFS performs visual-tabular cluster
matching with the Hungarian algorithm [59] in O(K?), where K = max(ky, kr) <
m. For each matched joint cluster Ji,), the local CPP scales as O(|.J(|?) over

sparsified edges, giving total sequencing cost O(K 34 Zil | Ty |2>, where R =

min(ky, k7). The OMT backbone uses Linformer attention [92], reducing atten-
tion cost from O(L?) to O(Lryr), i.e., linear in the ordered token length L for
fixed projection rank rp. Thus, iSyncTab avoids full quadratic feature-token
interaction while retaining transformer-style fusion. Empirically, it yields ~30-
40% lower runtime and memory than full self-attention multimodal baselines
(Fig. 2); further analyses are in the supplement (Sec. D).

D: Comparative Results. We consider three aspects:

D1: Comparing w/ Multimodal & Standard Baselines. Across all
six benchmarks, iSyncTab is the top performer in Table 1, achieving the best
Avg. Rank (1.084+0.19) and zero Avg. Regret. Gains are strongest on multimodal-
friendly datasets such as Pok and Pet, where synchronizing visual features with
tabular cues outperforms image-only (ResNet-50, ViT, SimCLR, BYOL), tabular-
only (LGBM, CatBoost, TabM, TabSeq, SCARF, SAINT), and strong fusion
baselines such as STiL. and TTP. ViT narrows the gap on image-dominant DVM,
while tabular learners occasionally help when images are less informative, but
both show higher regret overall. Results therefore show a consistent trend: mul-
timodal fusion > image-only > tabular-only, with iSyncTab’s alignment-aware
pairing most reliably converting complementary modalities into accuracy gains.
Compared with our prior iStructTab [41], iSyncTab improves on the five directly
comparable datasets by A = +0.31, +1.59, +1.88, +12.45, and +0.27 on DVM,
HAM, DLes, CheX, and Pet, respectively.

D2: Comparing in Noisy Scenario. iSyncTab shows strong robustness to
label noise (Table 3). It matches or surpasses prior bests across all noise rates,
edging CUFIT [107] on average (78.41% vs. 78.3%). Notably, iSyncTab attains
top accuracy at 10% and 20% noise and remains competitive at heavier cor-
ruption (40-60%), where CUFIT slightly leads at the highest rates. The results
suggest iSyncTab’s image-tabular synchrony retains discriminative signals under
noisy supervision, yielding the best mean accuracy across tested regimes.

D3: Comparing in Computational Efficiency. We compare image-
tabular models [15, 21-23, 45, 56, 66, 100] on DVM using an efficiency-centric
protocol inspired by EfficientNet-style accuracy-cost analysis [48, 69, 83] and
broader efficiency studies over FLOPs, parameters, memory, training cost, and
hardware performance [10, 11, 73]. Since image-tabular pipelines often fuse
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Table 1: Test accuracy (%) across six datasets; higher is better. Baselines follow the
STiL benchmark [21], with additional tabular-only baselines and an image-only ViT
baseline. Avg. Rank ranks all 16 methods per dataset using average ties and reports
mean + std across datasets; lower is better. Avg. Regret is the mean gap to the per-
dataset best score. tdenotes results from [21], and * denotes results from [15]. All
datasets provide one-to-one image-tabular pairing via shared image IDs.

Dataset statistics

Images 176414 | 10015 1327 1025 9999 | 14652
Tabular Features 17 4 35 15 17 19
Classes 283 7 3 18 3 5
Model Modality | DVM | HAM | DLes | Pok | CheX | Pet Avg. Rank | Avg. Regret |
I T

Tabular Classifiers

LGBM [57] v 26.89| 71.80| 76.71| 36.10| 52.25| 39.70 | 8.67 £ 3.14 |36.66 + 21.12
CatBoost [76] v 27.30| 72.05| 77.18| 36.59 | 53.19 | 39.40 | 7.67 £ 2.69 |35.35 + 21.20
TabSeq [44] ' 26.66 | 70.14 | 83.46 | 15.61| 51.10 | 37.33 | 11.08 + 4.25 | 41.46 + 25.81
SCARF [5] v 64.471 | 69.40 | 83.08 | 19.02| 51.35| 33.03 | 10.33 + 3.73 | 35.45 + 21.17
SAINT [82] v 83.361 | 70.14 | 69.17| 13.17| 35.50 | 27.29 | 13.00 £ 3.50 | 39.07 + 23.21
TabM [32] v 27.09| 70.84| 84.59| 18.05| 51.90 | 38.01 | 9.25 £ 3.91 |40.43 + 25.68

Image Classifiers

ResNet50 [47] v 32.071 | 82.13| 69.17 | 31.22| 48.35| 35.52|10.25 + 3.16 | 39.10 + 21.92
ViT [20] v 88.00* | 82.33| 69.17| 35.61| 48.70 | 34.94 | 8.58 £ 3.83 |29.05 + 18.93
SimCLR [14] v 51.447 | 82.38 | 64.66 | 37.56 | 56.15| 31.76 | 8.42 + 4.87 |30.54 £+ 17.51
BYOL [38] v 47.497 | 80.78 | 56.39 | 24.39| 51.25| 34.77 | 10.83 £+ 2.97 | 39.66 + 18.25
Multimodal Classifiers
DAFT [100] v v 74.221| 74.88 | 77.07| 18.05| 67.75| 45.45| 7.42 + 2.71 |29.27 + 19.86
Interact Fuse [23] | v v 78.581 | 84.87| 70.68 | 11.71| 50.90| 52.44 | 8.33 £ 4.71 | 30.65 + 22.37
MMCL [45] v v 85.791 | 70.09 | 67.34 | 38.05| 49.00 | 29.72|10.67 £ 5.19 | 27.75 £ 16.03
TIP [22] v v 98.271 | 70.39| 69.17| 37.56 | 87.50 | 83.86| 6.00 £+ 4.07 | 10.08 + 8.09
STiL [21] v v 99.277 | 78.48 | 81.35| 27.32 | 88.60 | 87.68 | 4.42 + 2.83 |11.73 £ 20.49
iSyncTab (ours) | v v 99.60 | 86.82 | 85.63 | 42.44 | 88.60 | 88.02 | 1.08 + 0.19| 0.00 + 0.00

2048-D ResNetb0 features with tabular inputs, we report GFLOPs, parame-
ters, peak inference GPU memory, and a composite complexity proxy. For each
method, we compute Eff; by aggregating min-max normalized accuracy-to-cost
ratios over GFLOPs, parameters, memory, and FLOPs x Params, using weights
w = (0.40,0.25,0.20,0.15). Accuracy values are taken from original papers when
available; TIME [66] reports no DVM accuracy and is marked NaN. Fig. 2 sum-
marizes the weighted efficiency ranking, Pareto frontier, accuracy-complexity
trend, radar profile, and factorized resource views. Across panels, iSyncTab
achieves the best accuracy while using FLOPs close to light baselines such as
DAFT and far below MIITA [15], TIP, or STiL; its parameter budget is closer
to DAFT /InterFuse than heavier STiL/TIP models, and it attains the lowest
peak memory. Thus, iSyncTab’s gains are not due to simply scaling model size.
Full Eff; derivations and normalization details are in the supplement (Sec. D).
E: Ablation on Model Components. Table 4 ablates key iSyncTab com-
ponents on DVM and HAM, with and without hyperparameter search. The
full model, ResNet-50 [47]4+NS-PFS4+OMT, achieves the best overall perfor-
mance, confirming the synergy between synchrony-guided sequencing and order-
aware memory modeling. Removing memory tokens causes major drops, espe-
cially on DVM (99.80—92.68 w/o tuning; 99.60—87.60 w/ tuning) and also
hurts HAM (78.72—77.90; 86.82—80.12). Disabling NS-PFS reduces accuracy
relative to the full model (DVM: 99.80—96.80; HAM: 78.72—78.16), while ran-
dom column shuffling causes the largest degradation (DVM: 99.80—86.72; HAM:
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Table 2: HAM ablation (inference-only). Table 3: Test accuracy (%) under la-
Accuracy (%) under tabular perturba-  bel noise on HAM. Baselines from CU-
tions (| better), image blur level o, and  FIT [107]; we add iSyncTab (Ours) as an

kNN agreement@5 (%). ECE = 0.259. extra row.

Perturb frac Tab Shuffle | Tab Drop | o kNN-Agree@5 Method/ noise level 0.1 0.2 0.4 0.6 Mean
0.00 48.88 48.88 0.00 82.33 Full-training [107] 66.5 62.6 56.1 59.9 61.3
0.10 48.88 48.88 0.50 82.33 Linear probing [107] 75.6 753 71.0 61.9 71.0
0.25 48.98 48.88 1.00 82.33 Rein [99] 78.6 721 549 37.8 608
0.50 49.08 48.78 1.50 82.33 Co-teaching [46] 81.5 79.1 743 673 755
0.75 48.73 48.38 2.00 82.33 JoCor [98] 81.1 794 739 671 754
1.00 49.08 48.48 82.33 CoDis [101] 81.9 80.1 741 66.1 755

CUFIT [107] 82.6 81.5 79.1 70.1 783
iSyncTab (Ours) 82.63 82.23 78.83 69.96 78.41

Table 4: Ablation on iSyncTab components on the DVM and HAM datasets under
different configurations. Here, w/ tuning means with hyperparameter search and w/o
tuning means without hyperparameter search.

. DVM HAM
Variant
w/o tuning w/ tuning w/o tuning w/ tuning

Concat Fuse (no sequencing, no memory) 96.50 96.20 76.58 78.42
iSyncTab (ResNet-50[47] + NS-PFS + OMT) 99.80 99.60 78.72 86.82
iSyncTab (ResNeXt-50{102] + NS-PFS + OMT) 99.10 97.90 78.14 84.28
iSyncTab w/o memory tokens 92.68 87.60 77.90 80.12
iSyncTab w/o sequencing-loss term 97.80 98.70 78.06 84.36
iSyncTab w/o feature sequencing 96.80 96.50 78.16 78.60
iSyncTab w/ random column shuffle 86.72 82.31 62.06 62.16

78.72—62.06), showing that gains depend on meaningful feature ordering rather
than transformer capacity alone. Removing the auxiliary sequencing loss also de-
grades performance, particularly on tuned HAM (86.82—84.36), indicating that
order supervision stabilizes training. Replacing ResNet-50 with ResNeXt-50 [102]
yields lower accuracies, suggesting gains come mainly from NS-PFS+OMT rather
than backbone scaling. Overall, the results validate synchrony-aware cross-modal
sequencing and memory-based sequence modeling for robust image-tabular fu-
sion. Additional analyses are in the supplement. (Sec. F-N).

F: Inference Level Ablation on Calibration and Robustness. To as-
sess inference-time reliability, we follow the STiL [21] ablation protocol on HAM
and evaluate calibration, neighborhood consistency, robustness to visual /tabular
perturbations, and efficiency. Table 2 summarizes inference-only behavior: accu-
racy remains nearly flat (48.5-49.1%) across perturbation fractions and Gaus-
sian blur levels, while fused-embedding k-NN agreement@5 stays constant at
82.33%. The expected calibration error is moderate (ECE= 0.259), suggesting
room for post-hoc calibration but no severe miscalibration. Fig. 3 provides fur-
ther breakdowns: the reliability diagram shows confidence broadly tracking em-
pirical accuracy (Fig. 3a), neighborhood consistency remains strong with > 80%
k-NN agreement across tested k (Fig. 3b), and confidence thresholding yields a
smooth coverage-reliability trade-off (Fig. 3¢c). Robustness probes show stable ac-
curacy under mild Gaussian blur with gradual degradation at stronger blur levels
(Fig. 3d), and only small fluctuations under tabular shuffling/dropping (Fig. 3e),
indicating that the model is not overly dependent on a brittle subset of visual
or tabular cues. Finally, the efficiency sweep shows that shortening the kept se-
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Fig. 2: Comparison of multimodal image-tabular methods on the DVM dataset. Top
row: (a) weighted efficiency ranking combining performance and resource usage; (b)
Pareto frontier of accuracy vs. complexity (FLOPs x Params); (c) trade-off between
accuracy and composite complexity; (d) normalized radar chart summarizing accu-
racy, computation, and inference latency. Bottom row: (e) test accuracy vs. FLOPs
per forward pass; (f) accuracy vs. number of trainable parameters; (g) joint scaling of
parameters and FLOPs in log-log space; (h) peak inference-time GPU memory con-
sumption. Accuracies are taken from the respective papers for the DVM dataset; for
the TIME model, DVM accuracy is not reported (NaN).

quence substantially reduces peak memory with minor latency changes (Fig. 3f),
supporting resource-aware deployment. Overall, these ablations indicate that
iSyncTab produces reasonably calibrated predictions, preserves coherent fused-
embedding neighborhoods, and remains robust to visual/tabular perturbations
without retraining, strengthening its suitability for practical clinical inference.

G: Cross-Modal Generality and Sensitivity Analysis. To examine
whether the proposed integration mechanism generalizes beyond image-tabular
inputs, we extend NS-PFS to audio-video modalities on RAVDESS [65, 72]
(also used in [90, 91]). As shown in Table 5, the Linformer-ResNet50 variant
reaches the strongest RAVDESS performance, with 97.56% best test accuracy
and 95.25 + 1.34% five-fold mean accuracy, while Performer [16] provides a
slightly lighter memory profile. We also observe that replacing ResNet50 with
ResNeXt50 does not consistently improve multimodal fusion, supporting prior
findings that stronger pretrained visual backbones do not always transfer bet-
ter when downstream performance depends on cross-modal feature geometry
and alignment [58, 78]. This also motivates our use of ResNet50, which matches
prior image-tabular multimodal works such as MMCL [45], TIP [22], STiL [21],
and CHARMS [56]. Finally, Fig. 4 evaluates NS-PFS sensitivity under fixed
architecture and optimization settings by varying only M(-) and k; = k. Per-
formance remains stable across reasonable metric-cluster choices in both HAM
image-tabular and RAVDESS audio-video settings, with full sensitivity curves
reported in the supplement (Sec. N).
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Fig. 3: Ablations of iSyncTab on HAM in the style of STiL [21]: (a) calibration via re-
liability curve; (b) neighborhood consistency via k-NN label agreement; (c) confidence-
accuracy/coverage tradeoff; (d) robustness to image blur; (e) robustness to tabular
perturbations; and (f) efficiency as a function of sequence length.

Table 5: RAVDESS audio-video results. Best test accuracy and five-fold mean + std
are reported.

Backbone Video Enc. Best Acc. Mean Acc. Mean Bal. Acc. Train Time Infer. Time Peak Mem. Train / Infer.

(%) (%) (%) (min) (ms) (MB)
Linformer ResNet50 97.56 95.25 + 1.34 94.72 £+ 1.35 1.92 + 0.01 229.50 + 19.10 392.45 / 302.16
Performer ResNet50 97.15 94.29 + 1.59 93.65 + 1.97 2.23 £0.01 272.03 4 43.48 367.91 / 268.51
Linformer ResNeXt50 94.06 94.31 £ 0.97 93.74 + 1.32 1.93 &£ 0.01 258.17 £ 26.95 394.62 / 305.00
Performer ResNeXt50 94.72 94.05 = 0.66 93.51 + 0.84 2.23 £0.02 257.25 + 12.12 367.97 / 269.67

4 Related Work

A: Multimodal Learning with Tabular and Image Data: Recent work
has studied joint representation learning from heterogeneous modalities such
as images and tabular data. MMCL [45] uses contrastive pretraining to align
image and tabular embeddings and proposes LaaF (Label-as-a-Feature), which
appends learnable label tokens during training to strengthen modality inter-
action. TIP [22] advances this direction with a unified transformer backbone
combining masked tabular reconstruction, cross-modal contrastive alignment,
and image-tabular matching. DAFT [100] explores dense attentive fusion for
scientific pipelines with structured inputs and simulated outputs, while sim-
pler baselines (Concat/Max/Interact Fuse) aggregate modality embeddings via
concatenation, pooling, or pairwise interactions [22]. XTab [109] benchmarks fu-
sion strategies using pretrained ResNet features with linear/MLP heads, and
subsequent methods introduce specialized cross-modal mechanisms, including
hierarchical attention (STiL [21], CHARMS [56]), incremental attribute fusion
(MIITA [15]), and temporal embeddings (TIME [66]). Despite architectural dif-
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NS-PFS Sensitivity Under Fixed Hyperparameter Configuration
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Fig. 4: NS-PFS sensitivity under fixed architecture and optimization settings, vary-

ing only M(-) and k; = kr. Results remain stable across HAM image-tabular and
RAVDESS audio-video settings.

ferences, these approaches typically treat fused features as unordered vectors; in
contrast, we optimize feature sequencing to reduce dispersion and improve cross-
modal alignment, injecting structural priors into fusion. Closest to ours, iStruct-
Tab [41] uses graph-enhanced descriptor sequencing to reduce image-tabular
feature dispersion, while iSyncTab extends this to synchrony-guided cross-modal
CPP with visual-tabular cluster pairing and OMT fusion.

B: Deep Learning for Tabular Data: Deep tabular models have pro-
gressed from MLP baselines to attention and embedding-centric architectures.
TabNet [2] performs attentive feature selection, TabTransformer [53] learns con-
textual categorical embeddings, and SAINT [82] combines row /column attention
with contrastive pretraining. FT-Transformer [35] uses a streamlined Trans-
former backbone, while VIME [106] applies self-supervised denoising. TAN-
GOS [55] regularizes attention by predictive utility, and SCARF [5] uses masked
contrastive learning. TabPFN [49] and TabPFN V2 [50] use meta-learned prob-
abilistic function networks for rapid adaptation on small tabular tasks. Despite
these advances, most methods assume a fixed column order and do not optimize
feature permutations; TabSeq [44] and DynaTab [42] explicitly model sequencing
and show its effect on accuracy. Recent works further highlight complementary
directions: GOTabPFN [40] shows that feature ordering can improve compact
tokenization for tabular foundation models, while ZAYAN [43]| advances tabular
learning in remote sensing through disentangled contrastive modeling.

C: Column Permutation and Combinatorial Optimization: CPPs are
combinatorial optimization problems that seek an ordering of items minimizing
a dispersion-based objective. Lima et al. [64] instantiate this via a A-evaluation
function that penalizes pairwise variance or dissimilarity. CPPs are closely re-
lated to the Traveling Salesman Problem (TSP), a canonical NP-hard bench-
mark for permutation learning. Pointer Networks [89] generate permutations via
attention, and graph-aware variants such as GPN [105] and PGN [87] further
exploit relational structure or dynamic routing. These advances motivate our
formulation of multimodal feature sequencing as a learnable CPP.

D: Feature Sequencing and Structure-Aware Representation Learn-
ing: Feature sequencing can be pivotal for structured representations whenever
permutation-sensitive operators are used [9, 26, 77]. TabSeq [44] learns tabular
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feature sequences via clustering and feeds them to a Transformer autoencoder,
improving downstream performance. Mambular [84] reinforces the point by pro-
cessing columns sequentially with Mamba layers, showing that feature position
affects learning even without attention. Related structure-aware designs encode
topology directly, including structure-aware Transformers [13] and graph-based
attention models [24]. These approaches are inherently permutation-sensitive
because their attention or sequential operations depend on feature order, unlike
set/MLP-style treatments that assume order invariance [108].

Positioning. Unlike existing image-tabular classification models such as
STiL [21], TIP [22], DAFT [100], MIITA [15], CHARMS [56], MMCL [45], and
simple fusion baselines (e.g., Interact Fuse) [22] which mainly improve encoder
pretraining, cross-modal attention/interaction, or fusion operators while treating
the fused embedding as an unordered vector, iSyncTab explicitly optimizes a fea-
ture permutation that reduces column-wise dispersion and enforces a structured
inductive bias before sequence-sensitive modeling. A closely related permutation-
based approach is COPER [25], but it targets multi-view clustering (reported
via clustering accuracy) rather than supervised image-tabular classification; in
contrast, iSyncTab is designed end-to-end for multimodal classification accuracy
aligned with the above baselines.

5 Conclusion

We introduce iSyncTab, a unified framework that treats multimodal image-
tabular fusion as a CPP. Our neuro-inspired NS-PFS aligns visual and tabular
feature clusters via energy and phase-analogue synchrony with Hungarian match-
ing, yielding a coherent cross-modal sequence that the OMT backbone exploits
through an auxiliary order-consistency loss. Across six image-tabular bench-
marks, iSyncTab consistently attains the best accuracy and ranking (Avg. Rank
1.08+0.19; zero Avg. Regret), remains robust to label noise, and improves compu-
tational efficiency through sub-quadratic sequencing and Linformer-based O(L)
attention. Ablations confirm that both synchrony-guided sequencing and mem-
ory tokens are critical to the gains, while additional audio-video experiments on
RAVDESS suggest that NS-PFS can extend beyond the image-tabular setting.
These results position neuro-inspired feature sequencing as a strong inductive
bias for structured multimodal learning. Future directions include task-adaptive
clustering, broader modality combinations such as text and signals, and struc-
tured prediction tasks.
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