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Abstract

Spatial omics has enabled the study of gene ex-
pression within intact tissue, but existing models
are limited by local processing, scarce annota-
tions, and poor generalization across tissue sec-
tions. Current approaches perform spatial reason-
ing in a single pass over local regions, restrict-
ing the integration of long-range dependencies
that underlie many biological signals. In this
work, we investigate whether recursive compu-
tation provides a natural inductive bias for spatial
omics, enabling global reasoning over entire tis-
sue samples without test-time training. We apply
Tiny Recursive Models (TRM) for spatial omics
tasks and show that it consistently outperforms
parameter-matched supervised baselines across
robust validation splits. TRM also surpasses sev-
eral slice-specific unsupervised methods in do-
main identification and achieves state-of-the-art
performance among supervised methods in gene
expression prediction. Further analysis reveals
that recursion enables test-time scaling and adap-
tive computation, and that the model is partially
generalizable across tissue types for domain iden-
tification. Overall, our results demonstrate that
recursive computation provides a scalable, data-
efficient framework for spatial omics, overcom-
ing the locality constraints of existing approaches
without sacrificing generalization.

1. Introduction

Spatial omics has transformed biology, enabling the study of
gene expression directly within intact tissue and allowing the
elucidation of molecular programs with spatial resolution
(Stahl et al., 2016; Chen et al., 2020). Spatial omics presents
a challenging learning regime. First, annotations are scarce
and expensive, making fully supervised learning difficult
at scale. Second, models must explicitly capture spatial
structure and dependencies across cells and tissue regions,
rather than treating observations as independent samples.

This has motivated a range of models that operate on spatial
graphs or localized regions of tissue. For example, spa-
tial domain identification methods typically train individual

graph-based models per tissue section, propagating infor-
mation through local neighborhoods (Dai et al., 2026; Long
et al., 2023; Dong & Zhang, 2022; Hu et al., 2021). Sim-
ilarly, recent spatial gene expression prediction methods
often partition data into independent patches and integrate
spatial neighborhoods and histological features (Jia et al.,
2024). While effective, most of these approaches remain
fundamentally local: spatial reasoning is effectively per-
formed in a single pass over local neighborhoods, without
global iterative refinement. This restricts the ability to in-
tegrate long-range tissue interactions, that are essential for
many biological mechanisms. As a result, most methods of-
ten rely on fitting directly to the test sample itself, struggling
to generalize across tissue slices or tissue types. Ultimately,
current models face a trade-off between scalability and the
inductive bias required for global spatial reasoning.

Recent work has shown that recurrent forward passes pro-
vide an alternative axis of scaling deep neural networks
by increasing the effective depth of the model without in-
creasing parameter count (Geiping et al., 2025; Goyal et al.,
2026): rather than learning deeper networks, the same block
is repeatedly applied to iteratively refine intermediate rep-
resentations. Tiny Recursive Models (TRM) (Jolicoeur-
Martineau, 2025) additionally demonstrate that such depth
recurrence across multiple levels offers additional benefits
in terms of reasoning ability in data-scarce regimes, where a
small shared network repeatedly refines its own predictions
through iterative self-correction.

In this work, we investigate whether recursive computation
provides a natural inductive bias for spatial omics. We focus
on two representative tasks: spatial-domain identification
from gene expression and histology-to-gene-expression pre-
diction. We examine whether TRMs can reason jointly over
entire spatial samples using a single shared recurrent model,
rather than operating on local neighborhoods or independent
patches. We evaluate both tasks under a strict leave-one-
slice-out (LOSO) setting, where models must generalize to
unseen tissue sections and patient biology without test-time
training. Recursive reasoning substantially improves ro-
bustness in this regime, outperforming parameter-matched
supervised baselines across all LOSO folds and exceeding
most established per-slice unsupervised methods in domain
identification and all supervised methods in gene expres-
sion prediction. We further analyze how recursion affects
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performance through test-time scaling and adaptive compu-
tation (ACT), show that the reasoning latent space learned
by TRM encourages generalization across tissue types in
domain identification, and propose practical ACT strategies
for continuous prediction tasks.

2. Method

Tasks: We consider two representative spatial transcrip-
tomics (ST) tasks that are both widely used benchmarks,
making them suitable for direct comparison with prior work:

1. Spatial Domain Identification (SDI) task: Given spot-
level gene expression measurements from a 2D Visium
section, cluster spots into biologically meaningful spatial
domains.

2. Histology-to-Gene expression prediction (H2G) task:
Given an H&E-stained histology image, predict the spa-
tially resolved gene expression profile at each spot con-
ditioned on paired H&E and ST measurements.

Both tasks provide a natural testbed for evaluating recursive
models, as they require learning global spatial dependencies
from high-dimensional, sample-limited data.

Architecture: We use the Tiny Recursive Model (TRM)
as our core architecture, as it is designed to improve rea-
soning in data-scarce settings through iterative refinement
rather than increased parameter count. Instead of producing
the final answer in one forward pass, the TRM recursively
refines its predictions using an auxiliary latent reasoning
state. Intuitively, the latent state acts as an internal scratch-
pad that accumulates task-relevant information, whereas the
prediction state represents the model’s current best answer—
for our tasks, spatial domain assignments (SDI task) or
gene expression matrices (H2G task). Starting from ran-
domly initialized noise, the same network updates both
states, gradually transforming an initially uncertain predic-
tion into a more accurate output. Across recursion cycles,
the same shared network is reused, allowing the model to
increase effective depth without increasing the number of
parameters. This provides a strong inductive bias for our
setting, where learning robust global structure is more im-
portant than scaling model size alone. The TRM’s backbone
is a 2-layer transformer with 896K trainable parameters,
Nz, =6 latent steps, Nz, =3 deep steps, and Noyter=8
outer steps. In a single forward step, our TRM thus makes
(Nz, + 1) Ny, -2 = 42 forward passes. The maximum
TRM rollout is 42 - Nyyter = 336. Exact pseudocode is
provided in Appendix A (Figure 7).

Adaptive computation time (ACT) strategy:

Classical ACT (Graves, 2016) was designed for tasks with
a clear “solved/not-solved” signal (e.g., digit addition). Spa-
tial gene-expression prediction is a continuous task: the

output is a high-dimensional regression target, and qual-
ity improves continuously with depth. We study four halt
recipes on TRM using (N, =1, N,, =3, Knax=8). Three
are slide-level halt-target recipes; PCC-halt, RVD-halt,
and MSE-halt that supervise the halt head against the panel-
wide PCC /RVD / MSE on a 20% per-step held-out subset
of the slide’s supervised spot features. The fourth, per-class
PCC-halt, supervises a separate halt logit per gene with
the halt-prob threshold calibrated to sit inside the per-input
distribution of converged halt probabilities.

Zero-shot evaluation protocol on a different tissue. To
probe out-of-distribution generalization of recursive reason-
ing, we evaluate the DLPFC-LOSO TRM checkpoints on
the 10x Visium human breast cancer dataset of Andersson
et al. (2021) without any retraining. This is a structurally
distinct tissue type (breast carcinoma rather than cortex),
but it shares the same human gene space: 2,872 of the 3,000
DLPFC HVGs are present in the breast cancer dataset, and
the remaining 128 genes are zero-filled. We project breast
cancer expression onto the DLPFC shared PCA space and
pass the resulting 50-dimensional features directly to all
12 DLPFC LOSO checkpoints. Cluster assignments are
obtained by k-means with £=20 (matching the dataset’s
20 fine-grained histological annotation classes spanning
IDC, DCIS/LCIS, tumor edge, and healthy tissue) on the 2y,
latent, which consistently outperforms zy in our DLPFC
experiments; we report the best ARI over the 12 LOSO
checkpoints, and additionally test how much spatial infor-
mation further influences clustering by concatenating the
spatial coordinates with z, before k-means.

3. Experiments and Results
3.1. Baselines

We compare TRM with two supervised baselines. Our first
baseline, No Recursion 2-Layer, is a 2-layer non-recursive
transformer, equivalent to setting Nz, =1, Nz, =1, and
Nouter=1. This controls for per-step model capacity while
removing iterative refinement entirely. Our second baseline
is a Universal Transformer (Dehghani et al., 2019) without
ACT: a 2-layer shared-weight transformer repeated 21 times,
thus bringing its effective depth to 42 (equivalent to the ef-
fective depth of a single TRM forward pass). This provides
a depth- and weight-sharing-matched control for repeated
computation, allowing us to test whether TRM’s gains stem
from its structured separation of latent-state refinement and
solution refinement, rather than from recurrence depth alone.
A fully depth-matched baseline, that is, training a model
with depth equivalent to the maximum TRM rollout, con-
sistently overfitted and failed to generalize under the same
training data, and hence we omit it from the comparison.

For both tasks, we additionally compare against several



Recursive Spatial Reasoning for Cross-Slice Domain Identification

Table 1. Per-slice ARI for all 12 LOSO SDI folds. TRM outperforms both baselines on all 12 slices. TPublished per-slice results from Dai
et al. (2026) source data (unsupervised methods that train on the test slice).
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Figure 1. DLPFC test-time recursion ablation (mean =+ std, 12 SDI  Figure 2. H&E overlay of ground truth and TRM predictions with 1,
LOSO folds). ARI increases with total processing blocks, saturating 3, and 6 latent recursion steps (slice 151508, LOSO). Increasing the

around 3. Latent recursion steps further improve performance.

established state-of-the-art per-slice methods: for the SDI
task, SpaGCN (Hu et al., 2021), STAGATE (Dong & Zhang,
2022), GraphST (Long et al., 2023), and 3d-OT (Dai et al.,
2026), whereas for the H2G task, STEM (Zhu et al., 2025),
BLEEP (Xie et al., 2023), TRIPLEX (Chung et al., 2024),
and HisToGene (Pang et al., 2021).

3.2. Spatial Domain Identification

We use the dorsolateral prefrontal cortex (DLPFC) dataset
(Maynard et al., 2021), which includes 12 human DLPFC
Visium sections with expert annotations for seven cortical
layers. We map each sample to a 2D grid and featurize
gene expression with PCA over 3,000 highly variable genes
(HVGs). We adopt a strict leave-one-slice-out (LOSO) pro-
tocol: each fold trains on 11 slices and evaluates zero-shot
on the held-out 12th slice. Importantly, the 12th sample is
excluded from PCA fitting and is projected into the training
PCA space only at test time. Full implementation details
are provided in Appendix B.

Comparison to baselines. We evaluate all methods using
the Adjusted Rand Index (ARI) between predicted cluster
assignments and the ground-truth cortical layer annotations.
Table 1 shows that TRM substantially outperforms both
supervised baselines on all test slices, demonstrating that
recursive refinement provides benefits beyond increased
effective depth alone. Compared to established, per-slice
methods, TRM achieves a mean LOSO ARI of 0.559, out-
performing SpaGCN (0.360) and STAGATE (0.491), and
GraphST (0.532), despite never observing the test slice dur-

number of latent recursion steps sharpens cortical layer boundaries.

ing training. We note that this comparison is not strictly
apples-to-apples: these methods are unsupervised and are
fit explicitly on the test slice itself, while the TRM is trained
on other slices. Nevertheless, the fact that a cross-slice
model matches or surpasses per-slice methods underscores
its generalization. Interestingly, the only method that sub-
stantially outperforms TRM-LOSO is 3d-OT (0.688), which
combines a PointNet++ backbone with an optimal transport
alignment step. 3d-OT encodes spatial structure through a
fixed hierarchical decomposition, recursively over nested
spatial partitions to build multi-scale representations. This
provides a strong built-in inductive bias for spatial data, fur-
ther strengthened by explicit access to the test slice through
optimal transport alignment. Conversely, the TRM oper-
ates under a stricter setting where is does not impose an
explicit spatial hierarchy, but rather learns to construct it
dynamically through repeatedly updating its predictions via
recursive computation.

Do recursions help performance? To isolate the role of the
three abstractions of recursion, we perform inference-time
ablations while keeping the model frozen. We observe that
the model needs ~3 total processing blocks to reach peak
ARI, where each block comprises multiple latent recursion
steps followed by one deep recursion update (Figure 1(a)).
These blocks can arise from any combination of deep su-
pervision steps and deep recursion cycles—the two axes are
interchangeable at test time because the outer step boundary
performs only read-only operations (Appendix C). Next, we
compute the ARI vs Nz, for different values of Nz, . At
Nz, = 1, improvement is capped at 3 Nz, steps, indi-
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Figure 3. Zero-shot DLPFC—breast cancer transfer. The TRM zp,
latent benefits substantially from concatenated spatial coordinates
(40.15 ARI), more than the non-recursive baseline does.

cating that further deep recursion is necessary to improve
latent recursion performance, which is validated by improve-
ment for more Nz, steps at Nz,, € {2,3}. Furthermore, at
full Noyter and Nz, steps, we see significant improvement
when increasing Nz, (Figure 1(c)), reducing the number
of latent recursions from 6 to 1 drops mean ARI by up to
0.25. Figure 2 qualitatively visualizes the combined effect
of recursive refinement on one example slice: with only
1 latent recursion step, the model produces near-random
predictions (ARI = 0.003); at 3 steps it recovers the gross
laminar structure (ARI = 0.417); and at 6 steps it achieves
the sharpest layer boundaries (ARI = 0.489).

Zero-shot transfer to human breast cancer. Following
the protocol described in Section 2, we evaluate the DLPFC-
LOSO TRM checkpoints on the breast cancer dataset of
Andersson et al. (2021) without any retraining and report the
best ARI against the 20 fine-grained histological annotation
classes (Table 2, Figure 3). TRM achieves 0.388 ARI on
the zz, latent alone, already exceeding the No-Recursion 2-
Layer baseline (0.343), the Universal Transformer (0.206),
and matching the unsupervised SpaGCN baseline (0.390).
Concatenating the spatial coordinates onto 2, before cluster-
ing raises ARI to 0.538; the same spatial-coordinate addition
also helps the non-recursive baseline (0.343 — 0.458), sug-
gesting that the recursive latent encodes a representation that
is complementary to, rather than redundant with, explicit
spatial context. Conversely, increasing Noyter at evaluation
degrades zero-shot ARI, indicating that deeper refinement
on this OOD task overcommits to the in-distribution prior.
Overall, we find that TRM moderately generalizes across tis-
sue types in the SDI task without any test-time training, and
recursion is a transferable architectural feature in the sense
that it produces a latent that benefits from added spatial
context more than its non-recursive counterpart does.

3.3. Spatial gene expression prediction

We use the HER2ST dataset (Andersson et al., 2021), which
contains 36 samples with spot-level gene expression data
and paired H&E images. We map each sample to a 2D
spot grid and featurize each spot with a frozen Gigapath
(Xu et al., 2024) embedding (1536-d) extracted from a

Table 2. Human breast cancer spatial clustering (max ARI, 20 fine
classes). Zero-shot methods are trained on LOSO DLPFC data
only. fValues taken from Dai et al. (2026). $L2-normalised z ..

Method Max ARI
PCA k-means (DLPFC HVG projection) 0.289
No Rec. 2-Layer 0.343
No Rec. 2-Layer + spatial 0.458
Univ. Transformer 0.206
TRM (z1,) 0.388
TRM (zr, + spatial®) 0.538
SpaGCN 0.390
STAGATE 0.572
GraphST 0.577
3d-OT' 0.683

Table 3. HER2ST B1 holdout under the Zhu et al. (2025) protocol
(300 HMHVG, log-transformed counts). tPublished source data
from Zhu et al. (2025).

PCC-10 PCC-300 RVD
No Rec. 2-Layer 0.865 0.762 0.257
Univ. Transformer 0.830 0.745 1.088
TRM (Noyter=8) 0.883 0.785 0.354
HisToGene® 0.6812 0.5250 10.34
BLEEP! 0.7727  0.5652  0.6025
TRIPLEX 0.7907 0.5766 0.6428
STEM' 0.8298  0.5984  0.0693

224 %224 H&E patch centered on the spot; per-sample grids
are padded to a square 35x35 union shape and accompa-
nied by a binary tissue mask. Following (Zhu et al., 2025),
targets are log-transformed values of the top 300 high mean
and high variance (HMHVG) genes selected on the union
of train-slide highly-variable genes per the protocol of Zhu
et al. (2025). All models are trained under a single-slide-
holdout protocol, matching Zhu et al. (2025): B1 is the test
slide chosen for its difficulty, B6 is the validation slide for
checkpoint selection, and the remaining 34 slides form the
training set.

Comparison to baselines. We evaluate with top-k£ mean
Pearson correlation in log space (PCC-k) and relative varia-
tion distance (RVD) (Table 3). We see that TRM (fixed-K
ACT) outperforms all methods on PCC across the whole
panel. STEM has a diffusion objective and leads in RVD,
but for regression (our task) we find that this RVD gap can
be mitigated by using ACT-halting (Table §). More detailed
metrics are provided in Appendix B.

Do recursions help performance? We repeat the test-
time recursion ablation of the SDI block-equivalence pro-
cedure (Figure 1) on the HER2ST B1 holdout using the
converged TRM (£=8, 300-HMHVG) checkpoint, sweep-
ing Nz, , Nz, , and Noyter at inference while keeping the
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model frozen (Figure 5); following Zhu et al. (2025), we
omit error bars because this is a single-slide holdout. The
qualitative shape mirrors DLPFC: roughly three processing
blocks suffice to reach peak PCC-top-50 (rising from 0.49
at one block to 0.72 by three blocks and saturating, with
RVD dropping from 0.85 to a minimum of 0.26 at three
blocks before stabilising near 0.35), and outer and deep
recursion are interchangeable at fixed Nz, - Nouter. The
deep-recursion update is again the load-bearing component
of the latent—deep—latent message-passing loop: with a
single deep recursion (/Nz, =1), latent depth alone caps
at PCC-mean ~ 0.51 even at Nz, =8; Ny, =2 reaches
0.69 and Nz,, =3 reaches 0.72 (Figure 5b). Unlike DLPFC,
however, increasing Nz, at the default config (Noyter=8,
Nz,,=3) does not improve PCC: all Nz, € {1,...,8}
give identical PCC-mean = 0.7221, PCC-50 = 0.8414, and
RVD = 0.354 to four decimal places (Figure 5c), indicating
that the trained model has fully saturated and additional
latent applications make no measurable difference. We at-
tribute this to the gene-expression target being a smoother,
lower-frequency function of the foundation-model features
than the cortical-layer label: once the deep-recursion loop
has refined the spatial features, additional latent passes have
nothing left to improve. This finding also indicates that with
the default TRM config, ACT would not work because outer
recursions add no useful improvement to performance, mo-
tivating the smaller-recursion architecture used in Section 4
that re-exposes a learnable outer-recursion gradient.

Alignment with expert annotations. Following the down-
stream evaluation protocol used by STEM (Zhu et al., 2025),
we also assess whether the predicted expression profiles pre-
serve biologically meaningful spatial structure. We cluster
TRM predictions and compare the resulting clusters with
the expert annotations of the tissue regions. Figure 4 shows
that the predicted expression from TRM yields clusters that
align well with the major annotated regions. From literature,
we select a set of cancer-related genes and visualize model
predictions for these in Appendix E.

4. ACT in the Non-Discrete Setting

Classical ACT (Graves, 2016) was designed for tasks with
a clear “solved/not-solved” signal per input (e.g., digit ad-
dition). Spatial gene-expression prediction is a continuous
task: the output is a high-dimensional regression target,
quality improves continuously with depth, and there is no
binary correctness signal. We adapt ACT to this regime on
the H2G task using a shallow-inner architecture (V,, =1,
N, =3, Knax=3), trained on the STEM 2025 HER2ST
protocol (Zhu et al., 2025) with 302 HMHVG genes. The
rationale for scaling N, , N,, down from the defaults —
namely that the default architecture saturates Ny, at step 1
while the shallow architecture exposes a learnable test-time

Table 4. ACT comparison on HER2ST B1 holdout (shallow TRM,
Kimax=38). Mnalt 18 the empirical mean halt step over the 36 slides;
values < K ax indicate halting fires.

Strategy PCC-300 RVD  7nant
TRM fixed Nouter=8 0.785 0.354 8.0
PCC-halt (slide-level) 0.723 0.163 8.0
RVD-halt (slide-level) 0.723 0.164 8.0
MSE-halt (slide-level) 0.779 0.109 2.0
Per-class PCC-halt 0.780 0.158 4.9
STEM (Zhu et al., 2025) 0.598 0.069 —

scaling gradient — is given in Appendix D.2.

Halt-head supervision. We compare four halt-target fam-
ilies. Three supervise a single halt logit against a slide-level
quality estimate computed on a 20% per-step held-out sub-
set of the supervised spot features (the held-out subset is
re-sampled every iteration so that each spot supervises both
objectives across an epoch but never within the same for-
ward pass). At step k:

PCC-halt: ¢* = o((PCCy —7)s), 7=0.65, s=20,
RVD-halt: ¢* = o((7 — RVDy)s), 7=04, s=4,
MSE-halt: ¢* = o((7 — MSEy)s), 7=0.9, s=10,

all trained against the halt logit via BCE. The fourth
recipe, per-class PCC-halt, supervises one halt logit per
gene against its own held-out PCC trajectory (¢hy,, =
o((PCCy, — 7)s)); the slide-level halt decision ghai =
é > g Ghalt,g is unchanged but the head receives a richer per-
gene gradient. Here, ¢* denotes the target halt probability,
o(+) is the logistic sigmoid function, 7 is the metric-specific
quality threshold, s controls the sharpness of the transition
around that threshold, k indexes the refinement step, g in-
dexes genes, G is the total number of genes, PCCy, is the
mean held-out Pearson correlation across genes at step k,
and RVD,, and MSE,, are the corresponding held-out rela-
tive volume difference and mean squared error estimates.

Quality—compute results. Table 4 reports panel-wide
PCC, RVD, and the empirical mean halt step 741t across
the 36 slides. The two key takeaways: (i) every halt-loss
recipe cuts RVD by > 2x over fixed-depth TRM at matched
PCC, with MSE-halt achieving the lowest slide-level RVD
(0.109, 3.2x better than fixed-depth, closing ~ 75% of the
gap to STEM’s diffusion-sampled baseline); (ii) only per-
class PCC-halt produces non-trivial input-adaptive halting
(Mpa1y=4.9, between the floor and ceiling), giving ~ 42%
mean compute reduction at matched PCC.

Slide-level halt heads collapse but regularize. PCC-
halt and RVD-halt do not fire: their converged mean halt
probability (0.27 and 0.07) is uniformly below the default
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Figure 4. (a) The H&E held out slide, (b) Manual pathologist annotations, (c) TRM-predictged clusters align well with expert annotations
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Figure 5. Test-time recursion ablation on the HER2ST B1 holdout
using PCC-top-50 and RVD.

threshold 6=0.7, so the model defaults to K, on every
slide. The cause is calibration mismatch — the BCE loss
is dominated by early steps where the target sits near 0,
pulling the converged halt logit down (full mechanism in
Appendix D.2). Even without firing, both recipes still cut
RVD ~ 2x versus fixed-depth TRM: the halt-loss BCE
acts as a variance-aware regularizer on the prediction head
whether or not the controller halts. MSE-halt sits at the
opposite extreme — its target trajectory has the largest dy-
namic range, the halt head saturates above 6 on every input,
and the model halts at the configured floor. Crucially, MSE
is also the prediction-head loss, so MSE-halt adds a sample-
level view of the same quality signal zy already optimizes,
biasing the prediction head toward preserving across-spot
variance — exactly what RVD penalizes — and explaining
the headline RVD gain.

Per-class PCC-halt yields input-adaptive halting. Two
changes recover real adaptive halting: (i) lower the halt-prob
threshold to =0.4, moving it inside the per-input distribu-
tion of converged halt probabilities, and (ii) supervise per
gene rather than per slide, so each of the 302 halt logits sees
its own PCC trajectory and the slide-level decision averages
302 informative gradients. Figure 6 shows the result: across
the 36 HER2ST slides the empirical halt step is bimodal at
{2, 8}, with 17 slides halting at the floor (halt-prob > 0.69),
17 collapsing below threshold and running to K%, and
the test slide B1 landing between the two clusters at step 5.
Halt step is inversely correlated with per-slide PCC — high-
quality slides halt early; low-quality slides keep computing

Table 5. Cluster sizes and test-slide outcomes across four HER2ST
holdout folds (shallow TRM + per-class PCC-halt, threshold 0.4).
“Early” = halt step < 4; “Late” = halt step = Kmax=8.

Fold Testslide Test PCC RVD  Haltstep Early Late
0 Bl 0.7253  0.158 5 (boundary) 18/36 17/36
1 B6 0.7196 0.144 2 (early) 14/36 22/36
2 Cl 0.6257 0.186 2 (early) 19/36 17/36
3 D1 0.5381 0.286 8 (late) 13/36 23/36

— which is exactly the input-adaptive structure classical ACT
was designed to produce, recovered here for a continuous
structured-output task once the threshold is calibrated to the
per-input halt-prob distribution.

Cross-fold validation. To rule out a single-fold artifact,
we retrain the same recipe on three additional held-out test
slides drawn from different patients (B6, C1, D1). The
bimodality replicates on every fold (Table 5) with mild
variation in cluster sizes (early cluster 13—19 of 36; late
cluster 17-23 of 36) but unchanged qualitative structure.
Across all four folds the held-out test slide lands in the
cluster consistent with its own converged PCC: high-PCC
test slides (B1, B6, C1) halt early, the low-PCC holdout (D1,
PCC 0.54) sits in the late cluster and runs to K.y, and
only B1 happens to land at the boundary at step 5. Per-fold
halt-step distributions are shown in Appendix Figure 11.

Compute—quality trade-off. Aggregating ny,)s across
the 36 slides on the per-class checkpoint gives a ~ 42%
mean compute reduction relative to fixed Nyyter=8 at
matched PCC and 2.2x lower RVD (0.158 vs. 0.354). At
the more aggressive operating point min_halt_steps=1
the saving rises to 50.7% at a 0.4% PCC drop; lowering 6
further to 0.3 regresses on PCC because the under-trained
halt head fires before the model has converged. A com-
plementary analog of these recipes for the discrete DLPFC
SDI task — where the halt head is supervised by a soft
target derived from held-out cross-entropy — is provided
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PCC-halt with halt-threshold 0.4 on shallow TRM (HER2ST, all 36 slides)

(a) Per-slide halt step
mean 4.92, std 2.96, range [2, 8]

(b) Halt step vs.\ slide difficulty
(colour = patient; * = test slide B1)

(c) Threshold cuts the halt-prob distribution
into early-halt vs.\ never-halt slides
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Figure 6. Input-adaptive halting under per-class PCC-halt with halt threshold 0.4, evaluated per-slide on all 36 HER2ST slides. (a) Halt-
step histogram is bimodal at {2, 8}; the test slide B1 sits at step 5 (mean 4.92, std 2.96). (b) Halt step vs. per-slide PCC: easy slides
(PCC Z 0.70) halt at the min_halt_steps floor, hard slides (PCC < 0.55) never cross threshold and run to Kpax. (¢) Halt step vs.
converged halt probability: the 0.4 threshold (red dashed) cleanly partitions the halt-prob distribution into the two halt-step clusters.

in Appendix D.1; the qualitative conclusion mirrors the
H2G case (halt-loss-as-regularizer dominates the quality—
compute frontier), with the caveat that on a discrete output
the natural calibration of the halt head is coarser.

5. Discussion and Limitations

This work asks a simple question: can iterative reasoning,
rather than a single forward pass, improve how models rep-
resent tissue? Across both tasks, our results suggest that
the answer is yes. On spatial domain identification, recur-
sion is clearly beneficial: TRM consistently outperforms
parameter-matched non-recursive baselines, generalizes un-
der leave-one-slice-out evaluation, and remains competitive
with several per-slice methods despite never fitting on the
test slice itself. On histology-to-gene-expression prediction,
the picture is more nuanced. TRM again improves over
supervised baselines, but the recursion ablations show that
the benefit concentrates in the deep latent—prediction inter-
action, while repeated latent-only refinement quickly satu-
rates once strong histology foundation-model features are
available. Additionally, we see strong generalization bene-
fits, where TRM can zero-shot transfer cross-tissue in do-
main identification. Furthermore, our experiments deliniate
what recursive computation contributes to performance. The
gains do not appear to arise from effective depth alone: the
Universal Transformer baseline, which also reuses weights
across many layers, does not match TRM. Instead, the ad-
vantage seems to come from the particular factorization of
computation into latent-state refinement, deep prediction re-
finement, and outer-loop iteration, which is specific to TRM.
This structured recurrence gives the model a mechanism
for progressively refining local evidence with global tissue
organization. The test-time ablations further reinforce this
view by showing that compute can be traded for quality up
to a point, after which the model saturates. That behavior
is appealing for spatial biology, where samples vary widely

in complexity and where a fixed computation budget may
be unnecessarily rigid. Taken together, these results sug-
gest that recursive reasoning provides strong benefits and
improves generalization in spatial omics.

Limitations: We consider only two representative tasks
in spatial omics, so the impact of recursive reasoning at
the scale of foundation models remains unexplored. Addi-
tionally, we propose heuristic solutions to repurpose ACT
for continuous domains; inventing smarter approaches for
ACT is the next step as our proposed solutions require deli-
cate dataset-specific hyperparameter tuning. The histology-
to-expression experiments also use a single foundation-
model backbone, leaving robustness across pretrained fea-
ture spaces unclear. Finally, the models are deterministic
and do not estimate uncertainty, limiting their use in settings
where calibrated confidence is important.
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A. The TRM Architecture

The pseudocode follows Figure 3 of Jolicoeur-Martineau
(2025) exactly; : we only replace the discrete ACT target
(J=Yurue) With a soft loss-proxy target ¢*.

def latent_recursion(z, y, z,n = 6):
for ¢ in range(n):
z = net(zx,y, 2)
y = net(y, 2)
return y,

latent reasoning

refine output answer

def deep _recursion(z,y, z,n = 6,7 = 3):
recursing T' — 1 times to improve y and z
no gradients needed
with torch.no_grad():

for j in range(T — 1):
y, z = latent_recursion(x, y, z,n)
recursing once to improve y and z
y, z = latent_recursion(z, y, z,n)
return (y.detach(), z.detach()),
output_head(y), Q-head(y)

Deep Supervision
for Zinput, Yerue in train_dataloader:
Y, 2 = Yinit, finit
for step in range( Nsupervision ):
x = input_embedding(Zinput )
(y, 2), 9, ¢ = deep_recursion(z, y, z)
loss = softmax_cross_entropy (9, Yerue)
q* = U((T - CEholdout) . 8)
loss+ = binary_cross_entropy (g, ¢*)
loss.backward()
opt.step()
opt.zero_grad()
if g > 0:
break

early-stopping

Figure 7. TRM training pseudocode. We follow the original TRM
recursion structure and replace the discrete ACT target with a soft
target q*.

B. Task Formulation and Data Overview
Datasets

DLPFC (Maynard et al., 2021). This dataset contains 12
dorsolateral prefrontal cortex sections from 3 neurotypical
donors, profiled on the 10x Visium platform. Each slide
carries ~3,600 valid under-tissue spots, and each spot is
manually annotated by neuropathologists into one of seven
cortical regions (white matter plus layers 1-6); spots without
a confident layer call are masked out. The dataset also
distributes the H&E image accompanying each section.

HER2' ST (Andersson et al., 2021). This dataset con-
tains thirty-six legacy Spatial Transcriptomics sections from
eight HER2" breast cancer patients (lettered A—H, with
up to six serial sections per patient). Each section is cap-
tured on the original ST 1k-spot array at a 100 um spot

size, yielding ~176-712 valid spots per slide. Each spot is
paired with a corresponding H&E patch from the section’s
whole-slide image, which is released alongside the count
data. Slide B1 (and every patient’s first section) carries
free-form pathologist annotations of breast-cancer histology
classes (invasive cancer, breast glands, connective tissue,
adipose, undetermined).

Task Definitions

We study two complementary tasks on spatial transcrip-
tomics (ST) data. In both settings, a slide is represented
on a discrete spot grid with binary tissue mask M, €
{0, 1}:XWs "and we write Qg = {(i,7) : Ms(i,j) = 1}
for the valid tissue positions.

Task 1: Cross-slice Spatial Domain I (SDI)dentification

In the DLPFC data, each slide provides gene-expression
features X, € RHsxWsxdin tooether with layer annotations
Ys € {1,..., K}#:xWs on Q, where in our setup di, =
50 PCA components computed from the top 3,000 batch-
aware HVGs after log,(counts+1) and K = 7 cortical
layers. The goal is to learn a mapping

fo:(X,M)HYe{L_._’K}HxW

that predicts a domain label at every valid spot. Training
minimizes masked per-spot cross-entropy,

1
‘Ccls (0) = T

o S CE(fo(X, M), Yiy),

(i,5)€Q

The input grid is placed on a shared 78 x 128 canvas, linearly
projected to hidden dimension d=192, RMS-normalized,
and augmented with 2D sinusoidal positional encodings plus
a learnable context token. During training, each slice is pre-
sented as 20 augmented copies per epoch, with joint trans-
formations applied to the feature grid, label grid, and mask:
random 180° rotation, horizontal and vertical flips, Gaus-
sian noise N(0,0.1%) on valid spots, and feature dropout
with probability 0.1 per PCA dimension. Validation and
test evaluation use the unaugmented grid, and evaluation
follows leave-one-slice-out (LOSO): for each held-out slide
s*, the model is trained on all other slides and evaluated
zero-shot on s*.

Task 2: Histology-to-gene-expression prediction (H2G)

For the histology-to-expression task, the input at inference
time is only the H&E image. For each valid spot (4, j) € €,
we extract a 224 x224 image patch centered on that spot
and embed it with a frozen pathology foundation model
¢ (Gigapath, 1536 dimensions), producing a feature tensor
V, € RHsxWsxdim The prediction target is a per-spot gene-
expression vector Y, (i,7) € RY of log-normalized count
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Table 6. Full HER2ST B1 holdout metrics under the Zhu et al.
(2025) evaluation protocol (300 HMHVG, log, (counts+1), single
test slide). TPublished source data from Zhu et al. (2025).

PCC-10 PCC-50 PCC-300 MAE MSE RVD
No Rec. 2-Layer 0.865 0.820 0762 0.690 0872 0.257
Univ. Transformer ~ 0.830 0792 0.745  0.708 0.822 1.088
TRM (Nowier=4) 0869 0824 0771 0689 0.836 0.383
TRM (Nouier=8) 0.883  0.841 0785 0.678 0.810 0.354
HisToGene ' 0.6812  0.6345 0.5250 0.9367 13468 10.34
BLEEPT 07727 0.7141  0.5652 0.8328 1.2428 0.6025
TRIPLEX 0.7907 0.7394  0.5766 0.9311 1.3456 0.6428
STEMT 0.8298 0.7726  0.5984 0.7547 1.0742 0.0693

values over a fixed gene panel; for HER2ST, we use the
top-300 HMHVG panel selected from the training slides,
following Zhu et al. (2025). The model learns

go: (V, M) —Y e RITXWXG,

trained with masked mean squared error,

G
Loos0) = 7 30 Do (@0(ViM)ipe = Vi)
(4,5)€Q c=1

The spot embeddings are padded to a shared 35x35 grid
together with the tissue mask. Following Zhu et al. (2025),
we precompute Gigapath embeddings for all eight elements
of the dihedral group D, and sample one coherent view
per slide during training; we additionally use 20 augmented
copies per sample per epoch, with Gaussian noise (¢=0.05)
and feature dropout (p=0.05) applied to the embedding ten-
sor during training only. Validation and test evaluation use
the unaugmented upright view. Evaluation uses a single-
slide holdout: one slide is reserved for testing (HER2ST:
B1), the model is trained on the remaining slides, and pre-
dictions are scored on the held-out valid spots. For each
gene ¢, we compute the across-spot Pearson correlation p.
between prediction and target, then report top-k mean Pear-
son correlation PCC—£ for k € {10, 50, 200}, along with
MSE, MAE, and the relative variation distance (RVD),

2,pred __

RVD = - (o2
75;

0.2,gt)2

(&3

2
2,8t
(+2%)

which measures how well predicted across-spot variance
matches the true biological heterogeneity.

?

Observations about performance on HER2ST. Table 6
shows a detailed comparison between TRM and baselines
for the HER2ST dataset. We see that the No-recursion vari-
ant already beats the baselines in terms of convergence error
and PCC. However, on RVD, Stem’s per-spot diffusion sam-
pling reaches 0.069 on HER2ST B1, an order of magnitude
below our best regression result. Two things follow.
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(i) Joint-prediction over the whole slide significantly in-
creases performance over baseline work. Even without
recursion, predicting the entire spot grid jointly under a
strong regulariser already exceeds prior regression base-
lines, which recursion further improves on.

(ii) The RVD gap is structural, not a tuning issue. By
the law of total variance, Var,(y) = E,[Var(y | z)] +
Var, (E[y | z]). Any MSE-trained deterministic regressor
9(x) = Ely | «] emits only the second term and discards
the spot-conditional residual E, [Var(y | )], which domi-
nates on the 302-HMHVG panels and is exactly what RVD
scores. PCC-k is invariant to global rescaling, so the same
conditional-mean collapse can preserve top-k ranking while
flattening variance—hence we beat Stem on PCC-k and
lose by an order of magnitude on RVD. Zhu et al. (2025)
introduce RVD precisely because “PCC in log-transformed
space would be surprisingly high if the prediction is simply
the mean expression across all genes,” and motivate diffu-
sion on the prior grounds that the image—expression map is
intrinsically one-to-many. Drawing .S =20 samples per spot
from pp(y | =) and averaging restores both variance terms—
spot-to-spot diversity preserves Var, (E[y | x]), sample-to-
sample stochasticity reinjects E,[Var(y | z)]— collapsing
the RVD ratio while keeping PCC-k competitive. However,
using different ACT halting strategies along with scaling
down Nz, and Nz, , we observed that different ACT ob-
jectives added variance-stabilizing properties to the final
predictions.

C. Ablation Methodology

Procedure. All recursion ablations use models trained
with default hyperparameters (deep recursion cycles = 3,
latent recursion steps = 6, halt max_steps= 8) in the
LOSO (SDI) or held-out-B1 slice (H2G) setting. At test
time, we override one or more parameters and evaluate on
the held-out slice. For each of the 12 LOSO folds, we
evaluate all parameter combinations and report mean + std
across folds.

Block equivalence. A TRM forward pass is parameterized
by three counters, all referring to repeated applications of
the shared transformer Fy:

* N, (latent recursion, also denoted ¢): how many
times the latent state zj, is refreshed in a row before
the next deep update.

* N, (deep recursion, also denoted h): how many such
latent groups are stacked, each followed by one deep
update of z7.

* Nouter (outer / deep-supervision steps, also denoted n):
how many times the model traverses the entire deep-
recursion stack, with a (read-only) outer-step boundary
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in between.

A single processing block is the basic unit of Figure la: N,
latent updates of 2, (each a call to Fy with context z+x),
followed by one deep update of z; from zy,. One inner pass
executes V., such blocks back-to-back; one full forward
pass executes Ny inner passes. At test time, the outer-step
boundary performs only read-only operations (logit decod-
ing, halt-head evaluation) and does not reset or modify the
carried (zg, z1,) state. The sequence of Fy calls—and there-
fore the hidden-state trajectory—is controlled by Ny and
N, only through their product: any two configurations
with the same Ny - N, produce a bit-identical test-time
forward pass. We verified this empirically: across all 12
folds, configurations with equal Noy, - N,,, produce identi-
cal ARI to six decimal places (Table 7).

Table 7. Block equivalence verification (slice 151670). Configura-
tions with the same total blocks (n x h) yield identical ARI.

Config Total blocks ARI
n=1,h=2 2 0.6769
n=2,h=1 2 0.6769
n=1,h=3 3 0.7117
n=3, h=1 3 0.7117
n=2,h=3 6 0.7169
n=3, h=2 6 0.7169
n=6, h=1 6 0.7169
Grid ablation. For Figure 1a, we evaluate all (n, h) com-

binations with n € {1,...,8} and h € {1,2, 3} at default
latent recursion steps ¢=6, then collapse results by total
blocks n x h. For Figure 1b, we fix n=1 and vary deep
recursion cycles h € {1,2,3} with latent recursion steps
¢ e {1,2,3,4,6,8}. For Figure lc, we use the standard
ablation at default n=3, h=3 with £ € {1,...,8}.

D. ACT details

Here, we provide details on the ACT recipes, calibration
choices, formulae, and results referenced in Section 4, sepa-
rated by dataset. Section D.1 covers the DLPFC LOSO set-
ting (the original ACT-on-domain-identification analysis);
Section D.2 covers the HER2ST gene-expression setting
(the regression analog and the input-adaptive halt result).
Across all ACT recipes, the halt head is supervised via a
per-step, randomized within-sample spot holdout, disjoint
from the regression-loss spots. Note that these spots (FM
features) are seen by the model during training but are cut
off from backpropagation via the regression loss, instead
being supervised by the halt head.
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Table 8. ACT strategy comparison on LOSO fold 151673
(DLPEC).

Strategy Test ARI Mean steps  Best epoch
Loss-Proxy ACT 0.520 8.0 6
Weighted BCE 0.465 2.0 13
Random-K [2,8] 0.457 4.0 100
Random-K [2,16] 0.462 8.0 100
D.1. DLPFC LOSO ACT

Classical ACT (Graves, 2016) was designed for tasks with
a clear “solved/not-solved” signal per input, e.g., digit ad-
dition, where the model emits one scalar answer it can
self-verify. Spatial-domain identification is technically still
discrete — each spot is assigned to one of K cortical lay-
ers, but the output is a joint multi-class distribution over
all ~ 4000 spots in the sample, so partial correctness is
the rule and a binary correct/not-correct signal per input is
essentially never achievable. We compare three practical
recipes on slice 151673 LOSO — training on all slices ex-
cept 151673 and evaluating on it — with results in Table 8.

Loss-Proxy ACT. The halt head is supervised by a soft
target derived from held-out cross-entropy. We want the
ACT controller to encourage generalization:

qﬁall = U((T - CEholdout) : 5)7 (D
where 7=0.7 is a quality threshold and s=4 controls sharp-
ness. This is also the formulation summarized in the pseudo
code in Figure 7.

Weighted BCE. This is a calibrated variant of the same
halt-head supervision, with the halt threshold lowered to
0.75 and early-stopping patience relaxed to 8 epochs. We
also bias the target to account for class imbalance, thereby
promoting good performance across all classes. These
changes bias training toward earlier stopping and produce
the 2.0 mean-step solution reported in Table 8 and Figure 9.

Random-K. Each training sample is assigned a random
target depth K ~ Uniform[2, K], where the model
must always take at least two exploratory steps, and the
halt head is trained to stop exactly at step K. We sweep
Kinax € {2,...,8} and also with K,,,x=16 (to make it a
fair comparison to the other methods with mean steps 8) to
study how the width of the training distribution affects both
test ARI and the learned halting point (learned using the
random-K values as supervision) (Figure 8).

Loss-Proxy ACT achieves the best ARI (0.520) on a held-
out set by optimizing for halt head emph answer quality,
but it almost always uses the full 8-step budget. Weighted
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(a) Quality vs. training range (b) Learned halt point vs. training range

~o— Random-K [2, Kiax]
== Loss-Proxy ACT (0.520)

~#~ Random-K [2, Kmax]
— = Loss-Proxy ACT (8.0)

—
o

Test ARI (slice 151673)
Mean ACT steps at test time
-
1S

Kmax (training range upper bound) Kmax (training range upper bound)

Figure 8. Random-K sweep over training range [2, Kma] on fold
151673. (a) Test ARI increases with Kmax up to /24, then plateaus
below the Loss-Proxy ACT baseline (dashed). (b) The learned halt
point is pinned to Kmax for Kmax < 4; for Kmax > 5 the model
abandons early halting and runs all 8 steps.

(a) Test ARI by Strategy (b) Compute Cost (c) Convergence Comparison (slice 151673)

20 40 60 80 100

Figure 9. ACT strategy comparison on fold 151673. (a) Test
ARI: Loss-Proxy achieves the highest quality. (b) Compute cost:
Weighted BCE and Random-K learn to halt early. (¢) Convergence:
Loss-Proxy is fastest; Random-K is considerably slower.

BCE instead biases the controller toward good-enough so-
lutions that account for class imbalance and is the only
setting that yields real anytime behavior: mean steps drop
to 2.0 (a 75% compute reduction) while retaining moderate
quality (ARI 0.465). Random-K, where K corresponds to
the choice of Ny, trains over a random depth budget
between [2, K] and acts as a controller-free regularized
alternative; in practice, however, it does not match Loss-
Proxy ACT. The key takeaway (Table 8) is that these recipes
occupy different points on the quality—compute frontier:
Loss-Proxy ACT is best for accuracy and encourages gener-
alization, Weighted BCE offers a practical, compute-saving
tradeoff, and Random-K is useful for budget diversification
but tricky to train.

D.2. HER2ST ACT: Extended Details

This appendix provides additional mechanism details and
the multi-fold halt-step distributions referenced from Sec-
tion 4. The headline ACT comparison table, halt-recipe def-
initions, the input-adaptive bimodality result, the cross-fold
validation table, and the compute—quality trade-off sum-
mary are all in the main paper (Tables 4 and 5, Figure 6).
All experiments use the shallow-inner architecture (V,,, =1,
N, =3, Kmax=38) trained on the STEM 2025 HER2ST pro-
tocol (Zhu et al., 2025) with 302 HMHVG genes. Across
all ACT recipes, the halt head is supervised via a per-step,
randomized within-sample spot holdout, disjoint from the
regression-loss spots: these spots (FM features) are seen by
the model during training but are cut off from backpropaga-
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Shallow TRM (N, =1, N;, = 3, Kmax = 16): test-time Noyer sweep on HER2ST B1
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Figure 10. Test-time scaling on the small-recursion architecture
trained with random-K ~ Uniform|2, 16]. PCC increases from
0.69 at Nouter=110 0.72 at Nouter=4 before saturating.

tion via the regression loss, instead being supervised by the
halt head.

The intuition for scaling down IV, and N,,. The de-
fault TRM (N, =3, N,, =6) saturates after a single in-
ner pass: sweeping Noyer at test time is flat from step 1.
This indicates that the expressivity of the inner recursions
saturates performance, meaning more Nyyter St€pPS cannot
improve. We hence scale down the expressivity of the la-
tent (Nz, =3) and deep (Nz,, =1) recursions and, by doing
s0, observe input-adaptive halting in the continuous setting.
To test whether this scaled-down architecture provides a
learnable gradient for increasing Noyter, We trained a model
with a random K ~ Uniform(2,16] ACT strategy. This
model exhibits a real test-time scaling increase (PCC 0.69
at Noyter=1 — 0.72 at Nyyter=4, Figure 10), and hence
gives ACT a non-trivial outer-recursion gradient to operate
on.

Why slide-level PCC-halt and RVD-halt do not fire.
The model halts at step k if o(gna) > 6 for some halt-
prob threshold 6 (default #=0.7). PCC-halt’s converged
mean halt probability is 0.27 across all 36 HER2ST slides;
RVD-halt’s is 0.07. In both cases, the halt head’s output col-
lapses to a value well below 6 uniformly across inputs, so the
controller never crosses threshold, and the model defaults
to K ,.x=38 steps on every slide. The reason is a calibration
mismatch: PCC-halt’s halt target o ((PCC — 0.65) - 20) satu-
rates near 0.83 at the converged-PCC ceiling (PCC~0.72),
but the BCE loss is dominated by the early steps where the
target is near 0, pulling the halt logit’s converged value down.
RVD-halt has the same dynamic with even more skew, since
RVD has a wider range and the target sits closer to 1 at
convergence than to 0. The remedy is either (i) recalibrate
the threshold below the per-input converged distribution
(Figure 6¢), or (ii) modify the supervision target so the halt
head converges higher — both of which we exploit in the
main text. Despite never firing, both recipes still cut RVD
by ~ 2x over fixed-depth TRM (Table 4): the halt-loss
BCE term acts as a strong variance-aware regularizer on
the prediction head whether or not the controller eventually
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halts.

Why MSE-halt halts immediately yet wins on RVD.
MSE-halt’s sigmoid o((7 — MSE;) s) at7 = 0.9,s = 10
places the midpoint at the converged held-out MSE (~ 0.7—
1.0), so the supervision target rises sharply across training-
time steps from ~ 0 at K = 1 to ~ 0.95 at saturation. The
halt head therefore converges to mean halt probability 0.997,
comfortably above the threshold & = 0.7 on every input,
and halts at the earliest step the configuration allows.

Despite halting at the configured minimum, MSE-halt
achieves the lowest slide-level RVD across all four recipes
(0.109, 3.2x better than fixed-depth TRM at matched PCC).
Two factors account for this. First, MSE-halt’s halt-target
trajectory has the largest dynamic range across steps of the
three slide-level recipes: PCC saturates at ~ 0.8; RVD-
halt’s target saturates at only ~ 0.5, since 7 sits right at the
converged RVD; and MSE-halt’s target saturates near 0.95.
Its BCE halt loss is therefore the strongest signal pushing
the gradient back through zy during training.

Second, and more importantly, MSE is the exact same loss
used to supervise the prediction head, so the halt loss adds a
sample-level view of the same quality signal the prediction
head receives at the spot level. This double supervision
forces zy to encode a per-sample coherence signal in addi-
tion to per-spot fit, which empirically biases the prediction
head toward preserving across-spot variance — exactly what
RVD penalizes. PCC-halt and RVD-halt provide weaker
BCE gradients, with saturated targets of ~ 0.8 and ~ 0.5,
respectively, and use quality estimators that are not the pre-
diction loss. As a result, the same regularization channel is
correspondingly weaker.

E. Marker-Gene Panel on HER2ST B1
E.1. HER2ST: Qualitative Marker-Gene Validation

The marker-gene grid in Figure 12 provides a qualitative
sanity check on whether the model’s predictions are bi-
ologically faithful, rather than merely statistically well-
correlated. The HER2-amplicon row supplies the strongest
such check: ERBB2 and GRB7 should localize to the same
spots within the pathologist-annotated invasive cancer re-
gions, because GRB7 is frequently co-amplified and co-
expressed with ERBB2/HER?2 in breast cancer (Stein et al.,
1994; Sahlberg et al., 2013). Both ground-truth and pre-
dicted patterns concentrate inside those annotations. The
cell-cycle (CCNDI1, MKI67) row extends this to graded,
non-amplicon-driven proliferation signals, with CCNDI1
and Ki67/MKI67 has been established as a proliferation-
associated marker in breast cancer (Tobin & Bergh, 2012;
Nielsen et al., 2021). The luminal row (ESR1, GATA3,
FOXA1, MUC1) probes more diffuse expression patterns,
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since ESR1, GATA3, FOXAI1, and the associated epithe-
lial/luminal programs define luminal breast cancer identity
(Perou et al., 2000; Sgrlie et al., 2001; Theodorou et al.,
2013; Albergaria et al., 2009). The tumor-suppressor row
(ATM, PTEN), grouped because both have established roles
in the DNA-damage response in breast cancer (Shiloh, 2003;
Bassi et al., 2021), and the EMT row (VIM) (Nieto et al.,
2016) probes mesenchymal/EMT-associated signal, which
is biologically distinct from the sharply localized HER2-
amplicon markers and may be influenced by stromal or
mixed-cell composition. We emphasize that the figure is
not cherry-picked. The twelve genes were specified a priori
from the breast cancer biology before any predictions were
inspected, and the checkpoint (k = 8) was likewise fixed
before this analysis.

F. Limitations

We consider only two representative tasks in spatial omics,
so the impact of recursive reasoning at the scale of foun-
dation models remains unexplored. Additionally, we pro-
pose heuristic solutions to repurpose ACT for continuous
domains; inventing smarter approaches for ACT is the
next step as our proposed solutions require delicate dataset-
specific hyperparameter tuning. Additionally, the lack of
absolute uncertainty or prediction confidence limits the ap-
plication of the recursive reasoning paradigm to real-world
clinical tasks.
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Per-slide halt-step distribution under PCC-halt (thresh = 0.4, shallow TRM) replicates across 4 folds

Fold: test=B1 Fold: test=B6 Fold: test=C1 Fold: test=D1
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Figure 11. Per-slide halt-step distributions under per-class PCC-halt (threshold 0.4, shallow TRM) across four independently retrained
checkpoints with different held-out test slides. Top row: histogram of empirical halt step over all 36 slides, split by train/val/test. Bottom
row: halt step versus per-slide PCC; the test slide is shown as a red star. Bimodality at {min_halt_steps=2, Kmax=8} replicates on
every fold, and the test slide always lands in the cluster predicted by its difficulty.

15



Recursive Spatial Reasoning for Cross-Slice Domain Identification

ERBB2 GT (HER2) ERBB2 pred PCC=+0.84 GRB7 GT (17912 amplicon) GRB7 pred PCC=+0.84

Figure 12. HER2ST B1 marker-gene grid. All expression values are normalized together to allow for direct comparison. Rows are
grouped by biological axis: HER2 amplicon (ERBB2, GRB7); cell cycle (CCNDI1, MKI67); hormone receptor / luminal (ESRI, GATA3);
luminal / adenocarcinoma (FOXA 1, MUCI); DNA-damage response/tumor suppressor (ATM, PTEN); EMT / cancer marker (VIM, GNAS).
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