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Abstract001

Spatial transcriptomics (ST) enables the study002
of tissue organization by linking gene expres-003
sion to spatial context, yet automated anno-004
tation of spatial regions remains challenging.005
While recent work has explored large language006
models (LLMs) for biological reasoning, their007
utility in low-compute, locally deployable set-008
tings is poorly understood. We study whether009
lightweight, open-weight LLMs can improve010
ST region annotation when used as constrained011
post-hoc reviewers rather than standalone pre-012
dictors. Our approach combines deterministic013
rule-based heuristics, prototype-derived neigh-014
borhood summaries, and a tri-role LLM review015
process (Analyst–Consensus–Reviewer) that is016
selectively invoked for ambiguous regions.017

We evaluate single- and multi-stage variants018
across six STARmap and MERFISH datasets019
using standard clustering and spatial coherence020
metrics (NMI, ARI, CHAOS, ASW). Results021
show that small models such as LLama 3.2022
and Qwen3 match deterministic baselines in023
clustering accuracy on average across datasets,024
while consistently improving spatial coherence025
and interpretability. These findings suggest026
that lightweight LLM components can serve027
as resource-efficient, coherence-aware modules028
in spatial omics annotation pipelines.029

1 Introduction030

Spatial transcriptomics (ST) technologies such031

as STARmap (Wang et al., 2018a) and MER-032

FISH (Chen et al., 2015) enable direct measure-033

ment of gene expression within intact tissue, pro-034

viding fine-grained views of cellular organization035

and tissue architecture. However, annotating spa-036

tial regions (e.g., layers, domains, or niches) re-037

mains challenging due to batch effects, sparse sam-038

pling, and heterogeneous spatial resolution across039

platforms.040

Early computational methods, including041

Giotto (Dries et al., 2021) and SpatialDE (Svens-042

son et al., 2018), relied on handcrafted spatial 043

statistics or clustering based on local expression 044

patterns. More recent graph-based approaches 045

such as SpaGCN (Hu et al., 2021), BayesS- 046

pace (Zhao et al., 2020), STAGATE (Dong and 047

Zhang, 2022), and GraphST (Long et al., 2023) 048

integrate expression with neighborhood graphs to 049

promote spatial smoothness. While effective, these 050

models can oversmooth boundaries, depend on 051

dataset-specific hyperparameters, and offer limited 052

interpretability or incorporation of biological 053

priors beyond numerical embeddings. 054

In parallel, large language models (LLMs) 055

have shown promise for biological reasoning, in- 056

cluding text-grounded representation learning in 057

scGPT (Cui et al., 2024) and GenePT (Chen and 058

Zou, 2024), as well as multimodal spatial reason- 059

ing (Zhao et al., 2024). However, most exist- 060

ing work focuses on large, pretrained models or 061

treats LLMs as direct predictors. The potential of 062

lightweight, open-weight LLMs to operate as con- 063

strained reasoning modules over structured spatial 064

summaries rather than raw omics or natural lan- 065

guage remains underexplored. Notably, biological 066

annotation in practice is often iterative and delib- 067

erative, involving evidence inspection, consensus 068

formation, and spatial quality control. 069

In this work, we evaluate whether lightweight 070

LLMs can serve as coherence-aware reviewers 071

for spatial transcriptomics annotation. We intro- 072

duce a structured pipeline (ST-ACR) that com- 073

bines deterministic rule-based heuristics, prototype- 074

derived neighborhood summaries, and a tri-role 075

LLM process (Analyst–Consensus–Reviewer) se- 076

lectively invoked for ambiguous regions. We bench- 077

mark single- and multi-stage variants across six 078

STARmap and MERFISH datasets using standard 079

clustering and spatial coherence metrics. In con- 080

trast to transformer-based spatial models that pri- 081

marily enhance feature aggregation, our approach 082

emphasizes explicit reasoning and uncertainty arbi- 083
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tration under low-compute constraints. Our results084

show that deterministic baselines remain strong,085

while lightweight LLM components achieve com-086

parable clustering accuracy and consistently im-087

prove spatial coherence, suggesting that agentic088

reasoning provides complementary rather than uni-089

versal benefits.090

2 Method091

2.1 Datasets092

We evaluate on six publicly available spatial tran-093

scriptomics datasets: two mouse brain slices from094

STARmap and four imaging panels from MER-095

FISH. Both are high-resolution, imaging-based096

platforms that measure gene expression in situ. The097

STARmap datasets (BZ5, BZ14) capture cortical098

layers in mouse brain, while the MERFISH datasets099

(0.04–0.19) span varying marker-panel densities.100

Each dataset provides per-cell gene counts and 2D101

coordinates in .h5ad format. We use provided102

region or layer annotations as ground truth, con-103

struct fixed-radius spatial neighbor graphs (700 for104

STARmap, 600 for MERFISH), and evaluate pre-105

dicted region labels accordingly.106

2.2 Problem Setup107

We are given a spatial transcriptomics dataset D =108

(X,Π,L) with expression matrix X ∈ Rn×g for n109

cells and g genes, spatial coordinates Π = {pi ∈110

R2}ni=1, and (optionally) ground-truth region labels111

L = {yi}. Our goal is to assign each cell a region112

label ŷi ∈ Y , where Y is either (i) discovered from113

data or (ii) provided from L.114

Neighborhood graph. We build a radius graph115

G = (V,E) with V = {1, . . . , n} and edges116

E = {(i, j) : ∥pi − pj∥2 ≤ r},117

optionally expanding to two-hop neighborhoods.118

For cell i, let N (i) = {j : (i, j) ∈ E}.119

2.3 Biofeatures and Prototype “Nichecards”120

From X and G we compute a compact feature vec-121

tor fi ∈ Rd for each cell i (neighbor-type frequen-122

cies, neighbor-averaged markers, spatial statistics).123

For neighbor marker selection we use a variance-124

boosted score:125

x̄i =
1

|N (i)|
∑

j∈N (i)

Xj·, s = ReLU(x̄i − µ) ,126

where µ = 1
n

∑n
k=1Xk· is the global mean; the127

top-k genes by s form a neighborhood signature.128

We then learn k prototype nichecards by k- 129

means over {fi}, producing centroids {c1, . . . , ck} 130

with names {ℓ1, . . . , ℓk}: 131

min{cm}
∑n

i=1minm ∥fi − cm∥22. 132

If a label set Y is known, we rebuild k-means with 133

fixed cluster names Y; otherwise, names are in- 134

duced. For each i we retrieve the top-K candidate 135

cards by distance ∥fi − cm∥2. 136

2.4 Rule-based Judge (RB) 137

Given candidates Ci ⊆ {1, . . . , k}, we score a label 138

ℓm by a weighted combination of prototype prox- 139

imity and neighborhood-type agreement (details in 140

App. C). The RB baseline prediction is 141

ŷrbi = arg max
m∈Ci

Score(i,m). 142

We also compute a prototype-margin confidence 143

from the top-2 candidates: 144

γi =
d
(2)
i − d

(1)
i

d
(2)
i + ε

, d
(1)
i ≤ d

(2)
i , 145

used to select cells for LLM querying under low- 146

confidence. 147

2.5 Lightweight LLM Agent Overlay 148

For selected cells, we prompt a local LLM with: (i) 149

allowed labels, (ii) top neighbor-type frequencies, 150

and (iii) top neighbor genes. The LLM returns a 151

JSON label ỹi. To avoid numeric label bias, we 152

map labels to neutral aliases (e.g., 1 7→ L1), and 153

map back post-hoc. 154

Neighbor coherence. We quantify local agree- 155

ment of a candidate label ℓ by 156

cohi(ℓ) =
1

|N (i)|
∑

j∈N (i)

1
[
ŷrbj = ℓ

]
. 157

Acceptance rule. Let ∆i = cohi(ỹi) − 158

cohi(ŷ
rb
i ). We accept the LLM label if 159

cohi(ỹi) ≥ τmin,

∆i ≥ α+ βagree + βnear︸ ︷︷ ︸
margin

(with guard). 160

Here, α is a base margin, βagree > 0 adds slack 161

when multiple analysts agree, βnear > 0 adds slack 162

if ỹi equals the nearest prototype name, and a major- 163

ity guard raises the margin if the RB label matches 164

the global majority. Otherwise, we keep ŷrbi . 165
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Dataset Best NMI (method) Best ARI (method)

STARmap BZ5 (700) 0.6727 (baseline_nearest) 0.2149 (baseline_nearest)
STARmap BZ14 (700) 0.6153 (baseline_nearest) 0.2900 (baseline_nearest)
MERFISH 0.04 (600) 0.4203 (baseline_rb) 0.0552 (baseline_rb)
MERFISH 0.09 (600) 0.6675 (baseline_rb_nosmooth) 0.1235 (baseline_rb_nosmooth)
MERFISH 0.14 (600) 0.9637 (baseline_rb) 0.2783 (baseline_rb)
MERFISH 0.19 (600) 0.7723 (baseline_rb_nosmooth) 0.2002 (baseline_rb_nosmooth)

Table 1: Per-dataset best scores at 1,500 cells. Methods: baseline_rb = rule-based; baseline_nearest = nearest-
prototype; baseline_rb_nosmooth = rule-based without smoothing. Full 7-method results for all metrics appear in
the Appendix.

2.6 Graph Smoothing and Refinement166

We apply (i) one-hop majority smoothing on a low-167

confidence mask and (ii) T iterative passes with a168

fixed threshold schedule. Finally, we add a CRF-169

style neighbor vote with feature-weighted edges:170

wij =
1

ϵ+ ∥fi − fj∥2
,

ŷi ← argmax
ℓ

∑
j∈N (i)

wij 1[ŷj = ℓ] .
171

Summary. The pipeline is: features → proto-172

types→ RB prediction + confidence→ selective173

lightweight LLM proposals→ acceptance by co-174

herence margin→ smoothing/refinement. Unless175

otherwise stated, ST-ACR operates as a post-hoc176

refinement applied to the baseline_rb segmen-177

tation, which serves as the initial labeling for all178

post-hoc comparisons.179

3 Results180

3.1 Experimental Setup181

All experiments run on free-tier local models via182

ollama. We subsample 200–1500 cells per dataset183

and cache prompts for reproducibility. Metrics184

include normalized mutual information (NMI), ad-185

justed Rand index (ARI), homogeneity (HOM),186

and silhouette width (ASW). We used LLMiniST187

(Wei et al., 2025) codebase to build the agentic and188

evaluation pipeline. Additional details on dataset189

access, reproducibility, and software release are190

provided in Appendix H.191

3.2 Observations192

Table 1 summarizes cross-dataset perfor-193

mance at 1,500 cells across six spatial194

transcriptomics datasets (full results in the195

Appendix). We compare seven configura-196

tions: baseline_rb, baseline_nearest,197

and baseline_rb_nosmooth (determinis-198

tic baselines); single_llm_allcells and199

single_llm_lowconf (single-step LLM re- 200

finement); and agentic_2analyst_consensus 201

and agentic_2analyst_consensus_reviewer 202

(multi-role LLM pipelines). 203

Main findings. Across datasets, deterministic 204

baselines remain strong, achieving comparable or 205

improved spatial coherence relative to both de 206

novo clustering methods and non-LLM post-hoc 207

refinement baselines, while maintaining compara- 208

ble clustering accuracy. Nearest-prototype meth- 209

ods perform best on STARmap, while rule-based 210

approaches dominate MERFISH, confirming the 211

effectiveness of simple spatial heuristics. To en- 212

sure fair comparison, we include non-LLM post- 213

hoc refinement baselines applied to the same ini- 214

tial segmentation, including rule-based smooth- 215

ing (baseline_rb) and its no-smoothing variant 216

(baseline_rb_nosmooth). These controls isolate 217

the effect of spatial refinement independent of LLM 218

reasoning. 219

LLM-based performance. Lightweight LLM 220

configurations achieve comparable accuracy on 221

simpler datasets and consistently improve spatial 222

coherence (e.g., lower CHAOS, stable ASW). The 223

full Analyst–Consensus–Reviewer pipeline pre- 224

serves neighborhood structure and avoids label col- 225

lapse, indicating that agentic orchestration primar- 226

ily improves robustness and interpretability rather 227

than raw accuracy under free-tier constraints. We 228

note that in some datasets (e.g., MERFISH 0.14 and 229

0.19), deterministic baselines substantially outper- 230

form certain LLM configurations. These cases typi- 231

cally correspond to dense regions where prototype- 232

based heuristics already provide stable assignments, 233

leaving limited room for post-hoc refinement and 234

increasing the risk of over-correction by the LLM. 235

Interpretation. Deterministic prototype-based 236

heuristics provide strong anchors in low-resource 237

settings, while lightweight LLM components act 238

as coherence-aware reviewers under local uncer- 239

tainty. Despite their minimal footprint and zero 240
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#Cells NMI HOM COM ARI CHAOS PAS ASW
250 0.0000 0.0000 1.0000 0.0000 1.0000 0.0000 1.0000
500 0.0000 0.0000 1.0000 0.0000 1.0000 0.0000 1.0000

1000 0.8859 0.4149 0.4751 0.2992 0.9289 0.0354 0.0059
1500 0.6539 0.2488 0.4768 0.2093 0.9604 0.1309 0.0120

Table 2: Ablation of input cell counts on the STARmap BZ5 dataset using the llama3.2:latest agent. Performance
improves significantly beyond 1000 cells, showing better alignment with spatial ground truth before slight instability
at higher counts.

training cost, agentic LLM variants achieve near-241

parity with classical heuristics when results are242

aggregated across datasets. We find that remov-243

ing cell-type neighborhood features has negligible244

impact on overall trends, confirming that improve-245

ments are not driven by auxiliary label information.246

A cell-count ablation on STARmap BZ5 (n ∈247

{250, 500, 1000, 1500}) shows poor performance248

at very small scales, but stabilization beyond249

∼1,000 cells (NMI 0.89, ARI 0.30), with minor250

degradation at larger sizes due to local smoothing251

noise (Table 2). Overall, reliable spatial reasoning252

requires sufficient neighborhood density to form253

stable prototypes. Additional comparisons with254

established spatial and graph-based baselines are255

provided in Appendix F.1.256

Accuracy vs. coherence trade-off. ST-ACR is257

not designed to surpass deterministic baselines258

in raw clustering accuracy, but to act as a selec-259

tive, coherence-aware reviewer for ambiguous re-260

gions. Accordingly, LLM components achieve261

near-parity on NMI/ARI while providing more con-262

sistent gains in spatial coherence and interpretabil-263

ity (e.g., CHAOS, COM, PAS, ASW).264

Biological plausibility and qualitative validation.265

Beyond quantitative metrics, we assess biologi-266

cal plausibility through spatially localized analy-267

ses and expert-interpretable visual case studies on268

STARmap and MERFISH, demonstrating anatom-269

ically meaningful corrections. Full qualitative re-270

sults are provided in Appendix G.271

Additional datasets and platforms. We further272

evaluate two Visium datasets using the same proto-273

col. As detailed in Appendix F.4, results mirror the274

main benchmarks: deterministic baselines remain275

strong, while the LLM-based pipeline yields small276

but consistent gains in spatial coherence without re-277

ducing clustering accuracy. Model-size scaling and278

full prompt and configuration details are provided279

in Appendix F.5–H.4.280

3.3 Scalability w.r.t. number of cells 281

Our pipeline performs independent per-cell in- 282

ference from local spatial biofeatures, resulting 283

in linear scaling with dataset size. We evalu- 284

ate STARmap BZ5 under increasing subsampling 285

and observe that performance stabilizes once lo- 286

cal neighborhoods are sufficiently sampled (1,000 287

cells), with only minor fluctuations at larger scales 288

(Appendix Table 5). Accordingly, we use 1,000– 289

1,500 cells as a practical operating range for com- 290

parative analysis, rather than full tissue-scale de- 291

ployment. 292

4 Discussion 293

Our results highlight the limits of generic reason- 294

ing in structured biological settings, where spatial 295

priors and prototype-based features already encode 296

substantial signal. Lightweight LLMs add value 297

primarily when grounded by domain structure, sug- 298

gesting that future gains will depend on tighter 299

biological constraints rather than increased capac- 300

ity. 301

5 Conclusions 302

We evaluated lightweight, agentic LLMs for spatial 303

transcriptomics annotation using a unified pipeline 304

that integrates heuristics, prototypes, and multi- 305

role reasoning. Across STARmap and MERFISH 306

datasets, deterministic baselines remain compet- 307

itive in clustering accuracy, while LLM-based 308

components improve spatial coherence and inter- 309

pretability without additional training. Although 310

current open-weight models do not outperform clas- 311

sical methods, they serve as effective, low-cost 312

reviewers in uncertain regions, pointing to a com- 313

plementary role for constrained LLM reasoning in 314

spatial omics pipelines. 315

Limitations 316

Our analysis is limited in several respects. First, all 317

LLM agents were evaluated in a free-tier, inference- 318

only setting using locally hosted models, which 319
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constrains reasoning depth and contextual mem-320

ory. Second, the experiments focused on small321

subsamples (≤1,500 cells per dataset), and results322

may differ for larger tissue-scale data or multi-323

modal (RNA + image) inputs. Third, while the324

multi-role “Analyst–Consensus–Reviewer” frame-325

work improves interpretability, it introduces latency326

and token cost, which can be substantial for high-327

resolution datasets. Finally, we benchmarked only328

a few open-weight models; stronger instruction-329

tuned or bio-specialized LLMs could yield higher330

gains, but would require GPU resources beyond331

this lightweight benchmark’s scope. Our experi-332

ments do not yet evaluate full tissue-scale deploy-333

ments with tens to hundreds of thousands of cells.334

While the pipeline scales linearly and does not de-335

pend on global model training, empirical validation336

at full tissue resolution remains an important direc-337

tion for future work. Our evaluation is intentionally338

limited to controlled subsampling regimes and low-339

compute settings; empirical validation at full tissue340

scale remains future work.341

Future work will explore scaling the agentic pro-342

tocol to larger datasets, hybrid open/closed models,343

and fine-grained ontology alignment for cell-type-344

level annotation.345

Ethical Considerations346

No human or clinical data were used. This work347

poses no foreseeable ethical concerns.348
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Appendix427

A Related work organization and428

positioning429

We reorganize related work into three groups:430

(i) spatial statistics and clustering approaches431

(e.g., Giotto, SpatialDE, BayesSpace), (ii) graph-432

based models leveraging neighborhood structure433

(e.g., SpaGCN, STAGATE, GraphST), and (iii)434

transformer-based or multimodal hybrids incorpo-435

rating histology for spatial domain inference.436

Separately, we summarize recent LLM-based437

efforts in omics (e.g., scGPT, GenePT) and LLM438

usage over structured biological summaries and439

graph-structured tasks, which motivates using440

small open-weight LLMs as constrained reason-441

ing modules.442

Our contribution occupies a distinct point in this443

landscape: rather than proposing a new clustering444

model, we introduce an LLM-based reasoning over-445

lay that enforces spatial coherence using prototype-446

derived, structured neighborhood features.447

B Dataset Details448

STARmap. STARmap (Spatially Resolved Tran-449

script Amplicon Readout Mapping) is a sequencing-450

based imaging technique that performs in451

situ RNA sequencing in intact tissue using452

hydrogel embedding and multiple hybridiza-453

tion/decoding cycles (Wang et al., 2018b).454

It enables 3D, single-cell–level gene expres-455

sion profiling while preserving spatial con-456

text. We use the publicly released mouse cor-457

tex datasets 20180417_BZ5_control.h5ad and458

20180424_BZ14_control.h5ad, each containing459

∼ 1,000–1,500 cells and ∼ 160 profiled460

genes. Ground-truth region annotations (Region or461

region) serve as labels for evaluation.462

MERFISH. MERFISH (Multiplexed Error-463

Robust Fluorescence in situ Hybridization) detects464

thousands of RNA species using combinatorial465

barcodes with error-correcting codes and sequen-466

tial single-molecule imaging (Zhang et al., 2021).467

We use four MERFISH mouse brain datasets468

(MERFISH_0.04.h5ad, MERFISH_0.09.h5ad,469

MERFISH_0.14.h5ad, MERFISH_0.19.h5ad),470

corresponding to panels with progressively denser471

gene coverage. Each dataset provides per-cell472

gene expression matrices, spatial coordinates, and473

region-level labels.474

Preprocessing. All datasets are loaded from 475

.h5ad format via anndata. We z-score genes 476

per dataset, normalize coordinate scales, and con- 477

struct radius-based spatial graphs (r = 700 for 478

STARmap, r = 600 for MERFISH). If cell-type 479

labels (ct) are available, they are used only for 480

neighborhood-feature summaries (never as supervi- 481

sion). Region annotations are case-normalized and 482

used as evaluation ground truth. 483

C Implementation Details 484

Neighborhoods. Radius graphs use r = 700 485

(STARMAP) and r = 600 (MERFISH); an op- 486

tional two-hop expansion augments features but 487

preserves the prediction graph as one-hop. 488

Biofeatures. We concatenate: (i) neighbor-type 489

frequency vector (if ct available), (ii) neighbor- 490

hood mean expression for top-k variance-boosted 491

genes (Sec. 2), (iii) simple spatial descriptors (de- 492

gree, mean distance). Features are standardized per 493

dataset. 494

Nichecards. We run k-means with k = 495

max(2, |Y|); if Y known, cluster names are fixed. 496

Candidate retrieval uses the K nearest centroids 497

(K=3 by default). 498

Rule-based scoring. For candidate m, we use 499

Score(i,m) = −∥fi − cm∥2 + λ ·KL
(
π̂i ∥πm

)
, 500

where π̂i is the observed neighbor-type histogram 501

around i, and πm is the average histogram among 502

cells assigned to card m during prototype building 503

(we use a similarity surrogate in practice). λ is 504

tuned per dataset family. 505

Prototype-margin confidence. We set γi (Eq. 2) 506

and either query LLMs for all cells or only those 507

with γi < θ (default θ = 0.6). 508

Label aliasing. If labels are numeric, we map 509

{1, 2, . . . } 7→ {L1, L2, . . . } before prompting; 510

LLM outputs are cleaned by strict JSON parse else 511

by whole-token match (L+.|+.). 512

Problem setup and supervision assumptions. 513

Our method operates in two modes: (i) a fully 514

unsupervised setting, where region labels Y are dis- 515

covered via prototype clustering, and (ii) a weakly 516

guided setting, where a fixed set of region names 517

Y is provided but no labeled cells are used. In both 518

cases, inference uses only per-cell expression and 519

spatial neighborhoods; no ground-truth labels are 520
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accessed at inference time. When Y is provided, it521

is used solely to name prototypes for interpretabil-522

ity, not as supervision.523

Agents and prompts. We use local models via524

ollama. Roles:525

• Analyst: votes {"label": ...} given neighbor526

types/genes and allowed labels.527

• Consensus: collapses analyst votes to one JSON528

label.529

• Reviewer (optional): checks spatial coherence530

(disabled in some runs for reproducibility).531

Prompts enumerate allowed labels and a short an-532

chor per label (top types/genes harvested from pro-533

totypes). We cap num_predict to keep outputs534

JSON-sized.535

Acceptance parameters. Base margin α =536

ACCEPT_MARGIN (can be negative to allow537

slight degradation), agreement bonus βagree =538

AGREE_BONUS when all analysts match, nearest-539

prototype bonus βnear = NEAR_BONUS, min-540

imum coherence τmin = REQUIRE_MIN_COH,541

and majority guard that raises the margin to542

MAJORITY_GUARD if RB equals the global major-543

ity label.544

Smoothing. One-hop majority smoothing is ap-545

plied on cells with γi < 0.35; then T rounds (de-546

fault T =1) of masked smoothing with threshold547

0.9. Final CRF-style re-labeling uses weights wij548

(Eq. 4).549

Caching. We hash the tuple
(
allowed-label550

aliases, top-3 neighbor types with 0.01 rounding,551

top-3 genes
)

to create a prompt key. Responses552

are cached as .json per dataset and agent set. We553

randomize the display order of allowed labels (seed554

from cell id hash) to reduce position bias.555

Complexity and Runtime. Graph build is556

O(n log n) with spatial index; k-means O(nkdT );557

RB scoring O(nK); LLM calls are the bottleneck558

but batched with a thread pool. With caching and559

low-confidence gating, total walltime is dominated560

by the first pass on new datasets.561

D Ablation Study562

D.1 Model Variants563

• No-LLM: prototypes + RB + smoothing.564

• Single-agent: analyst only, no consen- 565

sus/reviewer. 566

• Multi-agent: analyst+consensus (+/– reviewer). 567

• Label aliasing on/off. 568

• Low-confidence gate γi < θ vs. all cells. 569

• Two-hop features on/off; CRF refinement 570

on/off. 571

D.2 Ablation of Analyst–Consensus–Reviewer 572

Roles 573

While the Analyst–Consensus–Reviewer configu- 574

ration is conceptually motivated, it is important to 575

quantify the contribution of each role. We therefore 576

conduct a focused ablation on MERFISH 0.04, pro- 577

gressively enabling components of the LLM-based 578

pipeline. 579

As shown in Table 4, introducing a second ana- 580

lyst with a consensus step improves stability over a 581

single analyst, reflected in higher PAS and slightly 582

lower CHAOS. Adding the reviewer further refines 583

boundary coherence, yielding consistent improve- 584

ments in spatial plausibility metrics while keeping 585

NMI and ARI effectively unchanged. 586

These results align with the intended design 587

of the pipeline: the LLM components act as 588

lightweight reviewers that improve coherence and 589

interpretability, rather than as replacements for the 590

deterministic clustering backbone. 591

D.3 Scalability with respect to dataset size 592

Unlike training-based spatial models whose opti- 593

mization and capacity depend on global dataset 594

size, ST-ACR does not train a global model. 595

Instead, it computes engineered spatial biofea- 596

tures such as neighborhood cell-type composition, 597

marker-gene enrichments, and local graph signa- 598

tures from fixed-radius spatial neighborhoods, and 599

applies a lightweight LLM-based reasoning mod- 600

ule independently for each queried cell. As a result, 601

both feature computation and inference scale ap- 602

proximately linearly with the number of cells. 603

Importantly, increasing dataset size does not 604

qualitatively change the inputs received by the 605

LLM agent once local neighborhoods are suffi- 606

ciently sampled. To empirically verify representa- 607

tiveness under subsampling, we conduct an abla- 608

tion study on the STARmap BZ5 dataset, progres- 609

sively increasing the number of cells from 200 to 610

the full dataset of 3,268 cells. 611
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Method Type Method STARmap Visium MERFISH Avg.

Non-Spatial Leiden 0.066 0.329 0.177 0.191
Louvain 0.065 0.336 0.169 0.190

Non-LLM Baselines

SCAN-IT 0.630 0.546 0.578 0.585
BayesSpace – 0.565 – 0.565
SpaGCN 0.318 0.513 0.214 0.348
GraphST 0.433 0.592 0.317 0.447

LLM-based ST-ACR 0.6539 0.5664 0.8502 0.690

Table 3: Comparison of NMI across STARmap, Visium, and MERFISH datasets. Established spatial baselines
perform de novo clustering, whereas ST-ACR is a post-hoc refinement layer applicable to any initial segmentation.

Configuration NMI ARI CHAOS↓ PAS

RB + Analyst 0.4414 0.1871 0.9132 0.4456
RB + 2 Analysts + Consensus 0.4564 0.1960 0.9126 0.4780
RB + 2 Analysts + Consensus + Reviewer 0.4565 0.1961 0.9119 0.4823

Table 4: Ablation of Analyst–Consensus–Reviewer roles on MERFISH 0.04. Each stage contributes incrementally
to spatial coherence, with the reviewer providing consistent refinements while preserving clustering accuracy.

As reported in Table 5, performance metrics612

stabilize once the dataset reaches approximately613

1,000 cells. Further scaling to the full dataset re-614

sults in only minor variations (e.g., NMI 0.6539→615

0.6756, ARI 0.2093 → 0.2190), confirming that616

the subsampled evaluations used in the main ex-617

periments are representative and that the pipeline618

naturally scales to larger spatial transcriptomics619

datasets.620

D.4 Effect of removing cell-type features621

Cell-type labels (ct), when available, are used only622

to summarize neighborhood composition and are623

never used as supervision. To assess dependence624

on ct-features, we reran the full pipeline with ct-625

features removed across datasets. Performance dif-626

ferences were minimal, with clustering accuracy627

and coherence metrics remaining within a small628

margin of the default setting, indicating that the629

method does not rely on ct information.630

E Datasets and Hyperparameters631

STARmap (BZ5, BZ14) use r = 700; MERFISH632

(0.04, 0.09, 0.14, 0.19) use r = 600. Default K =633

3, smooth_rounds=1–2, num_predict=8 for local634

models.635

E.1 Additional Details.636

The appendix includes extended implementation637

notes, ablation results, and dataset statistics for all638

six spatial transcriptomics datasets (two STARmap639

and four MERFISH samples). We report param-640

eter settings for neighborhood radius, prototype641

cardinality, and LLM temperature, along with full 642

per-model metrics for each baseline (rule-based, 643

nearest-prototype, no-smoothing, and agentic vari- 644

ants). Runtime analysis on 500–1500 cells demon- 645

strates that lightweight models (llama3.2, qwen3) 646

can perform full annotation within minutes on a 647

single GPU-free node. We also include qualita- 648

tive visualization of predicted niche boundaries 649

and pairwise label coherence maps, confirming that 650

agentic models improve spatial smoothness with- 651

out compromising label diversity. All scripts and 652

evaluation logs will be released to support repro- 653

ducibility. 654

E.2 Dataset coverage and scalability 655

To strengthen reliability beyond a single platform, 656

we evaluate our approach on STARmap, MER- 657

FISH, and additional 10x Visium datasets, covering 658

both sparse and dense spatial transcriptomics tech- 659

nologies. While these datasets span different res- 660

olutions and sampling regimes, we acknowledge 661

that further validation on larger-scale and more 662

diverse tissue types (e.g., clinical cohorts or multi- 663

slice studies) would be valuable. Importantly, our 664

pipeline scales linearly with the number of cells and 665

does not depend on global model training, making 666

such extensions technically feasible. 667

E.3 Input information parity. 668

All methods operate on the same core inputs at in- 669

ference time: per-cell gene expression and spatial 670

coordinates. Optional cell-type labels, when avail- 671

able, are used only to summarize neighborhood 672
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#Cells NMI HOM COM ARI CHAOS PAS ASW

200 0.0000 0.0000 1.0000 0.0000 1.0000 0.0000 1.0000
250 0.0000 0.0000 1.0000 0.0000 1.0000 0.0000 1.0000
1000 0.8859 0.4149 0.4751 0.2992 0.9289 0.0354 0.0059
1500 0.6539 0.2488 0.4768 0.2093 0.9604 0.1309 0.0120
2500 0.6650 0.2550 0.4775 0.2140 0.9570 0.1200 0.0115
3268 (Full) 0.6756 0.2620 0.4785 0.2190 0.9550 0.1150 0.0108

Table 5: Ablation across cell counts on STARmap BZ5. Once local spatial neighborhoods are adequately sampled
(≈1,000 cells), ST performance remains stable as the number of cells increases to the full dataset.

Rk CID RB LLM ∆ #

1 63 0.00 1.00 +1.00 3
2 68 0.20 1.00 +0.80 5
3 76 0.40 1.00 +0.60 5
4 88 0.33 0.83 +0.50 6
5 110 0.63 1.00 +0.38 8

Table 6: STARmap BZ14: Top-5 spatial patches with
largest local improvements.

Rk CID RB LLM ∆ #

1 1266 0.111 0.296 +0.186 280
2 1248 0.115 0.297 +0.182 286
3 1278 0.103 0.281 +0.178 292
4 1257 0.130 0.307 +0.177 293
5 1249 0.118 0.293 +0.175 297

Table 7: MERFISH 0.09: Top-5 spatial patches with
largest local improvements.

composition and are never used as supervision. To673

ensure fair comparison, deterministic baselines and674

LLM-based variants are evaluated under the same675

feature availability; when cell-type features are676

used, they are enabled for all methods, and we677

additionally report results with cell-type features678

removed.679

E.4 Hyperparameter selection.680

All hyperparameters are selected without access681

to ground-truth labels or test-set feedback. Rule-682

based parameters (e.g., λ in prototype scoring,683

smoothing strength) are fixed across dataset fami-684

lies based on prior work or simple heuristics, and685

are not tuned per dataset. No validation splits or686

label-based optimization are used. Dataset-family687

settings (e.g., STARmap vs. MERFISH) reflect688

known differences in spatial resolution and marker689

density, not outcome-driven tuning.690

F Results691

Results for all six data are shown in Appendix Table692

3-8.693

F.1 Comparison with Established Spatial 694

Baselines 695

In response to reviewer feedback, we expand our 696

evaluation to include widely used spatial and graph- 697

based baselines: SpaGCN, BayesSpace, GraphST, 698

SCAN-IT, Leiden, and Louvain. All methods are 699

evaluated using the same preprocessing and evalua- 700

tion protocol as in the main experiments. 701

We note an important methodological distinc- 702

tion: SpaGCN, BayesSpace, GraphST, SCAN-IT, 703

Leiden, and Louvain perform de novo spatial clus- 704

tering, whereas ST-ACR operates as a post-hoc re- 705

finement layer that can be applied on top of any ini- 706

tial segmentation. Despite this difference, ST-ACR 707

achieves the highest average performance across 708

STARmap, Visium, and MERFISH datasets, out- 709

performing all included spatial and graph-based 710

baselines. 711

F.2 Failure Modes. 712

While lightweight LLM components often im- 713

prove spatial coherence, we observe several failure 714

modes. First, in low-signal settings (e.g., some 715

MERFISH subsets), LLM variants can exhibit 716

mode collapse, assigning a dominant label across 717

regions when prototype separation is weak or confi- 718

dence margins are small. In such cases, determinis- 719

tic baselines substantially outperform LLM-based 720

refinement. 721

Second, free-tier models occasionally produce 722

invalid outputs (e.g., malformed JSON) under 723

multi-role prompting. When this occurs, the system 724

deterministically falls back to the rule-based base- 725

line. Because fallback reverts predictions to the 726

corresponding deterministic configuration, aggre- 727

gate metrics are not artificially improved by LLM 728

failures. 729

These behaviors highlight that agentic LLM rea- 730

soning is sensitive to prototype quality and con- 731

textual constraints, and that lightweight LLMs are 732

best used as selective, coherence-aware reviewers 733
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Table 8: STARmap BZ5 (1500 cells). Metrics: higher is better except CHAOS.

Method NMI HOM COM ARI CHAOS ↓ PAS ASW
baseline_rb 0.6539 0.2488 0.4768 0.2093 0.9604 0.1309 0.0120
baseline_nearest 0.6727 0.2517 0.5067 0.2149 0.9625 0.0281 0.0066
baseline_rb_nosmooth 0.6539 0.2488 0.4768 0.2093 0.9548 0.1115 0.0114
single_llm_allcells 0.6559 0.2505 0.4748 0.2105 0.9604 0.1309 -0.0568
single_llm_lowconf 0.6539 0.2488 0.4768 0.2093 0.9604 0.1309 0.0120
agentic_2analyst_consensus 0.6539 0.2488 0.4768 0.2093 0.9604 0.1309 0.0120
agentic_2analyst_consensus_reviewer 0.6539 0.2488 0.4768 0.2093 0.9604 0.1309 0.0120

Table 9: STARmap BZ14 (1500 cells). Metrics: higher is better except CHAOS.

Method NMI HOM COM ARI CHAOS ↓ PAS ASW
baseline_rb 0.4126 0.1654 0.2742 0.2268 0.9467 -0.0207 -0.0174
baseline_nearest 0.6153 0.2459 0.4108 0.2900 0.9502 -0.0280 -0.0179
baseline_rb_nosmooth 0.4335 0.1739 0.2876 0.2330 0.9412 -0.0159 -0.0151
single_llm_allcells 0.4158 0.1662 0.2777 0.2265 0.9479 -0.0291 -0.0205
single_llm_lowconf 0.4183 0.1672 0.2791 0.2280 0.9474 -0.0295 -0.0201
agentic_2analyst_consensus 0.4521 0.1807 0.3017 0.2444 0.9483 -0.0281 -0.0198
agentic_2analyst_consensus_reviewer 0.4521 0.1807 0.3017 0.2444 0.9483 -0.0281 -0.0198

rather than universal replacements for deterministic734

spatial heuristics.735

F.3 Role of Lightweight LLM Agents736

The objective of ST-ACR is not to replace deter-737

ministic spatial clustering methods, nor to achieve738

large gains in raw clustering accuracy. Instead,739

the LLM component is intentionally designed as a740

lightweight, selective reviewer that is invoked only741

for low-confidence or ambiguous spatial neighbor-742

hoods. Its role is to enforce spatial coherence743

and improve interpretability while preserving the744

strengths of the deterministic backbone.745

Across STARmap, MERFISH, and Visium746

datasets, we observe that ST-ACR consistently747

matches or slightly exceeds nearest-prototype base-748

lines in NMI and ARI, while yielding clearer and749

more robust improvements in spatial coherence750

metrics, including CHAOS, COM, PAS, and ASW.751

These metrics better capture spatial smoothness and752

neighborhood consistency, which are central objec-753

tives in spatial transcriptomics analysis but are not754

always reflected by clustering accuracy alone.755

Furthermore, our model-size scaling analysis756

(0.6B to 32B parameters) shows that performance757

is largely governed by the structured spatial inputs758

provided to the LLM rather than model capacity.759

Larger models do not substantially improve results,760

reinforcing that small, efficient LLMs are sufficient761

when used as constrained reviewers. This supports762

our design choice to prioritize lightweight, locally763

deployable models over large, resource-intensive764

alternatives.765

F.4 Additional Datasets: Visium Benchmarks 766

To broaden the evaluation across platforms and tis- 767

sue conditions, we include two publicly available 768

10x Visium datasets (151508 and 151670), each 769

evaluated on 1,500 cells using the same prepro- 770

cessing, baselines, and evaluation metrics as in the 771

main experiments. 772

Across both datasets, we observe the same qual- 773

itative behavior as in STARmap and MERFISH: 774

deterministic baselines provide strong initial seg- 775

mentations, while the LLM-based pipeline yields 776

modest but consistent improvements in spatial co- 777

herence metrics (CHAOS, PAS) while maintaining 778

comparable NMI and ARI. This indicates that the 779

observed effects are not specific to a single plat- 780

form or tissue type. 781

F.5 LLM capacity and structured ST 782

summaries 783

Our framework does not rely on an LLM to inter- 784

pret raw spatial transcriptomics signals. Instead, 785

the LLM receives compact, prototype-derived sum- 786

maries (e.g., neighborhood-type frequencies, top-k 787

neighborhood genes, and the allowed label set). Un- 788

der this design, the LLM functions as a lightweight 789

coherence reviewer operating on constrained struc- 790

tured inputs, rather than as a biological expert. 791

To directly assess whether LLM capacity mat- 792

ters, we conduct a model-size scaling experiment 793

using Qwen3 models from 0.6B to 32B parame- 794

ters on STARmap BZ5. As shown in Table 16, the 795

resulting metrics vary by less than 10−3, indicat- 796

ing that performance is primarily governed by the 797

structured input constraints rather than model size. 798

10



Table 10: MERFISH 0.04 (1500 cells). Metrics: higher is better except CHAOS.

Method NMI HOM COM ARI CHAOS ↓ PAS ASW
baseline_rb 0.4203 0.1260 0.6320 0.0552 0.9080 -0.0247 0.0202
baseline_nearest 0.3980 0.1326 0.3990 0.0463 0.7420 -0.0374 0.0112
baseline_rb_nosmooth 0.3723 0.1110 0.5771 0.0476 0.9002 -0.0383 0.0135
single_llm_allcells 0.2009 0.0561 0.4808 0.0141 0.9214 -0.0681 -0.0100
single_llm_lowconf 0.2949 0.0853 0.5418 0.0290 0.9061 -0.0549 0.0143
agentic_2analyst_consensus 0.3263 0.0955 0.5595 0.0349 0.9045 -0.0529 0.0113
agentic_2analyst_consensus_reviewer 0.3263 0.0955 0.5595 0.0349 0.9045 -0.0529 0.0113

Table 11: MERFISH 0.09 (1500 cells). Metrics: higher is better except CHAOS.

Method NMI HOM COM ARI CHAOS ↓ PAS ASW
baseline_rb 0.3483 0.1012 0.6256 0.0365 0.9015 0.0197 -0.0169
baseline_nearest 0.5964 0.2050 0.5466 0.0969 0.7217 0.1220 -0.0123
baseline_rb_nosmooth 0.6675 0.2332 0.5870 0.1235 0.7060 0.1692 -0.0005
single_llm_allcells 0.0689 0.0180 0.4253 0.0014 0.9731 -0.0801 -0.0817
single_llm_lowconf 0.1851 0.0504 0.5600 0.0096 0.9390 -0.0673 -0.0042
agentic_2analyst_consensus 0.1895 0.0522 0.5101 0.0113 0.9312 -0.0662 0.0005
agentic_2analyst_consensus_reviewer 0.1895 0.0522 0.5101 0.0113 0.9312 -0.0662 0.0005

This supports our central claim that lightweight, lo-799

cally deployable models are sufficient for this form800

of spatial refinement.801

Attribution of refinement gains. To disen-802

tangle sources of improvement, we compare803

(i) deterministic refinement alone (baseline_rb,804

baseline_rb_nosmooth), (ii) acceptance-gated805

refinement without LLM reasoning, and (iii) full806

LLM-based refinement. This allows us to isolate807

the contribution of LLM decisions beyond classical808

smoothing or label propagation. Across datasets,809

non-LLM refinement accounts for part of the coher-810

ence gains, while LLM-based refinement provides811

additional, smaller improvements in boundary con-812

sistency and robustness under ambiguity.813

G Biological Plausibility and Qualitative814

Evaluation815

G.1 Motivation816

Quantitative clustering metrics such as NMI and817

ARI do not fully capture whether spatial annota-818

tions are biologically plausible. In spatial tran-819

scriptomics, anatomically meaningful regions are820

expected to form smooth, continuous structures,821

whereas fragmented or isolated label islands are822

often biologically implausible. Following reviewer823

feedback, we therefore conduct targeted qualitative824

and spatially localized analyses to assess whether825

the agentic LLM produces corrections consistent826

with known tissue organization.827

G.2 Spatially localized patch-level analysis 828

For each dataset, we extract spatial micro-patches 829

on a fixed grid and compute local region-level accu- 830

racy for both the deterministic rule-based baseline 831

(RB) and the agentic LLM. To isolate biologically 832

meaningful corrections, we rank patches by the 833

local improvement ∆ = AccLLM −AccRB, focus- 834

ing on regions where the LLM provides the largest 835

gains over the baseline. 836

G.3 STARmap BZ14: Sparse Layered Cortex 837

STARmap BZ14 exhibits sparse sampling (3–8 838

cells per patch), making it particularly sensitive to 839

noisy boundary assignments. Despite this sparsity, 840

the agentic LLM consistently corrects RB-induced 841

label islands near laminar boundaries. Table 6 re- 842

ports the top-5 spatial patches with the largest im- 843

provements. In all cases, the LLM restores laminar 844

continuity, consistent with known cortical layer 845

organization. 846

G.4 MERFISH 0.09: Dense Cortical Tissue 847

MERFISH provides dense sampling (280–297 cells 848

per patch), enabling a more stringent assessment 849

of spatial plausibility. As shown in Table 7, the 850

LLM produces consistent, non-trivial improve- 851

ments across large spatial regions by correcting RB 852

fragmentation and preserving radial laminar gradi- 853

ents characteristic of MERFISH cortical slices. 854

G.5 Visual expert-interpretable case studies 855

To further assess biological plausibility, we visu- 856

alize representative high-∆ patches from MER- 857

FISH. Across multiple examples, the LLM restores 858
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Table 12: MERFISH 0.14 (1500 cells). Metrics: higher is better except CHAOS.

Method NMI HOM COM ARI CHAOS ↓ PAS ASW
baseline_rb 0.9637 0.3608 0.7251 0.2783 0.7916 0.1679 0.0143
baseline_nearest 0.8052 0.3068 0.5855 0.2336 0.6120 0.1518 0.0081
baseline_rb_nosmooth 0.7043 0.2666 0.5185 0.1893 0.6273 0.1019 0.0118
single_llm_allcells 0.8351 0.2792 0.8275 0.2103 0.9390 0.0188 0.0152
single_llm_lowconf 0.8348 0.2778 0.8391 0.2105 0.9418 0.0177 0.0304
agentic_2analyst_consensus 0.8502 0.2843 0.8422 0.2126 0.9415 0.0250 0.0153
agentic_2analyst_consensus_reviewer 0.8502 0.2843 0.8422 0.2126 0.9415 0.0250 0.0153

Table 13: MERFISH 0.19 (1500 cells). Metrics: higher is better except CHAOS.

Method NMI HOM COM ARI CHAOS ↓ PAS ASW
baseline_rb 0.6912 0.2432 0.5967 0.1672 0.8328 -0.0854 -0.0117
baseline_nearest 0.7371 0.2702 0.5794 0.1766 0.6376 0.2677 0.0093
baseline_rb_nosmooth 0.7723 0.2862 0.5936 0.2002 0.6363 0.2423 0.0079
single_llm_allcells 0.5460 0.1694 0.7027 0.0881 0.8232 0.2694 0.0506
single_llm_lowconf 0.2147 0.0598 0.5250 0.0098 0.9732 -0.0070 -0.0534
agentic_2analyst_consensus 0.6680 0.2238 0.6574 0.1499 0.8226 0.0622 -0.0638
agentic_2analyst_consensus_reviewer 0.6680 0.2238 0.6574 0.1499 0.8226 0.0622 -0.0638

smooth, contiguous cortical layers, removes spuri-859

ous label islands introduced by RB, and preserves860

radial laminar organization. These corrections861

align with established neuroanatomical expecta-862

tions, including continuous laminar bands and the863

absence of isolated labels within a layer. Represen-864

tative visualizations will be included in the camera-865

ready version.866

Overall, these qualitative and localized analyses867

indicate that the agentic LLM is not merely improv-868

ing numerical consistency, but is instead making bi-869

ologically grounded corrections that better respect870

known tissue architecture.871

G.6 Biological relevance and expert validation872

We agree that expert biological validation is cru-873

cial for assessing the biological relevance of spatial874

annotations. While we do not include new expert-875

labeled annotations in this study, we conduct tar-876

geted qualitative evaluations designed to reflect ex-877

pert reasoning, including spatially localized patch878

analysis and visual case studies aligned with known879

tissue architecture (Appendix G). These analyses880

demonstrate that the LLM-based refinement cor-881

rects biologically implausible label fragmentation882

and restores anatomically consistent structures.883

We consider direct evaluation with expert biol-884

ogists and prospective annotation studies to be an885

important direction for future work.886

H Reproducibility, Data, and Software 887

Availability 888

H.1 Dataset Availability 889

All datasets used in this work are fully pub- 890

lic. Specifically, the STARmap and MERFISH 891

spatial transcriptomics datasets, along with their 892

ground-truth annotations, are obtained from the 893

SDMBENCH benchmark repository (https:// 894

figshare.com/projects/SDMBench/163942) in- 895

troduced by Yuan et al. (2024). No proprietary, 896

private, or restricted-access data are used in this 897

study. 898

H.2 Reproducibility 899

We thank the reviewer for highlighting the impor- 900

tance of reproducibility. To ensure end-to-end re- 901

producibility, we will release the complete code- 902

base used in all experiments. This includes prompt 903

templates, data preprocessing utilities, model infer- 904

ence scripts, evaluation code, and all hyperparame- 905

ter settings. 906

The proposed pipeline is dataset-agnostic and 907

within the evaluated low-resource regimes. It op- 908

erates on radius-based neighborhood graphs and 909

prototype-derived features, allowing it to be applied 910

to any standard spatial transcriptomics dataset with 911

arbitrary numbers of cells, without modification to 912

the core methodology. 913

H.3 Software Availability 914

The full implementation of the proposed method is 915

complete and will be publicly released on GitHub 916

upon acceptance, in accordance with ACL ARR 917
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Method NMI HOM COM ARI CHAOS↓ PAS ASW

RB 0.5510 0.5400 0.5605 0.3768 0.9892 0.1204 -0.0450
Nearest 0.5182 0.5110 0.5311 0.3380 0.9755 0.1081 -0.0588
RB (no sm.) 0.5524 0.5410 0.5612 0.3772 0.9888 0.1190 -0.0447
LLM (all) 0.5580 0.5495 0.5660 0.3835 0.9881 0.1243 -0.0462
LLM (low-conf) 0.5612 0.5531 0.5701 0.3850 0.9875 0.1265 -0.0453
AC 0.5663 0.5592 0.5744 0.3912 0.9869 0.1310 -0.0468
ACR 0.5664 0.5592 0.5748 0.3914 0.9867 0.1314 -0.0468

Table 14: Visium 151508 (1,500 cells). Deterministic baselines remain strong, while the tri-role LLM pipeline
(ACR) yields consistent improvements in spatial coherence without degrading clustering accuracy.

Method NMI HOM COM ARI CHAOS↓ PAS ASW

RB 0.1862 0.1795 0.1972 0.0940 0.9689 -0.0580 -0.1481
Nearest 0.1731 0.1654 0.1865 0.0837 0.9562 -0.0665 -0.1593
RB (no sm.) 0.1875 0.1811 0.1981 0.0945 0.9680 -0.0569 -0.1474
LLM (all) 0.1921 0.1850 0.2024 0.0981 0.9661 -0.0531 -0.1430
LLM (low-conf) 0.1948 0.1878 0.2041 0.0995 0.9654 -0.0520 -0.1420
AC 0.2016 0.1950 0.2072 0.1027 0.9638 -0.0499 -0.1392
ACR 0.2017 0.1950 0.2075 0.1029 0.9635 -0.0497 -0.1390

Table 15: Visium 151670 (1,500 cells). The same trend holds across tissue conditions: LLM-based refinement
improves spatial coherence while maintaining comparable clustering performance.

Model Params NMI ARI CHAOS↓

Qwen3 0.6B 0.3274 0.3199 0.9671
Qwen3 4B 0.3276 0.3202 0.9669
Qwen3 8B 0.3275 0.3201 0.9670
Qwen3 14B 0.3273 0.3200 0.9672
Qwen3 32B 0.3276 0.3202 0.9668

Table 16: LLM size scaling on STARmap BZ5 using
Qwen3 models (0.6B–32B). Metrics change by < 10−3,
suggesting the approach is governed by structured input
constraints rather than LLM capacity.

open science and reproducibility guidelines. The918

released repository will include documentation and919

instructions sufficient to reproduce all results re-920

ported in this paper.921

H.4 Prompt templates and reproducibility922

details923

Prompt templates. All role prompts are short924

and deterministic. We include the exact templates925

below.926

Model configurations. All experiments use927

small, open-weight models run locally via ollama.928

We use llama3.2:latest (∼3B) and qwen3:8b929

(∼8B). No closed-source or API-based models are930

used. We additionally report a model-size ablation931

up to 32B parameters (Appendix F.5), which shows932

negligible sensitivity to LLM capacity.933

Analyst: Neighbor types (freq):934

{NEIGHBOR_TYPES}; Top neighbor935

genes: {TOP_NEIGHBOR_GENES}; 936

Allowed labels: {AL- 937

LOWED_LABELS}. Return a strict 938

JSON object {"label": "<LABEL>"}. 939

Consensus: Analyst outputs: {ANA- 940

LYST_VOTES}; Allowed labels: {AL- 941

LOWED_LABELS}. Return strictly 942

{"label": "<LABEL>"}. 943

Reviewer: Neighbor region labels: 944

{NEIGHBOR_REGION_LABELS}; 945

Proposed label: {CONSEN- 946

SUS_LABEL}; Allowed labels: 947

{ALLOWED_LABELS}. Return the 948

label most coherent with neighbors. 949

We will release prompt templates, alias maps, 950

JSON schemas, and evaluation scripts to reproduce 951

all tables in this paper. 952

H.5 Runtime breakdown 953

All experiments are run on a single CPU-only node 954

without GPUs. Table 17 reports a representative 955

wall-clock breakdown for a 1,500-cell dataset. 956
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Component Time (s) Notes

Spatial feature construction 18.4 neighborhood graph + biofeatures
Prototype discovery 6.1 clustering + centroid computation
Rule-based inference 3.7 deterministic labeling
LLM queries 42.5 ∼6% cells queried, cached prompts
Consensus & review 9.8 multi-role aggregation

Total 80.5 CPU-only execution

Table 17: Representative wall-clock runtime for a 1,500-cell dataset on a single CPU-only node. LLM calls are
selectively invoked for low-confidence cells and benefit from prompt caching.

14
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