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Abstract 

Motivation

Most imaging-based spatial transcriptomics methods measure individual genes, 

which limits scalability and typically requires integration with scRNA-seq to recover 

full cellular states. Recent approaches such as CISI, FISHnCHIPs, and ATLAS 

address this limitation by measuring aggregate transcriptional signatures, where 

multiple genes are pooled into each channel to increase throughput. While aggregate 

measurements improve scalability, they shift the problem from gene selection to fea-

ture design. For effective integration with scRNA-seq, these signatures must be not 

only discriminative in transcriptional space but also straightforward to measure, with 

balanced signal, sufficient dynamic range, and robustness to experimental noise. By 

optimizing decoding accuracy in isolation, existing methods leave substantial perfor-

mance on the table.

Results

We present CIPHER (Cell Identity Projection using Hybridization Encoding Rules), 

a neural-network framework that jointly optimizes the experimental encoding matrix, 

i.e., the way that genes are aggregated to signatures, and the downstream cell 

embedding. CIPHER integrates the physical limits of imaging assays directly into its 

loss function, shaping the latent space to maximize discriminability while maintaining 

robustness to measurement noise and signal constraints. Using a large-scale mouse 

brain scRNA-seq reference, we show that CIPHER-designed encodings yield latent 

spaces with improved cell-type separability, uniform signal utilization, and greater 
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resilience to hybridization variability, resulting in higher decoding accuracy from both 

simulated and experimental data.

Conclusion

CIPHER formulates aggregate signature design as a joint optimization problem over 

decoding accuracy and experimental measurability. This enables systematic, scRNA-

seq-aligned feature design for scalable spatial transcriptomics based on aggregate 

measurements.

Availability

Code and documentation are available at https://github.com/wollmanlab/Design/.

Author summary 

Spatial transcriptomics reveals how cells are organized within tissues by map-
ping where genes are expressed. To achieve both scale and resolution, many 
approaches now combine spatial imaging with single-cell RNA-seq references 
to reconstruct complete transcriptomes in situ. New methods such as CISI, 
FISHnCHIPs, and ATLAS accelerate this process by measuring combinations 
of co-expressed genes rather than each gene individually. These aggregate 
measurements simplify experiments but introduce a new challenge: deciding 
which genes to combine so that the resulting features are both experimentally 
reliable and computationally informative for integration with scRNA-seq data. We 
developed CIPHER, a computational framework that learns how to design and 
decode these aggregate measurements optimally. By integrating experimental 
constraints and decoding accuracy into a unified neural-network model, CIPHER 
provides a principled approach for designing signature-based spatial transcrip-
tomics experiments that enable efficient and accurate reconstruction of cellular 
transcriptomes.

Introduction

Spatial transcriptomics aims to connect gene expression with cellular organization in 
intact tissues, but existing platforms face fundamental trade-offs between through-
put, sensitivity, and spatial resolution [1,2]. Imaging-based approaches that directly 
detect individual RNA molecules can achieve high spatial precision but scale poorly. 
High-magnification, spot-based methods require long acquisition times and are 
limited to small fields of view [3–5], while lower-magnification imaging platforms trade 
molecular resolution for speed and coverage [6,7]. Sequencing-based spatial assays 
avoid optical crowding altogether but capture only a small fraction of the transcrip-
tome per spatial unit, with detection biased toward abundant transcripts [2,8,9]. As a 
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result, no current technology can simultaneously achieve high sensitivity, large spatial coverage, and comprehensive tran-
scriptome profiling. Most spatial transcriptomics studies therefore rely on integration with scRNAseq data to recover cell 
identities and transcriptional states, placing increasing emphasis on how spatial measurements are designed to support 
downstream integration rather than direct gene-by-gene readout.

To overcome the limitations of gene-by-gene spatial measurements, a new class of spatial transcriptomics methods 
adopts a different objective: designing measurements that enable easy integration with scRNAseq references rather than 
attempting to directly recover partial transcriptomes in situ. Methods such as CISI, FISHnCHIPs, and ATLAS replace indi-
vidual gene measurements with aggregate transcriptional signatures, in which multiple genes are combined into a smaller 
number of composite features [10–12]. By leveraging prior knowledge of transcriptional structure learned from single-cell 
data, these approaches shift the burden of resolution from the imaging assay to the computational decoding step. This 
reframing enables higher throughput, reduced imaging demands, and more efficient use of experimental signal while pre-
serving the ability to assign cells to reference-defined identities and states.

Although CISI, FISHnCHIPs, and ATLAS share the goal of integration-first spatial measurement, they differ fundamen-
tally in how aggregate encodings are constructed and interpreted. CISI introduced the use of composite measurements by 
applying compressed sensing to randomly generated gene mixtures, followed by sparse recovery to reconstruct individ-
ual gene expression profiles [10]. FISHnCHIPs instead defines aggregate features by grouping co-expressed genes into 
modules derived from single-cell data, prioritizing signal amplification and sensitivity through coordinated hybridization 
[11]. ATLAS generalizes aggregate measurement design by representing each feature as a weighted combination of 
genes and explicitly learning a linear mapping from gene expression space into a low-dimensional latent space aligned 
with known cell types [12]. This formulation enables supervised optimization of encodings for cell-type separability and 
scalability, allowing ATLAS to profile tens of millions of cells across hundreds of tissue sections while maintaining align-
ment with single-cell references [12]. Across all three approaches, aggregate measurement design follows a common 
workflow of computational encoding, in situ measurement, and computational decoding, but differs in how the latent space 
is defined and optimized.

Despite their success, existing aggregate spatial transcriptomics methods do not explicitly model the experimental 
factors that determine whether an encoding can be measured reliably. Encoding design is typically performed entirely 
in silico, without accounting for finite signal dynamic range, variability in hybridization efficiency across probes, 
background structure, or uneven signal allocation across channels. These effects directly shape signal separability 
and decoding performance in real experiments, yet they are absent from the encoding optimization itself [3,4,11]. In 
practice, this leads to encodings that may be highly discriminative in theory but are difficult to read out robustly, or 
that waste measurement capacity on features that are poorly constrained by the assay. Addressing this gap requires 
design frameworks that treat physical and biochemical measurement limits as first-class components of the encoding 
problem.

Here we present CIPHER (Cell Identity Projection using Hybridization Encoding Rules), a computational framework 
for designing aggregate spatial transcriptomics encodings that explicitly account for experimental measurability. CIPHER 
jointly optimizes encoding and decoding accuracy under physical constraints on signal dynamic range, probe usage, and 
measurement robustness. We first introduce the conceptual framework underlying measurability-aware encoding design 
(Fig 1), then quantify the trade-offs imposed by experimental constraints and their impact on encoding performance (Figs 
2–4). We compare CIPHER-designed encodings to existing strategies, including DPNMF, the method used in the ATLAS 
paper [12] (Fig 6), and evaluate performance using large-scale simulations (Fig 6) and experimental validation in mouse 
brain tissue (Fig 7). Finally, we demonstrate how CIPHER can be applied to additional organs beyond the mouse brain 
(Fig 8). Together, these results establish CIPHER as a principled framework for information-optimal and experimentally 
feasible design in signature-based spatial transcriptomics.
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Methods

Terminology‌‌

We use the term bit to denote a single dimension of the encoded measurement space. Unlike classical MERFISH-style 
bits, which represent binary presence or absence of signal, CIPHER bits correspond to continuous-valued aggregate tran-
scriptional features formed by pooling multiple genes into a single readout channel.

Datasets and preprocessing

CIPHER was evaluated across three biological contexts: adult mouse brain, developing mouse, and mouse lymph 
node. For all datasets, raw scRNA-seq count matrices were processed uniformly. Genes were retained if probe designs 
were available in the PaintSHOP probe database; no additional filtering based on expression level, transcript length, or 

Fig 1.  The CIPHER framework. Schematic of the end-to-end neural-network for aggregate spatial transcriptomics design. The top panel illustrates 
the principle of aggregate FISH, demonstrating how molecular probes physically implement a linear weighted-sum projection of gene expression in situ 
prior to measurement. The bottom panel details the CIPHER framework, which employs a machine learning approach to fit the optimal encoder matrix 
(E) using single-cell RNA-seq reference inputs (X). This optimization maximizes decoding accuracy (LA) while strictly enforcing physical hybridization 
constraints (LH) and ensuring experimental measurability (LM), yielding a latent space (P) that is both informative and physically realizable. The decoder 
(D) subsequently reconstructs cell identity (C) from these optimized signals.

https://doi.org/10.1371/journal.pcbi.1014362.g001
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sequence complexity was applied. Mitochondrial and ribosomal genes were retained if probe designs were available. 
Gene expression values were normalized to counts per 100,000 (CP100k) by dividing each cell by its total UMI count and 
multiplying by 105. Since normalized values were not rounded, this differs from CP10k only by a global factor of 10 and 
serves mainly to place projected bit intensities and brightness targets in a convenient numerical range.

Adult mouse brain

We used the Allen Brain Cell Atlas whole mouse brain 10X scRNA-seq dataset (WMB-10X) [13]. Cells with valid metadata 
and genes shared across 10X v2 and v3 chemistries were retained. To ensure balanced representation during training, 
the dataset was subsampled to 100,000 cells using stratified sampling, with oversampling of rare cell types. Cell-type 
labels correspond to the subclass annotation level (K = 336 categories). The Allen Brain Atlas subclass distribution is 
highly imbalanced, with a small number of abundant non-neuronal subclasses comprising a disproportionately large frac-
tion of all cells. Without stratified sampling, optimization would be dominated by these abundant populations and would 
underweight the many rarer neuronal subclasses that are central to the intended classification task.

Developing mouse.  We used a large-scale single-cell atlas of mouse development spanning embryonic and postnatal 
stages [14]. Gene names were mapped to Ensembl identifiers for compatibility with probe design resources. Stratified 

Fig 2.  Impact of loss functions on encoding performance. (A) Schematic of the composite loss function components. LH (Hybridization Rules) 
enforces physical probe constraints such as global probe budgets and per-gene limits. LM (Measurability) enforces sufficient dynamic fold and cell-type 
separation, as well as overall brightness. LA (Accuracy) maximizes cell-type classification performance. (B–D) Performance metrics plotted against the 
number of bits. All three panels display the same five loss-function configurations to isolate the specific impact of each term: Accuracy only (LA), Accu-
racy + Hybridization (LA, LH), and the full model (LA, LH, LM), including variants with only the Dynamic Range or Separability components of LM enabled. 
(B) Classification accuracy shows a modest decrease with the addition of measurability terms. This trade-off yields substantial gains in (C) latent-space 
separability and (D) dynamic fold change, demonstrating how LM enforces sufficient signal dynamic range for robust experimental readout compared to 
unconstrained encoders. See Methods for the definitions of Accuracy, Separation, and Dynamic Fold.

https://doi.org/10.1371/journal.pcbi.1014362.g002
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sampling was used to construct a balanced dataset of 500,000 cells based on the author-provided cell-type annotations 
(K = 190 categories).

Mouse lymph node.  We constructed a composite lymph node reference by merging multiple published mouse lymph 
node scRNA-seq datasets (listed at [15–18]). Cell-type labels were harmonized across datasets, and doublets were 
removed using the original study annotations. The final dataset was stratified to 100,000 cells across 43 harmonized cell 
types.

CIPHER architecture

CIPHER is a neural-network architecture that couples a biologically constrained linear encoder to a nonlinear decoder. 
The encoder represents the experimental design, that is, how probes are allocated across genes and readout channels, 
whereas the decoder evaluates whether the resulting projected measurements preserve cell-type information.

Encoder (experimental design layer).  The encoder learns an encoding matrix E ∈ RG×B , where G is the number of 
genes and B is the number of bits. Each entry Eij represents the number of probes assigned from gene i to bit j. To ensure 
that probe allocations are nonnegative and bounded by the number of available probes for each gene, the trainable 
encoder parameters Wij are transformed as

Fig 3.  Linear vs. nonlinear decoder complexity. (A) Schematic comparing decoder architectures with varying depths (number of hidden layers, h). 
A linear decoder (h = 0) represents simple weighted summation, whereas nonlinear decoders capture combinatorial patterns in the latent space. (B–D) 
Performance metrics plotted against the number of bits (imaging rounds) for different decoder complexities. (B) Classification accuracy increases with 
bit number but plateaus differently depending on decoder complexity. While performance improves modestly from a linear decoder (h = 0) to a shallow 
nonlinear decoder (h = 1), further increases in depth (h > 1) provide no meaningful additional gain. (C) Latent-space separability metrics. (D) Relationship 
between available bits and the required dynamic fold change, illustrating the trade-off between decoder complexity and signal constraints. See Methods 
for the definitions of Accuracy, Separation, and Dynamic Fold.

https://doi.org/10.1371/journal.pcbi.1014362.g003
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Eij =

tanh(Wij) + 1
2

Ti,
	

where Ti is the maximum number of probes available for gene i. Thus, each encoder entry is constrained to the interval 
[0, Ti]. The values of Ti were fixed in advance from probe-design feasibility and depended only on gene-specific properties 
such as transcript length and probe availability in PaintSHOP [19]. During optimization, E is treated as continuous; for 
probe synthesis, the final optimized matrix is discretized by rounding and then clipped to satisfy the per-gene constraints 
exactly.

Given a normalized expression matrix X ∈ RN×G  for N cells, the encoder defines the latent projection

	 P = XE,	

where P ∈ RN×B  is the predicted bit-level signal matrix. In this formulation, each bit is a continuous-valued aggregate tran-
scriptional measurement obtained by summing contributions from multiple genes rather than a binary on or off code.

Fig 4.  Experimental Constraints and Probe Design. (A) Encoding performance as a function of target signal brightness. The x-axis represents the 
target median brightness (log10  scale). The left y-axis displays latent-space separability (blue) and classification accuracy (red), while the right y-axis 
displays dynamic fold change (green). Results indicate a strong advantage to lower brightness requirements, which are ultimately determined by 
microscope sensitivity and hybridization efficiency. (B) Encoding performance as a function of total probe budget. The x-axis represents the maximum 
number of encoding probes (×103). Axes for separability (blue, left), accuracy (red, left), and dynamic fold (green, right) correspond to those in panel (A). 
Performance metrics plateau at approximately 5 × 104 probes, indicating diminishing returns for larger probe libraries. See Methods for the definitions of 
Accuracy, Separation, and Dynamic Fold.

https://doi.org/10.1371/journal.pcbi.1014362.g004
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Decoder (cell-type prediction layer).  The decoder maps the projected signals P to cell-type predictions. It is 
implemented as a multilayer perceptron with h hidden layers, each of width 3B. Each hidden layer consists of a linear 
transformation followed by batch normalization and a GELU nonlinearity. The final layer is linear and outputs class 
logits, which are converted to class probabilities by the cross-entropy loss during training. Unless otherwise noted, all 
experiments used a single hidden layer (h = 1).

Before decoding, projected signals can optionally be normalized within each cell by their total projected intensity and, if 
desired, standardized across bits. In the experiments reported here, the decoder operated on the projected bit intensities 
directly unless otherwise stated. The decoder therefore serves only as a differentiable objective for evaluating whether a 
proposed probe allocation preserves cell-type information; it is not part of the experimental measurement itself.

Initialization and design interpretation.  Encoder weights were initialized so that, after the bounded transformation 
above, the initial probe fractions for each gene–bit pair lay within a user-specified interval. This avoids starting from 
either nearly empty or fully saturated probe allocations. The learned encoding matrix can be interpreted directly as an 
experimental design: each column defines one bit, and the entries in that column specify how probe counts are distributed 
across genes to produce that aggregate readout channel.

Loss functions and optimization

CIPHER is trained end-to-end by minimizing a weighted objective with four conceptual components:

	 Ltotal = wALA + wHLH + wMLM + wregLreg.	

For clarity, we present the objective in terms of accuracy, hybridization, measurability, and optional regularization 
components, although in implementation each constituent term has its own user-defined coefficient. In the experiments 
reported here, the active optimization terms were LA, LH, and LM.

Accuracy loss (LA).  Let P = XE denote the latent projection of the normalized expression matrix X through the 
encoding matrix E, and let fθ(P) denote the decoder output. Cell-type discrimination was enforced using categorical cross-
entropy with label smoothing:

	 LA = CELS
(
fθ(P), y

)
,	

where y is the ground-truth cell-type label and the label-smoothing coefficient was fixed at ϵ = 0.1.
Hybridization constraints (LH).  The hybridization term combines a global probe-budget constraint and a per-gene 

probe-allocation constraint:

	 LH = Lprobe + Lgene.	

For the global budget, let

	

Nprobe =
G∑
i=1

B∑
j=1

Eij, rprobe =
Nprobe – N∗

probe

N∗
probe

,

	

where N∗
probe  is the target total number of probes. The implementation applies a soft penalty to the relative excess probe 

count using an ELU nonlinearity:

	 Lprobe = ELU(rprobe;αprobe).	
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For the per-gene constraint, let Ti denote the maximum number of probes available for gene i, and define the excess 
allocation

	

δi =
B∑
j=1

Eij – Ti.

	

Only genes exceeding the available probe budget contribute to the loss:

	

Lgene =





1
|V |

∑
i∈V

(δi – 1), V = {i : δi > 1} ̸= ∅,

0, otherwise. 	

Measurability losses (LM).  The measurability term combines brightness, dynamic range, and cell-type separation:

	 LM = Lbright + Ldyn + Lsep.	

These quantities are computed from clean latent projections after per-cell sum normalization. Let Pcb denote the pro-
jected signal of cell c in bit b, and define

	
P̃cb = medianc′

(∑
b′

Pc′b′

)
· Pcb∑

b′ Pcb′ + ε
,
	

where ε = 10–8  prevents numerical instability. For each bit b, we then define three summary statistics from quantile win-
dows of P̃cb  across cells:

	 Slowb , Smedb , Shighb ,	

corresponding to the mean signal over the 5th–15th, 45th–55th, and 85th–95th percentile intervals, respectively.
Brightness penalizes bits whose median signal falls below a target brightness S*:

	
Lbright =

B∑
b=1

max
(
0,
S∗ – Smedb

S∗

)
.
	

Dynamic range is defined for each bit as

	
Db =

Shighb

Slowb + ε
,
	

and bits whose dynamic fold falls below the target D* are penalized:

	
Ldyn =

B∑
b=1

max
(
0,
D∗ – Db

D∗

)
.
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Cell-type separation is computed from cell-type centroids in normalized latent space. Let vk ∈ RB  denote the mean 
normalized bit profile of cell type k. For each pair of cell types (k, ℓ), separation is defined as the largest relative bit-wise 
difference:

	
∆kℓ = max

b

|vkb – vℓb|
min(vkb, vℓb) + ε

.
	

Pairs whose separation falls below the target ∆∗  are penalized according to

	

Lsep =
1
|P |

∑
(k,ℓ)∈P

max
(
0,

∆∗ –∆kℓ

∆∗

)
,

	

where P  is the set of cell-type pairs represented in the current batch.
Training schedule and optimization.  Unless otherwise stated, models were trained with B = 18 bits and a single 

decoder hidden layer. Optimization used Adam with mini-batches of 500 cells for 100,000 iterations. Several target 
parameters, including brightness, dynamic fold, separation fold, and learning rate, were linearly interpolated between 
user-specified initial and final values during training. If a parameter θ had start and end values θs  and θe , its value at 
iteration t was

	 θ(t) = θs + α(t)
(
θe – θs

)
,	

with

	
α(t) = min

(
t/(T – 1)

ρ
, 1

)
,
	

where T is the total number of training iterations and ρ is the saturation fraction controlling when the final target is 
reached. Unless otherwise specified, key targets were ramped over the first 75% of training. The objective is non-convex 
because it combines a constrained nonlinear encoder–decoder architecture with stochastic optimization and multiple soft 
constraint terms.

Selection of target values

In practice, we parameterized CIPHER by anchoring the target goals to simple assay-level estimates rather than treating 
them as abstract optimization knobs. The central quantity is the expected signal generated by a bit. For a given bit b, the 
expected signal can be approximated as

	

Ib ∝
G∑
g=1

xg Egb ηg s,

	

where xg is the transcript abundance of gene g, Egb is the allocated probe count from gene g to bit b, ηg  is an effective 
probe-to-signal conversion factor that subsumes hybridization and detection efficiency, and s is the microscope sensitiv-
ity expressed in camera units per detected fluorophore. This expression was used only as a practical guide for selecting 
reasonable target values, not as an exact physical forward model.

In our imaging system, a single Cy5 fluorophore corresponded approximately to 0.5 camera arbitrary units, and in 
practice we considered signals in the high hundreds of camera units to be comfortably above the empirical detection 
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floor. To estimate the effective conversion factor ηg , we used literature values as an order-of-magnitude guide. In partic-
ular, bDNA-amplified MERFISH measurements have been reported to achieve hybridization efficiencies on the order of 
60% under favorable conditions [20]. We therefore treated the overall probe-to-signal conversion as substantially below 
unity and used this estimate only to place the brightness target in a realistic regime. The resulting brightness target was 
intended to place the median bit signal safely above the noise floor without forcing the design toward arbitrarily bright but 
weakly discriminative solutions.

The total probe budget N∗
probe  was chosen jointly with the brightness target because achievable bit brightness depends 

both on transcript abundance and on the number of accessible probes per transcript. Increasing the probe budget can 
increase bit intensity, but only within the limits imposed by transcript structure, probe-design feasibility, and practical library 
size. In this sense, N∗

probe  and S* were treated as coupled experimental design parameters rather than independent optimi-
zation targets.

The dynamic-fold and separation-fold targets were selected to exceed the expected technical variability of the assay 
and to preserve margins between closely related cell types. Specifically, the dynamic-fold target

	
Db =

Shighb

Slowb + ε 	

was set high enough that each bit retained useful contrast across the observed signal range, while the separation target

	
∆kℓ = max

b

|vkb – vℓb|
min(vkb, vℓb) + ε 	

was chosen to preserve a minimum relative margin between cell-type centroids in projected space. In practice, noisier 
assays or finer-grained cell-type distinctions motivated larger values of D* and ∆∗ , whereas cleaner assays or coarser 
classification tasks permitted weaker targets.

By contrast, the relative loss weights were used only to determine how strongly the optimizer prioritized these exper-
imentally motivated target goals once they had been specified. Consistent with our sensitivity analysis, several-fold 
changes in the measurability loss weights altered the balance among robustness metrics more than they altered overall 
performance, so in most applications we recommend selecting biologically realistic target values first and leaving the 
default weights unchanged unless a specific unmet objective needs to be emphasized.

Noise Injection and Robustness

Noise was introduced at two distinct stages: as training-time augmentation within CIPHER and as a post hoc simulation 
benchmark used to compare learned encodings under measurement perturbations.

Training-time noise.  During optimization, noise was applied in latent space to stabilize training and to model nonzero 
experimental background. Let

	 P = XE	

denote the clean latent projection. During training, the decoder received a perturbed version

	 Ptrain = P + U,	

where
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	 Ucb ∼ Uniform
(
0, 10a

)
	

independently for each cell c and bit b, and a is a user-defined additive background parameter. In the default training 
configuration used here, this term was the only active noise process. Although the implementation also supports optional 
gene-level multiplicative perturbations, encoder-weight perturbations, projection-level multiplicative noise, and dropout, 
these additional noise terms were assigned zero weight in the experiments reported in this study.

Simulation-based robustness benchmark.  To evaluate robustness of learned encodings under more realistic 
measurement variability, we performed a separate simulation analysis after training. In this benchmark, each projected bit 
value was perturbed by signal-dependent multiplicative noise rather than a fixed additive offset. For a simulated projected 
matrix X ∈ RN×B , noisy measurements were generated as

	 Xnoisycb = Xcb
(
1 + ηcb

)
, ηcb ∼ N (0,σ2b),	

followed by clipping to nonnegative values:

	
Xnoisycb ← max

(
Xnoisycb , 0

)
.
	

The bit-specific noise scale σb  was calibrated from the nominal benchmark noise level λ by matching the variance of 
the previous additive perturbation at the median signal level of each bit. Let

	 mb = medianc(Xcb),	

with

	 mb ← max(mb, 1)	

to avoid numerical instability for very weak bits. Since a uniform perturbation on [0,λ] has standard deviation λ/
√
12, the 

corresponding multiplicative noise scale was chosen as

	
σb =

λ/
√
12

mb
,
	

and then clipped to the interval [0,0.5]:

	 σb ← min
(
max(σb, 0), 0.5

)
.	

This calibration makes the perturbation magnitude easy to control in a way that remains interpretable across 
designs. For each nominal noise setting, the corresponding multiplicative noise level is chosen so that the induced 
variation at the median signal level of each bit matches a specified reference scale. As a result, weak bits experience 
larger relative perturbations than strong bits, which is consistent with signal-dependent measurement uncertainty, 
while the overall severity of the perturbation remains easy to tune through a single scalar setting. This provides a sim-
ple way to increase or decrease noise strength without having to choose separate multiplicative parameters for each 
bit by hand.
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Evaluation metrics

Performance was evaluated on held-out test data using classification accuracy, separation, and Dynamic Fold, all com-
puted from the clean latent projections on the test set. Accuracy was defined as the fraction of test cells whose predicted 
label matched the ground-truth label:

	
Accuracy =

1
Ntest

Ntest∑
c=1

1
(
ŷc = yc

)
,
	

where ŷc  is the decoder prediction for cell c and yc is the corresponding reference label.
The separation and Dynamic Fold metrics were computed from the same normalized latent representation used in 

the measurability losses. Let Pcb denote the clean projected signal of cell c in bit b, and define the per-cell normalized bit 
signal

	
P̃cb = medianc′

(∑
b′

Pc′b′

)
· Pcb∑

b′ Pcb′ + ε
,
	

with ε = 10–8 .
For each bit b, we defined three summary statistics from quantile windows of P̃cb  across all test cells:

	 Slowb , Smedb , Shighb ,	

corresponding to the mean signal within the 5th–15th, 45th–55th, and 85th–95th percentile intervals, respectively. The 
Dynamic Fold of bit b was then defined as

	
Db =

Shighb

Slowb + ε
.
	

The reported Dynamic Fold metric was the 10th percentile of {Db}Bb=1  across bits:

	 Dynamic Fold = Q0.1
(
{Db}

B
b=1

)
.	

Using the 10th percentile rather than the mean emphasizes the lower tail of bit performance and penalizes designs in 
which a subset of bits is weak or poorly distributed.

To quantify cell-type separation, we first computed the centroid of each cell type in normalized latent space. Let Ck  
denote the set of test cells assigned to cell type k, and define the centroid

	

vk =
1
|Ck|

∑
c∈Ck

P̃c,

	

where P̃c ∈ RB  is the normalized bit vector for cell c. For each pair of cell types (k, ℓ), separation was defined as the larg-
est relative bit-wise difference between their centroids:

	
∆kℓ = max

b

|vkb – vℓb|
min(vkb, vℓb) + ε

.
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The reported Separation metric was the 10th percentile of ∆kℓ  across all cell-type pairs present in the test set:

	 Separation = Q0.1
(
{∆kℓ}k<ℓ

)
.	

This summary again emphasizes lower-tail behavior and therefore captures whether a design leaves a substantial frac-
tion of cell-type pairs only weakly separated, rather than reporting only the average or best-resolved distinctions.

In addition to these summary metrics, the evaluation code also recorded the corresponding no-noise, low-noise,  
medium-noise, and high-noise accuracies, as well as auxiliary quantities such as Dynamic Range and per-bit signal 
percentiles. Unless otherwise stated, the main performance values reported in the manuscript refer to the clean test-set 
metrics defined above.

Sensitivity to loss weighting

To assess whether CIPHER depended strongly on the precise relative weighting of the measurability objectives, we per-
formed a sensitivity analysis in which the coefficient of one measurability term was varied at a time while all other model 
settings were held fixed. Separate sweeps were performed for the brightness, dynamic-range, and separation terms. For 
each setting, models were retrained from the same reference dataset and evaluated on held-out test cells using the stan-
dard prediction accuracy, separation, and Dynamic Fold metrics defined above.

Cross-chemistry transfer test

To evaluate sensitivity to reference shift, we exploited the separation between 10x v2 and v3 chemistries within the Allen 
whole-brain reference dataset. Using the same preprocessing and gene set shared across chemistries, CIPHER was 
trained separately on the v2 and v3 subsets and then evaluated on held-out test cells from both the matched and alter-
nate chemistry, yielding the four train-test combinations v2 → v2, v2 → v3, v3 → v3, and v3 → v2. This analysis was used as a 
controlled stress test of chemistry-dependent reference variation.

GO term enrichment

To assess the biological interpretability of the learned aggregate features, we performed Gene Ontology enrichment 
analysis separately for each bit of the discretized encoding matrix. For each bit, we defined the query set as all genes with 
non-zero weight in that column of the constrained encoding matrix and used the full set of genes present in the matrix as 
the background. Enrichment was computed with g:Profiler (gprofiler) for GO:BP, GO:MF, and GO:CC terms using the 
Mus musculus annotation, and terms were retained using false discovery rate correction with a significance threshold of 
0.05.

Probe sequence design and assembly

Encoding matrices were converted into oligonucleotide libraries using PaintSHOP-designed 30-mer gene-specific probes 
[19]. For each gene–bit pair, integer probe counts were allocated according to the discretized encoding matrix. Readout 
sequences were drawn from a prevalidated orthogonal set and assembled into final probe constructs using rolling circle 
amplification (RCA). Full experimental synthesis details will be provided elsewhere.

Experimental imaging and decoding

ATLAS experiments were performed on fresh-frozen adult mouse brain coronal sections using CIPHER-designed probe 
pools and automated cyclic fluorescence imaging, as described previously for the ATLAS platform. Briefly, sections were 
hybridized with large oligonucleotide probe libraries encoding aggregate transcriptional signatures, imaged over repeated 
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rounds of readout hybridization and stripping, and segmented to obtain single-cell bit-intensity profiles across whole-brain 
sections. The resulting bit-level measurements were decoded with the SCALE framework, which aligns measured signals 
to scRNA-seq references through hierarchical classification and spatial priors defined in the Allen Common Coordinate 
Framework. Predicted cell-type labels were then used to impute full transcriptomes by nearest-neighbor averaging within 
the aligned latent space. In the present study, these experimental procedures were unchanged from our previous ATLAS 
implementation; only the design of the aggregate probe panels was modified by the CIPHER optimization framework. Full 
details of tissue processing, probe hybridization, cyclic imaging, image registration, segmentation, decoding, and tran-
scriptome imputation are provided in our previous ATLAS study [12].

Results

CIPHER (Cell Identity Projection using Hybridization Encoding Rules) is a neural-network framework for the joint design 
and decoding of transcriptional signature measurements (Fig 1). The model links single-cell RNA sequencing (scRNA-
seq) expression profiles (X) to cell-type identities (C) through an intermediate latent representation (P) that defines a 
low-dimensional projection of transcriptional space. Each dimension of P corresponds to an aggregate transcriptional 
signature, implemented as a weighted combination of genes that can, in principle, be realized in situ using pools of DNA 
oligonucleotide probes, hereafter referred to as encoding probes. Unlike prior aggregate encoding approaches that focus 
primarily on representing reference information accurately, CIPHER explicitly incorporates the experimental realizability 
of these signatures. Its objective is to design transcriptional signatures that remain maximally informative under realistic 
molecular and optical constraints imposed by in situ hybridization within intact tissue.

CIPHER adopts a neural-network architecture that accommodates multiple design objectives through distinct loss 
functions (LH, LM, and LA; Fig 1). The encoder constitutes the first linear layer of the network and represents the molecular 
design of the experiment, specifying how many probes hybridize to each gene and how their combined signals contribute 
to each readout channel. Because probe hybridization is additive and implemented through physical oligonucleotides, 
encoder weights are constrained to be nonnegative and correspond to the number of encoding probes assigned per 
gene–channel pair. This layer performs a linear projection from gene space to latent space, directly mirroring the physical 
encoding of gene combinations in situ.

The decoder introduces nonlinearity through hidden layers that map transcriptional signatures to predicted cell types. 
Unlike the encoder, the decoder has no molecular counterpart and exists purely in silico. Together, these components 
capture the linear physics of measurement and the nonlinear decision boundaries of cell-type classification within a unified 
framework. Training is performed end-to-end using scRNA-seq data, allowing the encoder and decoder to co-optimize 
such that the learned encoding matrix reflects both biological structure and experimental constraints.

CIPHER incorporates three complementary loss terms, each targeting a distinct design objective. The hybridization loss 
LH penalizes excessive probe usage per gene to promote sparse, experimentally feasible encodings. A weight wij mapping 
gene i to readout channel j corresponds to the number of bivalent encoding probes hybridizing to gene i and contributing 
to channel j. Because the number of accessible binding sites on an mRNA is finite and depends on transcript length and 
sequence composition, the sum of wij across channels is physically constrained.

The accuracy loss LA enforces biological fidelity by measuring categorical cross-entropy between predicted and 
known cell-type labels derived from the scRNA-seq reference. This term captures computational decoding perfor-
mance independent of experimental considerations. The measurability loss LM promotes robustness under realis-
tic experimental conditions by encouraging broad separation of cell-type signatures in signal space and sufficient 
dynamic range of encoded features. This term avoids degenerate solutions in which cell types are separable in 
principle but differ only weakly in absolute signal, rendering them difficult to distinguish experimentally. Together, these 
losses balance biological informativeness, computational accuracy, and experimental feasibility within a unified optimi-
zation framework.
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We next examined how encoding dimensionality and loss-function composition influence CIPHER performance and 
latent-space structure (Fig 2a). All analyses used the Allen Mouse Brain Cell Type Atlas [13], which was also employed for 
ATLAS signature design. We trained CIPHER across increasing numbers of latent dimensions while systematically vary-
ing which loss terms were included.

Decoding accuracy increased rapidly with dimensionality before plateauing, indicating that most biologically relevant 
variation can be captured within a compact encoding space (Fig 2b). Models trained using only LA achieved high accu-
racy with as few as 10–15 latent features. Adding the sparsity constraint LH caused a modest reduction in accuracy, while 
inclusion of LM produced an additional but small decrease. Using either component of LM alone—dynamic range (L(D)M ) or 
separability (L(S)M )—had a similar impact on accuracy as using both, indicating largely overlapping effects. These results 
show that incorporating experimental constraints does not substantially compromise decoding accuracy and that accuracy 
alone saturates early.

We quantified how each optimization objective affects cell-type separation in latent space (Fig 2c). Separation reflects 
robustness to measurement perturbations rather than idealized decoding accuracy. Models trained using only LA, with or 
without LH, achieved high accuracy but low separation, revealing a mismatch between in silico optimization and in situ 
measurement constraints. Inclusion of LM directly addressed this gap: L(D)M  expanded dynamic range, L(S)M  increased inter–
cell-type distances, and combining both yielded the largest gains, particularly at higher dimensionality. Dynamic fold exhib-
ited the same behavior, remaining narrow under LA and LH alone and expanding substantially only when LM was included. 
These gains occurred with only minor reductions in accuracy, demonstrating that accuracy alone is insufficient as a design 
criterion.

To assess the nonlinear capacity required for decoding, we varied the depth of the decoder fD while holding the encoder 
and loss configuration fixed (Fig 3a). A purely linear decoder (h = 0) underperformed at low dimensionality, particularly with 
3–6 features, indicating that a strictly linear mapping from P to C is insufficient. Introducing a single hidden layer largely 
eliminated this gap, while deeper decoders provided no consistent benefit (Fig 3). Accordingly, all subsequent analyses 
use a decoder with one hidden layer (h = 1).

We next examined how signal-brightness constraints influence encoding robustness (Fig 4a). Relaxing brightness con-
straints caused a sharp drop in separation, whereas accuracy and dynamic fold declined only modestly. This indicates that 
brighter encodings often collapse inter–cell-type distances by recruiting weakly discriminative genes, reducing robustness 
despite high decoding accuracy. In contrast, varying the total probe budget produced gradual and parallel effects across 
all metrics (Fig 4b), with performance saturating at approximately 50,000 probes, a regime compatible with current synthe-
sis capabilities.

We next examined whether CIPHER performance was more sensitive to the precise weighting of its optimization terms 
or to the reference data used for design (Fig 5). Several-fold changes in the individual measurability weights produced 
only gradual changes across evaluation metrics. Increasing the separation term shifted the tradeoff toward larger latent-
space margins and higher Dynamic Fold, with only a modest reduction in prediction accuracy, whereas varying the 
brightness and dynamic-range terms had comparatively small effects. These results indicate that CIPHER does not rely 
on narrow tuning of the measurability loss coefficients to achieve reasonable performance.

We then asked whether performance was more strongly affected by shifts in the reference dataset itself. To test this, we 
exploited the separation between 10x v2 and v3 chemistries within the Allen whole-brain reference and evaluated all four 
train-test combinations (Fig 5d). In contrast to the modest effects of loss reweighting, cross-chemistry transfer produced 
a substantially larger reduction in accuracy than within-chemistry evaluation. Thus, CIPHER is relatively stable to mod-
erate changes in loss weighting but more sensitive to systematic differences in the reference data used for training and 
deployment.

We compared CIPHER to DPNMF, a supervised discriminant non-negative matrix factorization approach previously 
used in ATLAS, using matched dimensionality and the same scRNA-seq reference [21,22]. Similar to CIPHER, DPNMF 
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uses a supervised approach to identify latent dimensions and shares other important characteristics with CIPHER, such 
as sparsity and non-negativity. Furthermore, DPNMF was used in prior experimental work that uses transcriptional signa-
tures, making it the appropriate comparison to CIPHER. DPNMF concentrates separability into coarse divisions, primarily 
neurons versus non-neurons, whereas CIPHER distributes separability across subclasses (Fig 6a). Correspondingly, 
DPNMF exhibited a long tail of poorly decoded subclasses (Fig 6b) and highly uneven brightness distributions domi-
nated by a few saturated features (Fig 6c). CIPHER avoided these pathologies and maintained robustness under simu-
lated noise perturbations (Fig 6d). To assess biological interpretability of the learned encodings, we examined the genes 
assigned to each CIPHER bit and summarized their associated functions by gene ontology enrichment analysis. Across 
bits, enriched terms were consistent with expected neuronal, glial, and regional transcriptional programs rather than 
arbitrary gene mixtures, supporting the biological plausibility of the learned aggregate signatures. The full gene and probe 
composition of each bit, together with enrichment results, is provided in S1 Table.

We validated CIPHER in situ in mouse cortex, decoding cell types with SCALE and observing expected laminar and 
hippocampal organization (Fig 7). Greedy spatial matching to MERFISH data showed high concordance, providing an 
upper bound on achievable agreement given imperfect registration. Finally, we applied CIPHER to the developing mouse 
and lymph node (Fig 8), observing tissue-specific saturation of dimensionality at ∼24 and ∼9 features, respectively. These 
results demonstrate that CIPHER identifies compact, context-dependent encodings and generalizes across diverse bio-
logical systems.

Discussion

Aggregate spatial transcriptomics methods redefine the goal of in situ measurement: rather than recovering complete 
transcriptomes gene by gene, they aim to acquire just enough structured information to reliably align spatial observations 

Fig 5.  Sensitivity of CIPHER to loss weighting and reference shifts. (A–C) Performance metrics plotted against the weight of individual measur-
ability terms. Separate sweeps were performed for the brightness, dynamic-range, and separation losses while all other model settings were held fixed. 
Panels show (A) prediction accuracy, (B) separation, and (C) Dynamic Fold on held-out test data. (D) Cross-chemistry transfer test using the 10x v2 
and v3 partitions of the Allen whole-brain reference. Models were trained on one chemistry and evaluated on held-out cells from either the same or the 
alternate chemistry, yielding the four train-test combinations shown.

https://doi.org/10.1371/journal.pcbi.1014362.g005
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with rich scRNAseq references. This reframing has enabled dramatic gains in scale and throughput, but it also introduces 
a new and largely unresolved design problem. Once individual genes are no longer the fundamental measurement unit, 
the central question becomes how to construct aggregate features that are not only informative in transcriptional space 
but also robust to the physical constraints and noise inherent to in situ hybridization and imaging. Our results show that 
existing design strategies, which optimize decoding accuracy or reconstruction fidelity in isolation, leave substantial per-
formance on the table. CIPHER addresses this gap by treating aggregate encoding as a joint optimization problem over 
biological informativeness, signal robustness, and experimental feasibility.

A central insight emerging from our analyses is that classification accuracy alone is an inadequate objective for aggre-
gate encoding design. Across tissues and model configurations, decoding accuracy saturates rapidly with relatively few 
encoded features, often well before the encoding becomes robust to measurement variability. This behavior reflects a 
fundamental mismatch between in silico optimization and in situ data collection. When encodings are evaluated against 
the same scRNA-seq reference used for training, small margins between cell types are sufficient for high apparent accu-
racy. However, in physical experiments, hybridization efficiency varies across probes and genes, background fluorescence 
is spatially structured, and signal dynamic range is finite [23–25]. Under these conditions, narrow margins collapse quickly. 
By explicitly optimizing for latent-space separation and usable dynamic range, CIPHER exposes trade-offs that are invis-
ible to accuracy-based optimization and demonstrates that modest sacrifices in nominal accuracy yield disproportionate 

Fig 6.  Comparison of CIPHER and DPNMF performance. (A) Histogram of pairwise distances between cell-type centroids in the learned latent 
space. DPNMF encodings exhibit a larger fraction of cell types with near-zero separation compared to CIPHER. (B) Classification accuracy broken 
down by individual cell types in simulation, demonstrating that a substantially larger proportion of cell types achieve high accuracy with CIPHER than 
with DPNMF. (C) Distribution of individual bit brightness values. CIPHER encodings maintain relatively uniform signal brightness across bits, whereas 
DPNMF encodings display high variance with pronounced disparities between features. (D) Simulation using imputed MERFISH data showing expected 
classification accuracy under increasing levels of multiplicative noise. Noise levels were calibrated so that their overall effect matches 0,1000,10000 
counts. CIPHER maintains higher accuracy and substantially greater robustness to noise than DPNMF.

https://doi.org/10.1371/journal.pcbi.1014362.g006
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gains in robustness. These results also suggest a practical interpretation for applying CIPHER across tissues and assay 
regimes. If designs achieve good nominal accuracy but poor robustness, increase separation and dynamic-range targets 
rather than decoder complexity. If bit intensities are systematically weak, increase brightness and probe-budget targets 
jointly. If performance saturates early with excess measurement capacity, reduce the number of bits or relax brightness 
targets.

These findings place CIPHER in a distinct position relative to existing aggregate spatial transcriptomics frameworks. 
CISI introduced the idea of composite measurements using compressed sensing, focusing on efficient reconstruction 
of individual gene expression profiles from random mixtures [10]. While powerful, this approach is agnostic to how dis-
criminative power and signal strength are distributed across features, and does not explicitly constrain dynamic range 
or hybridization feasibility. FISHnCHIPs takes a different approach by grouping co-expressed genes into modules to 
amplify signal and improve sensitivity [11]. However, module selection remains largely heuristic and gene-centric, and the 

Fig 7.  Experimental validation in mouse cortex. (A) Left: Decoded cell-type map for a representative half-coronal mouse cortex section, where each 
point corresponds to a single cell colored by assigned identity. Right: Corresponding reference map derived from MERFISH data for the same anatomi-
cal region. Colors match BICCN cell type color mapping [13] (B) Concordance between CIPHER measurements and reference data. Cells were greedily 
paired across datasets based on spatial proximity, and agreement was quantified as the correlation between their gene expression profiles. Because the 
datasets are not registered at single-cell precision, this procedure provides an upper bound on achievable agreement within local neighborhoods. (C) 
Visualization of the measured latent-space signals across the tissue section. Heatmap intensities reflect bit values, with dimmer cells shown in purple 
and brighter cells in yellow, illustrating the combinatorial encoding. The green rectangle in the first image shows the location of the zoomed view shown 
in panel D. (D) High-resolution view highlighting cortical layers and hippocampal subfields (a zoomed view of panel C). Insets reveal individual cells and 
distinct combinatorial signal patterns. Scale bars in panels A-C are 1 mm.

https://doi.org/10.1371/journal.pcbi.1014362.g007
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Fig 8.  Generalization to alternative tissues. Demonstration of the CIPHER framework’s applicability across diverse biological contexts. (A) Perfor-
mance metrics for the developing mouse plotted against the number of bits. Axes display separability (blue, left), accuracy (red, left), and dynamic fold 
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optimization is not performed end to end with the decoding task. ATLAS and related supervised factorization approaches 
explicitly align aggregate features with reference-defined cell types, enabling scalable atlas construction [12]. Yet, as our 
comparison to DPNMF, the encoding scheme used in ATLAS, illustrates, supervised alignment alone does not guarantee 
robust encodings: without constraints on brightness balance, separability, and dynamic range, discriminative power can 
concentrate into a small number of saturated features, leaving fine-grained distinctions fragile.

By contrast, CIPHER integrates these considerations into a single framework. The encoder represents the physical 
design of the experiment, constrained by probe budgets and brightness limits, while the decoder captures the nonlinear 
decision boundaries required for cell-type assignment. Importantly, we find that this decoder need not be deep or complex. 
A single nonlinear hidden layer is sufficient to exploit the structure organized by the encoder, and deeper networks pro-
vide no consistent benefit. This observation underscores that the primary challenge in aggregate spatial transcriptomics 
lies not in classifier expressivity but in how information is projected into a measurable space. Once that projection is well 
designed, decoding becomes straightforward.

Our analysis of brightness and probe-budget constraints clarifies a critical asymmetry in aggregate encoding design. 
Aggressively increasing signal brightness produces encodings that remain accurate under idealized conditions but exhibit 
a sharp collapse in latent-space separability, rendering them highly sensitive to experimental noise. In contrast, constrain-
ing the total number of probes imposes a more uniform and predictable cost across accuracy, separation, and dynamic 
range, with performance plateauing at probe counts that are already experimentally accessible. These results identify 
brightness, rather than probe availability, as the dominant bottleneck in robust aggregate measurements. Importantly, they 
also suggest a practical path forward: combining CIPHER-designed encodings with post-hybridization signal amplifica-
tion strategies, such as hybridization chain reaction (HCR), branched DNA amplification, or rolling-circle–based methods, 
should substantially improve separability and robustness without sacrificing encoding structure [26–29]. Because these 
amplification approaches increase signal uniformly across encoded features rather than redistributing gene weights, 
they are well matched to CIPHER’s emphasis on balanced signal allocation and margin preservation. This combination 
is expected to outperform naive brightness-driven panel design strategies by removing brightness as a design constraint 
altogether. With amplified readout, signal detectability no longer competes with separability, allowing aggregate encodings 
to achieve markedly higher and more uniformly distributed cell-type separation that remains robust across tissues, scales, 
and experimental conditions.

The comparison to DPNMF, the encoding used in ATLAS [12], illustrates the consequences of ignoring these con-
straints. Although DPNMF captures broad transcriptional structure, it allocates most separability to coarse divisions, such 
as neurons versus non-neurons, while leaving closely related subclasses weakly separated. This behavior is not inciden-
tal but follows directly from optimizing global reconstruction without regard to how separability and signal are distributed. 
As a result, DPNMF encodings exhibit highly uneven brightness profiles and degrade rapidly under simulated measure-
ment noise. CIPHER, by explicitly enforcing balanced signal utilization and separation margins, produces encodings that 
maintain subclass-level resolution and degrade gracefully as noise increases. Notably, in relatively forgiving experimental 
contexts such as adult mouse cortex, both designs achieve acceptable decoding accuracy in situ. This observation is 
important: CIPHER does not claim universal superiority in all regimes. Rather, its advantages become most pronounced 
as measurement conditions become more challenging or as finer-grained distinctions are required.

(green, right). Performance saturates at approximately 24 bits. (B) Performance metrics for the lymph node plotted against the number of bits, showing 
saturation at approximately 9 bits. (C) Heatmap of learned latent vectors (P) organized by developmental lineage, illustrating structured assignment of 
progenitor and neuronal populations to specific bits. (D) Density visualization of the projection space for lymph node data, demonstrating clear separa-
tion between major immune cell populations across latent dimensions. The panel shows kernel density estimates of 2D slices of the overall probability 
density function.

https://doi.org/10.1371/journal.pcbi.1014362.g008



PLOS Computational Biology | https://doi.org/10.1371/journal.pcbi.1014362  June 4, 2026 22 / 24

Our in situ validation confirms that CIPHER-designed encodings can be implemented at scale and decoded reliably 
using existing pipelines [12]. The agreement with MERFISH-derived references, assessed through spatially local match-
ing, demonstrates that CIPHER measurements capture local transcriptional structure with high fidelity. At the same time, 
this comparison highlights a broader issue shared by all spatial transcriptomics technologies: precise one-to-one cell 
correspondence across modalities is rarely achievable, and validation necessarily relies on neighborhood-level or distribu-
tional agreement [30,31]. CIPHER does not resolve this limitation, but it ensures that the information captured by aggre-
gate measurements is structured in a way that maximizes what can be reliably recovered given these constraints.

Extending CIPHER to mouse development dataset and the lymph node reveals an additional and conceptually import-
ant result: the dimensionality required for robust encoding is strongly tissue dependent. Developmental systems with 
continuous trajectories and overlapping transcriptional programs require substantially more encoded features to stabilize 
separation and dynamic range than lineage-structured immune tissues. This observation suggests that the number of 
required aggregate features reflects an intrinsic property of the biological system and the question being asked, rather 
than a fixed technological parameter. In this sense, CIPHER provides a quantitative way to estimate the effective dimen-
sionality of spatial variation that must be measured to achieve robust integration with single-cell references.

Several limitations of the current framework warrant discussion. First, CIPHER depends on the availability and quality 
of scRNA-seq references and their associated taxonomies. If rare or novel cell states are absent from the reference, or if 
the taxonomy itself is incorrect, the encoding will faithfully optimize for the wrong distinctions. A controlled cross-chemistry 
stress test using the 10x v2 and v3 partitions of the Allen reference further showed that transfer across chemistries was 
substantially weaker than within-chemistry performance, indicating that CIPHER is sensitive not only to the biological 
representativeness of the reference atlas but also to technical shifts between training and deployment data. This limitation 
is consistent with the broader problem of batch effects in scRNA-seq, where differences in chemistry, protocol, and dataset 
composition can distort alignment, label transfer, and downstream classification even when the underlying cell populations 
are similar [32]. Second, the measurement model incorporated through the LM loss captures coarse constraints on dynamic 
range and separability but does not account for sequence-specific probe effects, channel cross-talk, or spatially structured 
background. Incorporating richer, modality-specific noise models is an important direction for future work. Third, the frame-
work is optimized for discrete cell-type classification and does not explicitly preserve continuous gradients or trajectories, 
which may be central in developmental or disease contexts [14]. This creates an inherent tradeoff. Encodings optimized for 
robust assignment to known classes may be less suitable for unsupervised discovery of rare, novel, or continuously varying 
states, especially when the reference taxonomy is incomplete or noisy. Nevertheless, aggregate measurements remain 
highly valuable when the main goal is whole-tissue profiling at scale with reliable alignment to a reference. Extending the 
loss functions to protect manifold structure rather than class margins alone would broaden the applicability of the approach. 
Finally, although we demonstrate compatibility with SCALE decoding, the encoder is trained with a specific decoder archi-
tecture, and formal guarantees of transfer across decoding algorithms remain an open question.

Despite these limitations, CIPHER establishes a principled foundation for measurability-aware design in aggregate spa-
tial transcriptomics. By exposing the trade-offs between accuracy, robustness, and experimental feasibility, it shifts panel 
design from heuristic marker selection toward quantitative optimization grounded in physical constraints. More broadly, 
the framework suggests a path toward information-theoretic approaches to spatial measurement, in which the capacity of 
an assay is matched to the intrinsic structure of the biological system being studied. As spatial transcriptomics continues 
to scale across tissues, conditions, and organisms [1,2], such principled design strategies will be essential for turning raw 
throughput into reliable biological insight.

Supporting information

S1 Table. GO enrichment terms for genes assigned to each bit of the final CIPHER encoding matrix. 
(CSV)

http://journals.plos.org/ploscompbiol/article/asset?unique&id=info:doi/10.1371/journal.pcbi.1014362.s001
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S2 Table. Final discretized CIPHER encoding matrix. Rows indicate genes, columns indicate the 18 encoding bits, 
and values indicate the number of probes assigned to each gene-bit pair. 
(CSV)
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