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* Some concept and pipeline figures are generated by Al to provide better illustration.
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Background and Significance

* Large-scale, heterogeneous calcium imaging makes it possible to ask whether reusable neural
representations can support multitask prediction, transfer, and biological interpretation.

Related Work
Methods and Results
Conclusion and Future Work



Background

Large-scale neural observation creates a new data regime:

covectr

Record tens of thousands of neurons once at a time
Data heterogeneity for animals, experimental paradigms and species
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Significance

From prediction tools to functional coordinates:

Why general-purpose NFMs matter

1. Superior performance

Improve forecasting, decoding, and
classification through large-scale pretraining

2. Multi-task capability

One backbone supports forecasting,
decoding, reconstruction, and analysis

3. Swift transfer

Adapt quickly to new sessions, datasets,
laboratories, and species
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General-purpose
neural foundation
models
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4. Functional interpretation

Organize neurons and population
states by functional roles
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5. Biological grounding

Link neural activity to identity,
anatomy, connectome, and
transcriptome

@

6. Causal neuroscience

Generate testable hypotheses for
perturbation, intervention, and
closed-loop experiments

Toward reusable, transferable, and biologically grounded neural representations.
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Background and Significance
Related Work

* Spike/electrophysiology models provide early templates for foundation-style neural
modeling, while calcium-trace models directly motivate multitask modeling, transfer, and
biological interpretation.

Methods and results
Conclusion and Future work

Liam Paninski Eva Dyer



Related Work

ey

Overall lines of Transformer for neural data:

Three lines of related work

Neural representation learning for population activity

j

1. Spike / event-based
foundation-style models

Primary representation: spikes,
events, or electrophysiology tokens

J

2. Calcium-imaging /

® @ @ ° ° s Discuss methods on

[NDT1/2/3] [Neurofomerj [ MtM ] { NEDS ] [NeuroPaint] [ POYO ] zgiléleé ?negl;zglgeei:and
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calcium-trace foundation-
style models

Primary domain: calcium imaging,
forecasting, decoding, and
multimodal scaling

3. Other neural

|
OmniMouse
calcium-imaging-based
multimodal scaling

For computational and
systems neuroscience.

representation /
encoding models

Relevant representation, encoding,
or biological-grounding models
outside the main autoregressive

transformer line
- J

® d ®

Foundation model of
CEBRA

neural activity predicts
response to new
stimulus types

CalM and CAPT are discussed separately as the main works of this talk.



Related Work and Roadmap

General technical lines:

* POYO series are widely acknowledged.

Masked modeling is predominated.

*  Adaptive modules (session-specific projection, session / neuron embeddings) are
used for cross-session, cross-animal data.

What has been finished:

Modeling on spike data ==> Masked modeling (MtM, NEDS), decoding (POYO),

*  Modeling on calcium trace ==> behavior decoding (POY O+), forecasting (POCO),
scaling law (OmniMouse)

What we want to construct for general-purpose NFM:

* A model with standard pre-training, fine-tuning paradigm for diverse functions on
calcium trace datasets.

A model capable of transferring to different sessions, animals, datasets, and even species.

* A model enabling functional interpretation or multimodal biological analysis.
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Background and Significance
Related Work

Methods and results:

* CalM: A Self-Supervised Foundation Model for Population Dynamics in Calcium Imaging
Data

Conclusion and Future Work

Zhang Qian

Xu, X.*, Zhang, Y.*, Qian, Q., & Zhang, Y. (2026). CalM: A Self-Supervised Foundation Model for Population Dynamics in Calcium Imaging Data. ICML26.
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CalM: Method

Intuition from 2 perspectives:

* Neuroscience: calcium traces show periodic pattern, which can possibly be tokenized by VQ net.
* DL: modern large-scale generative models are predominantly trained to predict discrete tokens.

Why Discrete Tokenization for Calcium Dynamics?

Neuroscience perspective Deep learning perspective

codebook
Calcium trace over time Simvilar focal waveform
& Dtherne FeceE Discrete token sequence - |—>
) i i ! H i ' W 1 -
: a Autoregressive Transformer
“ | ' i\ t r Z 2|z, —» i}
u o | RN RN iR !l ' il & (Generative Model) l -1z, . ]
0+ - - Predict next token given past tokens | . )
Yis ) J Input Encoder }—) vectors q::z::rid 4){ Decoder eonﬂzg:cnan
1) Divide into short temporal patches & Modern large-scale generative models are naturally trained on discrete tokens. - — .
j\—' J\/\ /\ \‘ r\‘ /\ f\' -/\“ '\" 1) Cross-entropy (CE) on discrete tokens 2) MSE on continuous values v ector- quantlzatlon
2) Vector quantization (VQ) to a codebook s Target token Predicted probablity over codebook T el

' - Pccton®) Variational autoencoder
AP Ay | (VQ-VAE)

(¥
Codebook (K = 4)

. Fe | RIS AN RS- R- N | T

- —
4

¢ ot N I
€y
€y Mx. . L B X =
- ‘/\‘_7 s } 2 E bR Token (k) Tieme
CE = - log p{target token) MSE = ||z — x|*
3) Discrete token sequence z ;
3 1 &4 s Optimizes the likelihood of the correct token Strictly penalizes amplitude deviations from
without requiring exact pointwise matching the ground truth, which can be overly
Calcium traces often contain recurring temporal patterns, in continuous space. restrictive for long autoregressive sequences.
making them amenable to vector quantization.

Explore autoregressive
Discrete VQ tokens connect recurring calcium dynamics with token-based autoregressive training. mo dClS fOI' CaICium data here .




CalM: Method
Neural quantizer (NQ, stage 1):

 NQisa VQ net that discretizes single neural traces into discrete tokens.

A

NQ encoder Codebook NQ decoder
Input °* - ; d " Output
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Patchification Encoding : T Decoding Aggregation
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Lossy compression

Auxiliary AR head

Gumbel-softmax
reparameterization



CalM: Method
Dual-axis Transformer (DAT, stage 2):

* DAT is pretrained to autoregressively predict the next tokens of all neurons given the history.
* Session embeddings and neural embeddings are cooperated into the model for training and fine-tuning.

Temporal axis interaction = Neural axis interaction \J‘\q\_ AN X
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wo g o o t® (Y0 el SRR Computational
\. “

@ ~ e 2 L TR .
AR R M ks T(k-1) T?k) T(k+1) T(k-1) T(K) T(k?n AU RN it e complex1ty ?
ﬁm\ Causal attention _ Bidirectional attention oy W‘WW"CJ
——————— A © S © .
Vo P RSN | § -l} AV Vo vy Forecasting task ?
1§

Per neuron tokenization e e / 5 Detokenization
~ -
DAT block x N
Discrete population dynamics g Scheduled
‘ 1 = 5 1 1 .

0 108 36 B = = g 08 6 Sampling (SS)
R - 5 g%é % 16 42 5 °
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= . d e § = o Head layer NCIgthI’hOOd
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~—___embedding Autoregression e Replacement (NR)
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CalM: Method

Overall

€ INPUT CALCIUM TRACES

@ NEURAL QUANTIZER /

€ DUAL-AXIS TRANSFORMER /

P ip elin e : [I:.] Simulated dataj [Q Collected am]

TOKENIZATION AUTOREGRESSION
/i ) :
Neural Quantizer (NQ) Dual-Axis Transformer (DAT)
Moo | ] Patchify / Convolution Autoregressive modeling

Single-neuron calcium traces A mouted e Segment el“hlmur:".’ Model joint structure across neurons
A [rfesint ;;arc: nnlto18c:°:‘3tc " (neural axis) and time (temporal axis)

Neuron 1 W i PRy with causal prediction along time,

Y 1 Encoder Transformer Temporal axis (time)
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Time t

Simulated dynamics
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dt

£ ~ N(0, 1) (Gaussian noise)

MM Continuous calcium traces ==
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Embed patches and
model neural and
temporal context

Vector Quantization /
Codebook

i Map latent vectors to
-‘.“"}‘._-. : discrete codes
R Codabook (K codes)
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;> ]: Reconstruct patches
: from discrete codes
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Discrete token grid: neurons x time
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l Observed context tokens (given)

Future tokens (to be predicted)
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Forecasting

Predict future calcium traces
Context window Forecast horizon

r A \ N 3

past future
Neuran 1 N2

|

J'\V\M YNNG
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Time t t+

Detokenization
(discrete tokens -+ continuous traces)

i
Behavior decoding
Decode behavior from model
representations
Examples: roll / pitch / yaw
1 — roll
3 > — pitch
g i O B el s
1 NG= o y
Time .
7

- @ autoregressive pretraining == J\),\A + M forecasting and decoding
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CalM: Datasets

Simulation with linear dynamical system:

Neural driver

2
5
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120 140 160

100 time points at 5 Hz I



CalM: Datasets

Collected large-scale open-source datasets:

* Tseng. Dataset: Contains calcium activity from 6 different cortical areas in mouse posterior cortex.

B
Black = Wh|te maze stem ams (1) (2) (3) (1) delay

A
// | ] 1 1s 2 S 3-5s
i (3) reward/ITI

Al>< _ c v

5 . RuleAi RuleB : RuleA *a 1
G ¥ @
zE m ¥ oUW
| — o
—~ 0.5-
¢ ( Sos 5
Left Right % O. T 0 :
T T T T m ’
£ 100 200 300 400 & -50 O 50100
Trial number Trials after switch
Model Subjects Sessions Neurons / Units
NEDS 73 74 27,380
POCO (Harvey mice) 4 12 ~1.6K Comparlson Wlth
POYO+ 256 1,335 >110,000 other methods
NeuroPaint (IBL) 20 20 21,568

CalM 8 286 273,770



CalM: Predictive Performance
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Data splitting and NQ performance:

Reconstruction quality and generalization are ensured.

Dataset split for multi-session experiments

1 Held-in Held-out
4 N\ g e e R R A S e B4 - = =
Held-in data i Withineachsession | Evaluation on
6 animals ' Trials randomly.partllmed E a" datasets
189 sessions - : applied to all datasets
’ N\ P . Train Val Test |
Full dataset 197704neurons | | 7o% | 5% 16% | s
VETYYY ‘L T il
w w w v I J Per-session trials ) o7 ( z )
wwww || — — U~ e Held-in data
LA 2 8 A A1 . .
= B OB e i O Muiti-session Train Eval Test Train Eval Test
~—— NQ model | 189sessions | x Trial 6 Trial 56
-— ~ D T ettt - S
8 animals Held-out data ! Within each session ke wokhaly on - \ ®
27238g7soe<.znsei’o:\sms ARG | Trials randomly partitioned ' &""d"" b ot Y Held-out data 'z' 0
= 4 > 769(7)6$6emsns _’: Train Val  Test ' wv -1
- ; 70% 15% 15% | 97 sessions 1
vy .. e — i ¥
. - L Por-sossion rials | ~ 0
()
| Train 70% Val 15% ‘ Test 15% e T P = -1
___ridir ashdbus A sl o 5 10 15 0 5 10 15

Time (s)



CalM: Predictive Performance

Neural dynamics forecasting:

*  Fine-tuning just requires adding extra session and neuron embeddings with backbone frozen.

A B C
NQ encoder DAT backbone NQ decoder 07r 05}
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™~ 04
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] 04+t 03
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D . E £
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N

M 2
| =]
| -

Correlation

)
N 282 N 103
LO AN O =N

POCO CalM POCO CalM 0 4 8 12 160 4 8 12 16
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CalM: Linear Functional Study
Interpretability:

* Unsupervised and supervised dimensional reduction demonstrates clear function separation for neurons.
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CalM: Linear Functional Study
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Interpretability:

* The same results are revealed in held-out part.
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CalM: Linear Functional Study

Interpretability:

* Linear dynamics preservation despite pointwise forecasting error.

Low-dimensional dynamics analysis
1. Ground-truth traces 2. PCA on ground truth 3. Project model forecasts onto
over herizon (concatenate over ) PCA axes
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Contents

Background and Significance
Related Work

Methods and results

Conclusion and Future Work

(CalM suggests that calcium NFMs should be multi-task capable, transferable and
biologically interpretable, but general-purpose calcium NFMs will require broader
pretraining, multimodal grounding, and causally validated biological interpretation.



Conclusion

Take-home messages:
CalM:

* Leverages DAT together with NQ tokenization strategy with autoregressive training.

» Effectively bridges generative and discriminative tasks.

* Linear analyses for interpretability demonstrate that the learned representations exhibit
clear functional segregation and preserve dynamics.
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Future Work Also serves as the

limitations for the work !

I: Broader calcium corpus pretraining:

* General-purpose models require broader pretraining across: brain regions, calcium
indicators, sampling rates, laboratories, experimental paradigms, species.

* Current models are still limited by source-domain bias and relatively narrow
pretraining distributions.

Key questions:

* Does performance improve with more sessions, neurons, species, and tasks ?
* Is transfer limited by model size, data diversity, or source-domain bias ?

e C(Can scaling laws be observed for calcium neural data ?

* (Can few-shot / zero-shot learning be implemented ?

The next stage is not only larger models, but larger and more diverse calcium pretraining corpora.

24
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Future Work

I1: Functional coordinates and multimodal grounding:

* A functional coordinate is a learned representation space where neurons, sessions, or
population states can be compared by functional and biological structure.

Key questions:

* Do embeddings align with known cell identities or anatomical classes ?
* (Can embeddings predict neurotransmitter type, connectomic, or transcriptomic similarity ?
* (Can functional coordinates reveal new biologically meaningful neuron groups?

The goal is not only to improve prediction, but to align learned neural representations with biological structure.
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Thanks for the attention !

Xinhong Xu
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