Supplementary Informations

Functional diversity of mouse dLGN neurons and
modulation of their encoding properties by superior
colliculus.

Supplementary Methods

Quantification and statistical
1. Preprocessing and spike sorting

Electrical signals were sampled at 20 kHz. Spike activity was high pass filtered at 300 Hz. We used
4 times the number of standard deviation in the mean of the peak height histogram to threshold the
spike signals. Multi-unit spikes were initially clustered using K-means in Offline sorter (Plexon Inc.,
USA) and manually grouped similar clusters if necessary.

Units were included for analysis only if they met the following quality criteria: (1) threshold-
crossing waveforms, aligned to the positive peak, formed a clearly separated cluster; (2) waveform
shape remained stable over time; and (3) interspike intervals showed no refractory-period
violations[1].

For paired analyses in the SC silencing experiments, pre- and post-muscimol recordings were
concatenated and spike-sorted together to ensure consistent unit identification across the two epochs.
The two segments were then analyzed separately. Neurons were excluded from paired analysis if
they lost their receptive field after muscimol injection or if their mean firing rate in the post-injection

condition was below 1 Hz.
2. Construction of the feature matrix

Before clustering, we used non-negative matrix factorization (NNMF) to obtain a low-dimensional,
non-negative representation of dLGN population responses. For each data set, responses of N
neurons over M time bins were arranged in a non-negative matrix A [2]. Given a desired number
of components k, NNMF approximates A as the product of two low-rank non-negative matrices:

A=UVT

where U isan N X k matrix containing the loading of each neuron on each component, and V is
an M X k matrix containing the temporal profile of each component. All entries of A, U, and V

were constrained to be non-negative.

The factors U and V were obtained by minimizing the squared reconstruction error under these

non-negativity constraints:



min |14 — UVT |2
u,vz0 F

To determine the number of NNMF components, we used a mean-squared-error (MSE) based model

selection procedure[3]. For each fit we computed the reconstruction mean squared error,
MSED (k) = — |4 = uo vy
(k) = |la = v nyT||
The MSE for rank k was then obtained by averaging over random initializations,
1 ok
MSE(k) =% Zj—y MSE®™ (k)

Candidate ranks from k = 1 to 50 were evaluated. For each rank, the factorization was repeated 200
times. In each repeat, 10% of matrix entries were randomly held out as a test set, and the remaining
entries were used for model fitting. NNMF was initialized using NNDSVDA and optimized with a
maximum of 1000 iterations. For each repeat, the MSE was computed separately on training and
held-out test entries. Mean train and test MSE values were then averaged across repeats, and 95%
confidence intervals were estimated from the empirical distributions across repeats. The optimal
number of components was defined as the smallest rank whose mean test MSE was within 5% of
the minimum mean test MSE across all tested ranks, in order to favor a parsimonious representation
while avoiding overfitting. All downstream clustering analyses used the NNMF feature matrix U at

the selected rank.
3. Clustering

All neurons were first partitioned into three functional classes, direction selective (DS), orientation
selective (OS), and non-selective. All subsequent clustering analyses were performed separately
within each class. Below we describe the pipeline for the DS population; OS and non-selective were
treated identically and used the same hyper-parameters.

We collected multiple NNMF-derived or functional feature sets. Each featuresetg = 1,... ,G was
stored as a matrix

X(g) € RNXFQ

where X @contains the features for set g, N denote the number of neurons, F, is the number of
features in that set. Upon loading, matrices were re-oriented to this N X F; convention.
Each feature set was clustered independently using a Gaussian mixture model (GMM) with diagonal

covariance matrices:

PG = ) N (x| )
{i=1}
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For each K, the expectation—maximization algorithm was initialized n;,;; =1000 times with
random starting points, a maximum of 200 iterations, and a covariance regularization term to
improve numerical stability. For each K, the model with the lowest Bayesian information criterion
(BIC) was retained[4]. The BIC was defined as:

BIC= —2InL+klnn

where L is the maximized likelihood of the model, k is the number of free parameters, and n is
the number of neurons. For each feature set g, this procedure yielded an integer label fgg ) for
every neuron [ =1, ..., N, which was used for downstream consensus clustering.

Local labels from all feature sets were stacked column-wise into an integer label matrix:

L € ZNXG

Each column was one-hot encoded and the resulting binary vectors were concatenated across feature
sets to form a design matrix H. Columns of H were standardized to zero mean and unit variance
using z-score normalization. On the embedding Z we fitted diagonal-covariance GMMs with

K €[2,50]

For each K, we recorded the corresponding BIC value. Final cluster number K is at which the

second finite difference of the BIC reached its maximum.
To assess robustness of the final partition, we fixed K and refitted the GMM (R = 100 times)

with different random seeds. Let £ l@ denote the label of neuron i obtained in restart . We defined

the consensus matrix:

| =

R
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where Cj; is the fraction of restarts in which neurons i and j were assigned to the same cluster.

Cluster stability was further quantified using two summary indices derived from the consensus
matrix C [5].The average pairwise consensus among members of cluster k :

Yizjijery, Cij
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Where [, denotes the index set of neurons assigned to cluster k in the final solution, and | I | its
cardinality. Inter seperation;, measures how rarely neurons in cluster k co-cluster with

neurons outside k
Inter seperation, =1—mean(Cij;i € I, j & I,)

To visualize the relative organization of cluster centers in a low-dimensional space, t-distributed
stochastic neighbor embedding (t-SNE) was performed with two output dimensions, a perplexity of

5, PCA initialization, and random seed 42.
4. Quantification of functional properties

To quantitatively describe the functional properties of dLGN neurons, we derived a set of scalar
indices that summarize tuning to motion direction and orientation, temporal and spatial frequency,
stimulus size, surround suppression, contrast, color, and response dynamics. Below we describe
how these indices were computed from baseline-subtracted responses. All analyses were performed
in Python.
For each dLGN neuron for each velocity, we quantified direction and orientation selectivity from
responses to drifting gratings and static grafting. For each direction 8, (k = 1, ...,8), the trial-
averaged response R;, was computed as the baseline-subtracted mean response over the
stimulation window. From the baseline-subtracted trace Ry(t), we obtained a positive and a
negative response component by averaging separately over time points with Py as the mean of
Ri(t) over all time points with Ri(t) >0, and Ny as the mean of Ry(t) over all time points with
Ry (t) <O.

To quantify direction tuning, we calculated separate direction selectivity indices for positive

and negative responses as the normalized length of the response-weighted vector sum over all

directions:
Vi P sin8;)% + (X Py cos )2
DSlpos = =5
kLK
DSI — ‘/(Zka sin 6;)? + (X Ny cos 6,,)?
0SL. . = \/(ZkPkSiHZOk)Z + (X Py cos20,)?
pos — kak
J kN sin2 0,)% + (0x Ny €0s2 6;)2
0Slneq =
2Nk

This procedure was applied independently for each temporal and spatial frequency condition,

yielding DSl o5, DSlyeg, 0Slyos, and OSly, 4 for every neuron and stimulus condition. For each

neuron and stimulus condition, we further assessed the significance of DSI/OSI using a shuffle-

based permutation test, in which direction labels were randomly permuted across trials to generate
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a null distribution of indices. Neurons with all four indices <0.1 were classified as non-selective. If
at least one index exceeded 0.1, neurons were assigned to a single category according to the
following priority, and we defined a hierarchy  DSL, s, DSI,0q4, 0SL, 05, and OSl,., [6]. This
hierarchy was used to resolve mixed-selectivity cases and avoid double assignment according to
previous studies[6, 7, 8].

To quantify the selectivity to On/Off contrast, we calculated the contrast selectivity index (CSI):

RON B ROFF

CSI =
Ron + Rorr

where Rpy and Rypr are the peak responses to flashing full field white and black stimulus in
chirp stimulus, respectively.

To quantify the selectivity to the flash frequency, we calculated the frequency selectivity index
(FSI):
Rhignr — Riowr

FSI =
Rhighf + Rlowf

where Rjo, ¢ and Ry;gns are the peak responses in the first 3s and last 3s temporal windows of the
frequency-modulated stimulus in chirp stimulus.

To quantify the selectivity to the flash amplitude changes, we calculated the amplitude
selectivity index (ASI):
Rhigha — Riowa

ASI =
Rhigha + Rlowa

where Rjpyq and Ryigng are the peak responses in the first 3s and last 3s temporal windows of the
amplitude-modulated stimulus in chirp stimulus.
To quantify the frequency preference, we calculated the frequency preference index (FPI):

fpeak - fmin

FPI =
fmax + fmin

where f,.qk is the frequency at which the frequency response metric Ry reached its
maximum, and f;,,;, and f,q, are the lower and upper bounds of the sweep (2 and 8 Hz,
respectively) in chirp stimulus.

To quantify the amplitude changes preference, we calculated the amplitude changes preference
index (API):

Apeak - Amin

API =
Amax + Amin

where Apeqr is the amplitude at which the amplitude response metric R, reached its
maximum, and A,,;, and A,,,, are the lower and upper bounds of the ramp (0 and 1,
respectively) in chirp stimulus.

To quantify the extent of frequency selectivity, we defined the frequency selectivity window



index (FSWI):

FSWI = fup - flow

fup + flow

where f,;, and fj,,, denote the upper and lower temporal frequencies at half-maximal response,
determined by the two intercept points of the 50% peak response level in chirp stimulus.
To quantify the extent of the amplitude selectivity, we calculated the amplitude selectivity

window index (ASWI):

ASWI = Auwp ~ Aiow
Aup + Alow

where Ay, and A, denote the upper and lower amplitude changes at half-maximal response,
determined by the two intercept points of the 50% peak response level in chirp stimulus.

To quantify the magnitude of phase delay during the chirp amplitude segment, we band-pass
filtered the baseline-subtracted response trace (1.5-2.5 Hz) in the temporal windows of the
amplitude-modulated stimulus in chirp stimulus and extracted the instantaneous phase using the
Hilbert transform. We calculated the phase delay index (PDI):

Ap(t) = arg(el@rO=¢sim®))

T
1 ;
G = arg(3 ) )
t=1

PDI = @
I
where ¢, (t) is the instantaneous neural phase (Hilbert transform of the 1.5-2.5 Hz band-pass—
filtered trace), @ im(t) is the stimulus reference phase (f = 2Hz), T is the number of time
samples within the analyzed window.
To assess potential S-cone or M-cone mediated preference, we calculated the blue—green index
(BGI):

BGI = Rblue - Rgreen

Rblue + Rgreen

where Ry, is the responses to blue stimuli, and Ryy¢er, is the responses to green stimuli.
To quantify the selectivity to the speed of white looming stimuli, we defined a white speed
selectivity index (WSSI):

Rwhite(maxspeed) - Rwhite(min speed)

WSSI =

Rwhite(maxspeed) + Rwhite(minspeed) + thite

where Ryhite(maxspeed) @0d Ryhite(minspeeq) denote the responses to white looming stimuli
presented at the maximal and minimal speed. ,u}’g represent the mean responses of the i neuron to

the white looming stimuli, at the s speed condition, with the mean computed over the corresponding



valid analysis window for that speed condition. c,,it. denotes the mean of u}/g pooled across all
neurons and all speed conditions, and was included as a stabilizing term in the denominator.—

To quantify the selectivity to the speed of white looming stimuli, we defined a black speed
selectivity index (BSSI):

R —R )
BSS] = black(max speed) black(min speed)

Rblack(maxspeed) + Rblack(minspeed) + Cblack

where  Rpjack(maxspeed) @1d Rplack(minspeea)y denote the responses to black looming stimuli
presented at the maximal and minimal speed. ,ufs represent the mean responses of the i neuron to
the white looming stimuli, at the s speed condition, with the mean computed over the corresponding
valid analysis window for that speed condition. ¢y, denotes the mean of uES pooled across all
neurons and all speed conditions, and was included as a stabilizing term in the denominator.

To quantify the tuning of responses to white looming speed, we defined a white looming tuning
index (WLTI):

Rwhite(maxspeed) - Rwhite(min speed)

WLTI =
Y1 |Riv1 — Ryl

Where R; denote the baseline-subtracted mean response to white looming at the i speed level,
with speeds ordered from lowest to highest

To quantify the tuning of responses to black looming speed, we defined a black looming tuning
index (BLTI):

black(max speed) — Rblack(min speed)

BLTI R
Zis=1 |Ri+1 - Ri|

Where R; denote the baseline-subtracted mean response to black looming at the i speed level,
with speeds ordered from lowest to highest

To compare speed selectivity between white and black looming stimuli, we defined a speed
selectivity index (SSI) based on the relative difference between WSSI and BSSI:

WSSI — BSSI

SSI= WssT + BSsI

where WSSI and BSSI are white and black speed selectivity index.
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Fig S1. Feature extraction and data-driven clustering workflow.
(A) Paradigm-wise response matrix (example shown) assembled for each neuron prior to feature extraction.

(B) NNMF-based feature extraction. Responses from each paradigm (chirp, black looming, white looming, blue, and
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green) were decomposed and summarized into paradigm-specific feature sets, shown as neuron-by-feature heatmaps
(rows, neurons; columns, feature dimensions). Features were then concatenated across paradigms to form a unified
feature vector for each neuron.

(C) Global clustering performed on the concatenated feature space (66 dimensions per neuron, 22 from ‘chirp’, 8
from black looming, 6 from white looming, 5 each from blue and green, 10 each from DSI and OSI) to generate the
final neuron x feature matrix used for downstream analyses; clusters are displayed in a fixed dendrogram leaf order
(33 clusters).

(D) Cross-validated NNMF reconstruction error as a function of the number of components (k) for chirp, black
looming, white looming, blue, and green. Blue curves denote training mean squared error (MSE) and red curves
denote test MSE (shaded band, variability across cross-validation folds). The selected model order (purple dashed
line) was defined as the smallest £ whose test MSE was within 5% of the minimum test MSE (min(test) + 5%
criterion).

(E) Per-cluster assessment of clustering robustness across the 33 dLGN functional clusters. Cluster-wise inter-cluster
separation (top) and intra-cluster stability (bottom) are shown for all 33 clusters, ordered according to the
dendrogram in Fig. 2B. Bar colors indicate cluster class identity (DS, blue; OS, magenta; non-selective, gray). The
dashed horizontal line marks an acceptance threshold of 0.5. All clusters showed inter-cluster separation values
above 0.5, indicating good separation from other clusters. In contrast, five clusters showed intra-cluster stability
values below 0.5, indicating relatively lower within-cluster consistency. These lower-stability clusters are marked
with star symbols in Fig. 2B.
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Fig S2. Cluster-wise distributions of functional indices in dLGN

Violin plots showing the within-cluster distributions of functional indices across the 33 data-driven dLGN clusters
(DS/OS annotations at left). For each cluster and index, the violin depicts the full distribution across units, with the
central marker indicating the median and the box indicating the interquartile range (IQR). Right panels summarize
cluster-level direction/orientation selectivity metrics (DSI/OSI) across temporal and spatial frequency conditions,
with gray bars indicating positive DSI/OSI and red bars indicating negative DSI/OSI. (TF1-TF5 denote 1, 2, 4, 8,
and 15 Hz, respectively; SF1-SF5 denote 0.02, 0.04, 0.08, 0.16, and 0.32 cpd, respectively)
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Figure S3

co1

e

Fig S3. Inter-index correlations within dLGN clusters.

Chord diagrams showing significant pairwise correlations among 14 functional indices (CSI, FSI, ASI, FPI, API,
FSWI, ASWI, PDI, WSSI, BSSI, SSI, WLTL BLTI, and BGI) rendered separately for each of the 33 clusters. Blue
edges denote negative correlations and red edges denote positive correlations; edge thickness scales with |R].
Correlations are shown only when passing the significance threshold and multiple-comparison correction.
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Figure S4
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Fig S4. Paired cluster-level changes of functional indices following SC inactivation.
Per-cluster scatter plots compare the mean value of each functional index under Control (x-axis) versus Muscimol
(y-axis) for clusters that contained paired units across conditions (only clusters with sufficient paired samples are
shown). Each dot corresponds to one of 14 functional indices (CSI, FSI, ASI, FPI, API, FSWI, ASWI, PDI, WSSI,
BSSI, SSI, WLTI, BLTI, and BGI). The dashed line denotes unity (y = x); points above/below the line indicate
increases/decreases under muscimol.
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Fig S5. Representative clusters showing index changes following SC inactivation.

(A-D) Example clusters with significant Control-Muscimol differences in chirp-derived indices: C15 (A; CSI), C27
(B; FSI), C32 (C; PDI) and C09 (D). For each row, left: trial-averaged firing-rate trace across the full chirp epoch
(Control, blue; Muscimol, orange). Middle: magnified view of the response segment used for index quantification
(analysis window indicated). Right: paired within-unit index values (C, Control; M, Muscimol).

(E-G) Looming examples from clusters C29, C30, C10, and C27. (E) Trial-averaged responses to white looming
and (F) to black looming; shaded intervals denote stimulus epochs (yellow, white looming; white, black looming;
gray, inter-stimulus). (G) Paired comparisons of looming-derived speed selectivity indices (WSSI and BSSI) for the
same clusters. Data were presented as mean+ SEM. Statistical significance was determined using BH-FDR
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correction (FDR<0.05). *p < 0.05.

Figure S6
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Fig S6. Representative examples of direction- and orientation-selective dLGN units.

25

20 (Hz)

Example baseline-subtracted firing-rate traces to drifting gratings moving in eight directions (0°-315°; 45° steps)
are shown for five response classes (positive DS, negative DS, positive OS, negative OS, and non-selective). Each
row corresponds to one example unit; shaded regions mark the 2s stimulus epoch for each direction. Right, polar
plots summarize direction/orientation tuning, where the radius for each direction represents the baseline-subtracted

response integral over the stimulus window.
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Figure S7
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Fig S7. SC inhibition modulates dLGN direction/orientation selectivity metrics.

Common definitions for A-B: TF1-TF5 denote 1, 2, 4, 8, and 15 Hz; SF1-SF5 denote 0.02, 0.04, 0.08, 0.16, and
0.32 cpd.

(A) Heatmap of condition-induced changes in selectivity magnitude (A = Muscimol — Control) for positive and
negative DSI (TF1-TF5) and positive and negative OSI (SF1-SF5) across the 989 paired dLGN units.

(B) Heatmap of corresponding changes in tuning width (AFWHM; Muscimol — Control) for positive/negative DS
and OS across TF and SF conditions. (TF1-TF5 denote 1, 2, 4, 8, and 15 Hz, respectively; SF1-SF5 denote 0.02,
0.04, 0.08, 0.16, and 0.32 cpd, respectively)

(C-L) An example DS-enriched cluster (C8) quantified across temporal-frequency (TF) conditions. (F-J) An
example OS-enriched cluster (C33) quantified across spatial-frequency (SF) conditions. Control and muscimol
measurements are paired within the same units.

(C, H) Direction/orientation tuning curves at each TF (A) or SF (F)

(D, I) Sankey diagram showing within-unit shifts in the preferred TF (B) or preferred SF (G) bin from control to
muscimol.

(E, J) Fraction of units meeting the selectivity criterion at each TF (C) or SF (H) (DSI/OSI > 0.1).

(F, K) Mean selectivity index (DSI in (D); OSI in (I)) at each TF/SF.

(G, L) Full width at half maximum (FWHM) computed from the peak-aligned, smoothed tuning curves.

Data were presented as mean += SEM.*p < 0.05, **p < 0.01, ***p <0.001.
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