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Supplementary Information

Supplementary Fig. 1. Models, assumptions and limitations of Coherent Sparse Optimization. a, Simple example of
the class of stochastic models that CoSpar seeks to learn. In such models, each node represents an observed cell state.
In practice, thousands of measured states are included; here only five are shown. At each state cells self-renew, die, or
differentiate with state-specific rates. The mean fraction of cells in each state evolves according to coupled first-order
equations as shown. See Supplementary Note 1 for details.



b, The empirically-observed finite-time transition map can be interpreted through its relation to the transition rate matrix
K (see panel a). See Supplementary Note 1 for details.
c, Schematics illustrating the operational, experimentally-accessible definition of a transition probability, as the average
fraction of progeny derived from an initial cell i at t0 that differentiates into a target state j at later times. As defined,
transition probabilities are sensitive to biases in fate choice, and to differential rates of cell division and cell loss.
d, Schematics exemplifying that transition maps cannot distinguish fate bias from differences in net rates of cell
expansion (division – loss). Three different underlying dynamics lead to the same transition maps.
e, Schematics clarifying the robustness of CoSpar to clonal dispersion (demonstrated in Fig. 3).  i), When cells undergo
extensive proliferation prior to fate bifurcation and clonal sampling, each clone densely samples several differentiation
trajectories. By imposing sparsity and coherence, CoSpar re-enforces a minimal number of transitions that explain
dynamics across all clones.  ii), At lower rates of proliferation, fewer cells from each clone are sampled, and it may lead
to observing clonally-related cells at different time-points on different trajectories, as shown (blue clone sampled towards
fate A at t1, and towards fate B at t2). By enforcing coherence between clones rooted in neighboring states, CoSpar may
still recover a correct transition map. In this case, there is a trade-off in the CoSpar cost function between minimizing the
clone transition map error and maximizing coherence. iii), Lacking proliferation, one cannot establish clonal relationships
that constrain dynamic inference.

Supplementary Fig. 2. Illustration of early-time clonal dispersion, supporting Fig. 1f(v). When clones are observed at
more than one time-point, clonally-related cells in the earliest observed time-point may be similar (non-dispersed), in
which case the observed early state of a clone provides a good approximation of early state of clonal progeny observed
later. Alternatively, clonally-related cells may have already become heterogeneous (dispersed) at the earliest observed
time point. Dispersion introduces uncertainty as to the founder state of a clone, and thus introduces errors into inferred
transition maps. a,b Examples of non-dispersed clones, where the observed initial cell (red) and the remaining sister cell
(orange) are very similar in states. In these two examples, the cells observed at an early time point serve as good
estimates of the ancestors of the cells observed later (faded, red). c-e Examples of dispersed clones, where the initial
states (red=observed; orange=remaining sister cells) can be very different. In these cases, if some of the early cell states
are unobserved due to drop-out (d, e), the apparent clonal transitions can be discordant with the underlying dynamics.



Supplementary Fig. 3. CoSpar accepts both static and cumulative barcoding data.  a,b Illustration of static and
cumulative barcoding, and their corresponding cell-by-barcode matrix.



Supplementary Fig. 4. Flowchart for using CoSpar with different experimental designs. Abbreviation: ED for
Euclidean distance and SPD for shortest-path graph distance. See Methods for the definition of key parameters.



Supplementary Fig. 5. Evaluating CoSpar performance across parameter sweeps.
a-c, Evaluating the coherence and sparsity assumptions. The extent of coherence in CoSpar can be tuned with the
smooth kernel exponent , and the desired sparsity can be set with the sparsity threshold (see Methods for parameter𝑛 ν

𝑐𝑠
definitions). In a and b, we test the importance of these assumptions in the hematopoiesis dataset using a
cross-validation test: apply CoSpar to the top 15% dispersed clones across all time points (training dataset), and train
MPLClasifier with the inferred fate bias to predict the bias on the remaining 85% testing dataset. We evaluate the
performance using the correlation between the predicted and the observed bias. c, The fate prediction error at different

sparsity thresholds on the synthetic bifurcation dataset. The fate prediction error is defined as , where𝑀𝑒𝑎𝑛
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d-f, Performance of CoSpar using simulations as in Fig. 3a-d with a range of algorithm parameters: (d) smoothing kernel
exponent; (e) sparsity threshold ; (f) number of iterations, showing convergence.ν
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g, Demonstration of algorithm convergence, seen in the correlation between maps from consecutive iterations against
the number of iterations for the CoSpar algorithm (see Methods). The maps analyzed here correspond to those from the
down-sampled hematopoietic dynamics (Fig. 4h).
h, Computational time to convergence, as a function of total cell number.  In the first run, CoSpar will generate (and save)
a similarity matrix, which is very costly (red curve). CoSpar can use similarity matrices generated previously to speed up
computation (blue curve).



Supplementary Fig. 6. Establishing upper bounds for fate prediction after data loss. In this paper, performance of
CoSpar was compared to previously published methods by discarding clonal data and then examining the fidelity of fate
predictions in the face of data loss. Supporting the results reported in Figs. 4g,i and 5h, we obtain an upper bound for
fate prediction, by randomly sampling 50% cells from the full ground-truth dataset in each case to predict the progenitor
bias of remaining cells, with different smoothing exponents n.  Prediction was carried out by first inferring the progenitor

bias from the training data (denoted by tr) to predict the bias of the test data, by imputation via graph diffusion:𝑄
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Supplementary Fig. 7. Benchmarking CoSpar in hematopoiesis.
a, CoSpar reconstructs transition maps from sub-sampled and dispersed clonal data. Here, we evaluate the prediction
error as the Wasserstein distance between fraction of cell progeny predicted to occupy a given fate, compared to that
obtained from the ‘ground truth’ transition map constructed using all clonal data rooted in day 2 clones (see main text). In









Supplementary Fig. 10. Benchmarking CoSpar in fibroblast reprogramming.
a, Expression of selected marker genes on UMAP visualizations from day 15, 21 and 28.
b, Reproduction of results in Fig. 5e using a similarity matrix obtained from each sub-sampled dataset. Results are seen
to be robust to sub-sampling strategies.
c-e Transition maps inferred by CoSpar with access only to end-point clonal information are robust to the choice of
initialization.  These panels accompany Fig. 5h. c, Visualization of the progenitor bias derived from the initialized
transition map and the corresponding CoSpar prediction, for different entropic regularizations and distance metrics as
indicated. d, Parameter sweep quantifying the stability of the predicted progenitor bias. Two metrics are used: correlation






