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Supplementary Tables

Supplementary Table 1. Features selected by the elastic net in the early outcome prediction
model, along with the feature weights and feature scaling means and standard deviations. See
Severson et al.! for additional details on feature definitions. Note that this model predicts the logio
of cycle life, not cycle life itself.

. . Scaling
Feature Definition Welg_l;t Scaling standard
(x10™) mean ..
deviation
Initial discharge Ouischarges Cycle 2 216 1.0736 0.0097
capacity
Max change in | max(Quischaree) ~ Quischarees | 5 5 0.0054 0.0021
discharge capacity cycle 2
min(AQJ()o_m(V)) 10g10(|min(AQ100_1()(V))D -21.3x1073 —1.3537 0.1830
VaI‘(AQI()()_m(V)) 10g10(|VaI‘(AQ10()-1()(V))D —145 —3.6730 0.3758
skew(AQ100-10(V)) | logio(|skew(AQ 00-10(V))|) 12.9 —0.8553 0.4367




Supplementary Table 2. Comparison of initial discharge capacities (at cycle 2) of datasets used
in Severson et al.! and the validation batch. Errors represent 95% confidence intervals. The packing
date was 2015-09-26. A linear fit of mean initial discharge capacity vs time (assuming =0 occurs
at the pack date) reveals a slope of —1.2 mAh per 30 days (R>=0.91).

Batch Date started Mea:;;;fﬁ;‘?:ﬂ;arge Number of cells
Train/primary test set 1 2017-05-12 1.078 £0.002 46
Train/primary test set 2 2017-06-30 1.071 £0.002 43

Secondary test set 2018-04-12 1.064 + 0.002 46
oed_0 (this work) 2018-08-28 1.055 + 0.004 46
oed 1 (this work) 2018-09-02 1.061 +0.002 46
oed 2 (this work) 2018-09-06 1.061 £ 0.002 48
oed 3 (this work) 2018-09-10 1.055 +0.003 48
Vagﬂf‘fgvzgf)mh 2019-01-24 1,051 +0.003 45




Supplementary Table 3. Charging protocols and their associated CLO-estimated cycle life
rankings, cycle lives, and one-sided standard deviations on cycle life at the end of batch 4. Each
constant-current step (CC1, CC2, CC3, and CC4) comprises a 20% SOC window, such that CC1
ranges from 0 to 20% SOC, CC2 ranges from 20 to 40% SOC, etc. CC1, CC2, and CC3 are
independent parameters, while CC4 is constrained by specifying that all protocols charge in the

same total time (10 minutes) from 0% to 80% SOC.

CLO- CLO cycle
Ranking | CCI cc2 cC3 cc4 ecsyt‘c‘l’;alﬁg dlii‘;;tti‘(';n

(77%) (04.0)
I 48 52 52 4.160 1185 78
2 52 52 48 4.160 1183 86
3 44 56 52 4252 1174 76
4 48 52 48 4.457 1174 93
5 4 56 56 4.421 1164 93
6 4 56 52 4.707 1164 102
7 44 52 52 4516 1162 94
8 44 56 56 4.017 1162 83
9 52 52 44 4516 1160 116
10 52 52 52 3.900 1160 90
3 44 52 56 4252 1159 88
12 48 52 56 3.935 1158 88
13 48 56 48 4.200 1158 76
14 48 56 52 3.935 1156 76
15 48 48 52 4.457 1149 106
16 44 56 48 4.563 1147 91
17 52 56 48 3.935 1144 84
18 4 6 52 4.457 1142 89
19 44 6 52 4.047 1140 82




20 5.2 4.8 4.8 4.457 1140 117
21 4 5.2 5.6 4.707 1137 117
22 52 4.8 5.2 4.160 1134 107
23 4.8 4.8 5.6 4.200 1133 104
24 4 6 5.6 4.200 1133 93
25 5.2 5.6 4.4 4.252 1130 93
26 4.8 5.6 5.6 3.733 1121 &3
27 4.4 6 4.8 4.328 1120 &3
28 4.4 6 5.6 3.834 1118 94
29 4.8 5.6 4.4 4.563 1117 98
30 4 6 4.8 4.800 1113 113
31 4.4 4.8 5.6 4.563 1110 116
32 5.2 5.2 5.6 3.702 1109 109
33 5.2 5.6 5.2 3.702 1107 86
34 5.6 5.2 4.4 4.252 1106 138
35 5.6 5.2 4.8 3.935 1106 127
36 4.8 6 4.8 4.000 1104 &3
37 5.2 4.8 5.6 3.935 1103 131
38 3.6 6 5.6 4.755 1103 131
39 4.8 6 5.2 3.759 1097 84
40 5.2 5.6 4 4.707 1077 147
41 5.2 6 4.8 3.759 1071 93
42 5.6 4.8 4.8 4.200 1071 140
43 5.6 5.6 4.4 4.017 1070 123
44 5.6 4.8 4.4 4.563 1069 176
45 5.6 5.6 4.8 3.733 1068 120




46 5.6 5.2 4 4.707 1067 192
47 4.8 6 4.4 4.328 1067 94
48 5.6 5.2 5.2 3.702 1063 146
49 4.4 6 4.4 4.714 1062 114
50 52 6 4.4 4.047 1059 104
51 4.8 6 5.6 3.574 1058 97
52 5.6 4.8 5.2 3.935 1048 156
53 5.2 5.6 5.6 3.523 1047 100
54 4.8 4.4 5.6 4.563 1043 160
55 4.8 7 4.8 3.652 1039 114
56 52 7 4.8 3.450 1037 128
57 5.2 6 5.2 3.545 1033 93
58 4.8 7 5.2 3.450 1032 127
59 5.2 4.4 5.2 4.516 1032 150
60 5.6 5.6 4 4.421 1032 163
61 4.4 7 5.2 3.691 1022 143
62 5.2 7 4.4 3.691 1017 146
63 5.2 4.4 5.6 4.252 1017 163
64 5.6 5.6 5.2 3.523 1016 133
65 5.6 4.8 5.6 3.733 1016 190
66 5.2 6 4 4.457 1014 152
67 4.8 6 4 4.800 1013 158
68 5.6 5.2 5.6 3.523 1008 171
69 5.2 7 5.2 3.269 1008 148
70 5.6 6 4.8 3.574 1005 135
71 4.4 7 4.8 3.924 1005 133




72 4.8 7 4.4 3.924 1005 127
73 5.6 6 4.4 3.834 1003 147
74 5.6 7 4.8 3.294 998 191
75 4.4 7 5.6 3.513 996 160
76 6 5.2 4.4 4.047 994 182
77 6 4.8 4 4.800 989 253
78 6 4.8 4.4 4.328 987 208
79 5.6 4.4 4.8 4.563 987 151
80 4.8 7 5.6 3.294 987 162
81 4 7 52 4.030 986 179
82 6 5.2 4 4.457 985 213
83 5.6 7 4.4 3.513 982 188
84 6 5.2 4.8 3.759 978 188
85 5.2 6 5.6 3.381 978 116
86 4 7 5.6 3.818 977 188
87 5.6 4.4 5.2 4.252 975 150
88 5.2 7 4 4.030 971 190
89 6 4.8 4.8 4.000 971 189
90 5.6 6 4 4.200 967 180
91 4.8 7 4 4.308 965 168
92 5.6 7 5.2 3.129 965 197
93 5.6 4.4 5.6 4.017 962 189
94 4 7 4.8 4.308 961 166
95 5.6 6 5.2 3.381 961 140
96 4.4 7 4.4 4.239 959 133
97 3.6 7 5.2 4.537 955 236




98 3.6 7 5.6 4.271 955 242
99 6 5.6 4.4 3.834 954 164
100 5.6 5.6 5.6 3.360 954 155
101 6 4.4 4.4 4.714 953 215
102 52 7 5.6 3.129 953 183
103 6 5.6 4.8 3.574 947 180
104 6 4.8 5.2 3.759 944 210
105 6 7 4.8 3.170 941 245
106 6 5.6 4 4.200 940 186
107 6 4.4 4.8 4.328 939 165
108 6 5.2 52 3.545 938 212
109 5.6 6 3.6 4.755 935 240
110 5.2 7 3.6 4.537 933 245
111 7 4.8 4 4.308 933 213
112 7 4.4 4 4.690 932 222
113 5.6 7 4 3.818 932 195
114 6 5.6 3.6 4.755 929 244
115 6 4 4.8 4.800 927 169
116 4.4 7 4 4.690 926 170
117 6 4.4 5.2 4.047 926 180
118 6 7 4.4 3.372 926 225
119 7 3.6 5.6 4.271 925 271
120 6 4.8 5.6 3.574 922 242
121 6 7 5.2 3.017 918 244
122 4 7 4.4 4.690 918 169
123 6 4.4 5.6 3.834 918 227




124 5.2 4 5.6 4.707 918 206
125 7 3.6 52 4.537 916 234
126 6 4 5.2 4.457 916 163
127 5.6 7 5.6 3.000 916 209
128 6 6 4.8 3.429 914 199
129 6 3.6 5.6 4.755 912 247
130 7 4 5.6 3.818 911 232
131 7 4.4 4.4 4.239 911 194
132 7 4.8 4.4 3.924 909 201
133 6 6 4.4 3.667 909 194
134 5.6 4 52 4.707 908 160
135 6 5.6 5.2 3.381 908 205
136 6 4 5.6 4.200 907 211
137 5.6 6 5.6 3.231 906 168
138 7 4 5.2 4.030 905 177
139 7 5.2 3.6 4.537 904 252
140 6 5.2 5.6 3.381 901 235
141 5.6 4 5.6 4.421 899 187
142 7 4 4.4 4.690 898 192
143 7 4 4.8 4.308 898 167
144 7 4.4 4.8 3.924 893 172
145 7 5.2 4 4.030 892 220
146 6 7 5.6 2.897 888 244
147 5.6 7 3.6 4.271 888 226
148 6 6 5.2 3.250 887 213
149 6 6 4 4.000 887 209




150 4.4 52 3.691 881 158
151 7 4 3.652 880 194
152 6 3.6 4.500 879 250
153 4.4 5.6 3.513 878 199
154 4.8 4.8 3.652 876 183
155 5.2 4.4 3.691 874 205
156 5.6 5.6 3.231 869 227
157 3.6 5.6 3.969 862 259
158 6 5.6 3.111 855 237
159 4 4 4.800 855 222
160 4 5.6 3.574 854 264
161 4.4 5.6 3.306 851 262
162 5.6 3.6 4.271 849 233
163 4.8 5.6 3.111 848 250
164 5.2 5.6 2.963 846 265
165 7 3.6 4.065 845 203
166 4.8 5.2 3.450 845 156
167 5.2 4.8 3.450 844 191
168 3.6 5.2 4.197 837 226
169 5.6 5.6 2.847 837 294
170 4.4 4 4.328 836 218
171 3.6 4.8 4.500 833 242
172 5.6 4 3.818 831 214
173 4.8 5.6 3.294 831 174
174 4 4.4 4.328 829 229
175 5.2 5.2 3.089 828 218




176 4 52 3.759 826 232
177 4.8 52 3.250 826 203
178 4.4 5.2 3.463 825 228
179 4.8 3.6 4.500 822 251
180 5.6 4.4 3.513 822 207
181 5.6 5.2 2.963 821 266
182 4.4 4.4 3.940 818 212
183 4 4.8 4.000 817 235
184 7 3.6 3.706 817 287
185 4.4 4.8 3.667 814 221
186 6 3.6 4.065 813 217
187 4.8 4.8 3.429 813 186
188 5.2 4.8 3.250 811 189
189 5.6 4.8 3.294 810 215
190 5.2 5.2 3.269 809 181
191 7 4.4 3.122 809 237
192 7 4 3.360 808 270
193 4.8 4 4.000 805 203
194 4.8 4.4 3.667 805 185
195 5.6 4.8 3.111 802 238
196 6 5.6 2.754 797 303
197 7 4.8 2.947 796 195
198 5.2 5.6 3.129 794 191
199 6 4 3.652 791 205
200 5.6 5.2 3.129 790 233
201 6 5.6 2.897 789 284




202 6 4.8 3.170 789 235
203 6 4.4 3.372 788 208
204 5.2 4.4 3.463 785 175
205 5.6 5.6 3.000 785 248
206 6 5.2 2.862 784 290
207 6 5.2 3.017 784 266
208 6 4.8 3.000 775 273
209 7 5.2 2.814 774 176
210 7 5.6 2.710 773 199
211 5.2 3.6 4.197 767 213
212 5.6 4.4 3.306 766 209
213 5.2 4 3.759 762 173
214 6 4.4 3.181 745 249
215 7 3.6 3.476 733 202
216 5.6 4 3.574 728 178
217 5.6 3.6 3.969 725 193
218 6 3.6 3.789 712 228
219 6 4 3.429 710 224
220 7 4 3.170 709 176
221 7 4.4 2.957 706 173
222 7 4.8 2.800 684 172
223 7 5.6 2.585 650 200
224 7 5.2 2.680 648 174




Supplementary Table 4. Comparison of early outcome predictors. To contextualize the results,
we included the fixed-mean baseline, which predicts a constant mean computed on the training set
(held-out set is “primary test set” from Severson et al.!). See “Related work” section of
Supplementary Discussion 2 for more details on the predictors proposed by Domhan et al.> and

Klein et al.?

Method Training RMSE Held-out RMSE
(cycles) (cycles)
Fixed-mean baseline 327 399
Dombhan et al.? 681 756
Klein et al.? 110 190
“Discharge model” from Severson et al.! 76 86
(similar to ML model used in this work)




Supplementary Table 5. Hyperparameter values used in the Bayesian optimization algorithm.
The “Hyperparameter variable name in code” column refers to the variable name used in the BO
code (closed loop oed.py). The hyperparameters are further detailed in the “Hyperparameter
optimization” section of the Methods. The 2018-04-12 batch of Severson et al.! is used here
because the cycling structure (i.e., rest steps, constant-voltage hold conditions, etc) is similar to

that used in this work, although different charging protocols were tested.

Hvperparameter Hyperparameter
yperp variable name in Value Rationale
name
code
Batch size bsize 48 48-channel cycler
~200 cells for
B t t e
udge budge 4 optimization (4x48)
Mean cycle life of
Standardization mean | standarization mean 947 2018-04-12 batch of
Severson et al.!
o Standard deviation of
Standardlzgthn standarization std 164 2018-04-12 batch of
standard deviation -
Severson et al.!
Additive error (square
root of the sum of the
squares) of the
Likelihood standard o sampling variation
.. likelih t
deviation ikelihood_std 164 (126) and the
prediction error (106)
in 2018-04-12 batch
of Severson et al.!
gamma 1 Optimized via
7 simulator
fo init beta 50 Opthlmlzed via
- simulator
e epsilon 05 Opthlmlzed via
simulator




Supplementary Table 6. Temperature dependence of SEI growth at C/10 as estimated from
Figure 7 of Smith et al.#, as used in the simulator. The data were manually extracted from the figure
using WebPlotDigitizer. The slopes and intercepts were determined by linear fits of Qsgr to 2.
The activation energy was determined by fitting the Arrhenius equation, using the slopes as

approximations for k. The resulting activation energy is 0.122 eV.

Temperature (°C)

Slope (mAh g™! h™%)

Intercept (mAh g™!)

30 1.283 34.6
40 1.449 35.6
50 1.714 38.7




Supplementary Discussions

Supplementary Discussion 1. Alternate approaches for early outcome prediction and
hyperparameter optimization

Early outcome predictor development and BO hyperparameter optimization are two critical
components for closed-loop optimization. Both of these tasks require some initial data, which adds
to the experimental requirements for the closed loop. Here we discuss our approach, as well as
alternative approaches, to address these requirements.

For learning the early outcome predictor, we used a previously collected dataset! of 41
batteries cycled to failure as the training set. We note that this dataset contains reach information
and can be used for early prediction of relevant outcomes of similar optimization tasks, such as
different charging times and SOC windows; if multiple optimization objectives are to be
considered for a new problem, we recommend collecting a dataset that spans the conditions of
interest. For instance, all batteries in the training set were cycled with three-step or four-step
charging protocols, as opposed to six-step. Additionally, while this training set was readily
available, accurate predictive performance could likely be achieved with a smaller training set.
Finally, previously collected datasets with different chemistries or cycling conditions could be
leveraged for other battery optimization tasks using approaches such as transfer learning® and
hybrid physics-data models.

For tuning hyperparameters of the BO component of our pipeline, we used both the training
set for the early predictor and a simple physical simulator (see Methods). This simulator was
originally designed for fundamental studies of heat transfer but was adapted to produce cycle life

estimates as a function of charging protocol (see Physics-based simulator section of Methods). The



only experimental input is the expected cycle life range. As such, the simulator does not accurately
capture degradation during fast charging but provides reasonable estimates for hyperparameter
optimization. Given that the simulator does not represent the true parameter space, the selected
hyperparameter combination is likely suboptimal; however, we observe that the performance of
the BO algorithm is relatively insensitive to the selected hyperparameters (Extended Data Figure

9), meaning that suboptimal hyperparameter combinations can still perform well.



Supplementary Discussion 2. Related work and possible modifications to closed-loop system
Related work review and comparison

The underlying optimal experimental design problem we seek to address is an instance of
multi-fidelity black-box optimization. In black-box optimization, we only have sample access to
an underlying function of interest. However, a single evaluation can itself be very expensive (in
terms of time or resources), and hence low-fidelity signals that are noisy but easy-to-obtain are
often used instead for efficient optimization.

The canonical use case considered in prior work is that of hyperparameter optimization for
machine learning algorithms. Here, the goal is to find the optimal configuration of hyperparameters
for learning a model on a target dataset. However, training a model with even a single configuration
can be compute and time-intensive. To resolve this shortcoming, prominent examples of low-
fidelity signals include (a) early prediction of learning curves (e.g., Domhan et al.?) and (b) testing
a hyperparameter configuration on a subset of the data (e.g., Petrak et al.®). Multi-fidelity
approaches (e.g., Van den Bosch et al.”, Krueger et al.8, Sabharwal et al.”, and Sparks et al.!?) use
one or more of these low-fidelity signals for dynamically selecting which hyperparameter
configuration to test next, e.g., successive halving routines'' such as Hyperband'?, which
periodically removes half of the worst performing configurations. We provide details on methods
that predict learning curves, since that form of fidelity signal is similar to the one we consider. We
further refer the reader to Hutter et al.!3 (Section 1.4) for an excellent and comprehensive survey
on multi-fidelity black box optimization.

A learning curve tracks the performance of a machine learning algorithm (as measured via
a suitable metric such as classification accuracy on a validation dataset) as a function of training

time (as measured via number of iterations, gradient updates, etc.). These curves are typically



increasing functions, and the performance metric saturates over time. Since observing the
asymptote of a learning curve for any single hyperparameter configuration can be expensive,
Dombhan et al.? proposed to predict a learning curve after training the model only for a small
number of iterations. The goal is to terminate the training procedure early if the asymptotic
performance on a validation set is unlikely to beat the validation performance of the best known
hyperparameter configuration so far. The predictor is parameterized using a mixture of functional
forms (e.g., Weibull, vapor pressure, etc.) that have similar characteristics as learning curves (i.e.,
increasing and saturating with respect to the performance metric). Using standard Bayesian
inference over the unknown parameters, the probability that the performance of the algorithm at a
future iteration will exceed the best known performance so far can be estimated. Such estimates
are then used within a downstream black-box optimization routine such as SMAC'!5 or Tree
Parzen Estimator!¢ for the purpose of deciding whether to terminate training of a given
hyperparameter configuration and utilize the remaining budget for testing other candidate
hyperparameter configurations. Klein et al.? extend this approach via Bayesian neural networks to
utilize additional data from past runs of related hyperparameter configurations. This permits
learning more accurate predictors without having to observe a substantial portion of the learning
curve.

To draw an analogy with the current work, we are interested in predicting the cycle life at
which the capacity of a charging protocol drops to a predefined value (80% of initial capacity, or
0.88 Ah). In contrast to typical shapes of learning curves, (a) the capacity is decreasing as a
function of cycle life and (b) the cycle life saturates with respect to the capacity (y-axis). That is,
the capacity decreases slowly in the beginning until it hits a transition point. Beyond the transition

point, the capacity quickly drops to 0.88 Ah. This transition point is unknown and occurs close to



the final cycle life. As a result, predicting the final cycle life is challenging without having
substantially cycled the battery to observe the transition point. To overcome this challenge, our
early predictor! uses both information from prior capacity curves as well as additional features at
every timestep (e.g., voltage and capacity). This method allows for highly accurate predictions
only after the first 100 cycles and generalization to protocols outside our training dataset.
Empirically, we perform comparisons with the approaches of Domhan et al.? and Klein et
al.? for early prediction of cycle lives based on capacity curves. Due to the aforementioned
differences between the shapes of learning curves and capacity curves, naively plugging in
capacity curve data within these approaches gives extremely poor estimates. Instead, we modified
the problem by switching the x- and y-axes of a capacity curve: that is, the “rotated capacity curve”
plots the cycle life on the y-axis against the capacity on the x-axis. Further, to match the
monotonically increasing behavior of a learning curve, we consider an invertible transformation x
— 1.1—x (since the nominal initial capacity is 1.1 Ah) for these curves. The empirical results post
these transformations still lag our approach (Supplementary Table 4). We believe these results are
largely because both Domhan et al.? and Klein et al.’ do not use additional features (e.g., voltage)

recorded during cycling of a battery, unlike our approach.

Further improvements to optimization approach

Our closed-loop system demonstrates both high efficiency and high accuracy on this
parameter space given the specified budget. However, additional untested modifications could
further improve the performance of the closed loop in some settings. We discuss some possible
modifications to consider in future work here. Many of these are active areas of research within

the broader research community working on black-box optimization.



Requiring fewer cycles for early outcome prediction. In this work, we use a single model
that predicts the final cycle life after 100 cycles, similar to that developed by Severson et al.!
Predictive models that achieve similar accuracy but require fewer cycles could further reduce the
time per experiment.

Incorporating adaptive early outcome predictions (multi-fidelity optimization). In this
work, all predictions are generated after a specified number of cycles has been generated (i.e.,
100). An alternative approach, detailed in Grover et al.,'” would dynamically incorporate
predictions made at various cycle numbers. In general, the accuracy of early outcome predictions
increases with additional cycling data. If a prediction at an early cycle number has low expected
lifetime with sufficiently high confidence, the experiment could be terminated early, and a new
experiment could be run in its place. In practice, however, “batching” experiments as we have
done may have practical advantages. For example, because the early outcome predictions are quite
sensitive to temperature, we sought to minimize the number of times that we opened the
environmental testing chamber; given our single temperature chamber for all channels, continuous
cell switching would lead to frequent temperature disruptions. Furthermore, the practical cell
switching frequency is around once or twice per day; “continuous” cell switching would be
enabled by robotic cell switching technologies.

An alternative multi-fidelity approach is multi-phase closed-loop optimization. For
instance, we could consider two phases of closed-loop testing. The first would perform preliminary
classification of charging protocols into low-cycle-life or high-cycle-life classes; Severson et al.!
demonstrated high classification accuracy using only the first 5 cycles. After this initial rapid
screening phase, the second phase would proceed on the high-cycle-life protocols using a

regression model for cycle life prediction.



Incorporating more fine-grained uncertainties in early predictions. In our system, all
predictions are treated as scalar values; prediction intervals are computed for each prediction but
are only used to flag anomalous high-uncertainty predictions. However, we expect the magnitude
of the prediction intervals to vary for different cells (due to differences in manufacturing) and as a
function of charging protocol (since some protocols will induce more cycle life variation than
others). In future work, we could update the distribution of CLO-estimated cycle lives using
confidence intervals specific to an early outcome predictor as opposed to a uniform upper bound.
This modification would account for the nonuniform confidence in each prediction.

Incorporating better batching strategies. We disallowed repeated runs of the same
charging protocol within a given round for inducing more exploration. This does not exclude the
possibility that the top-48 protocols in a batch are highly similar. In principle, we want to select
protocols which score well on the explore-exploit frontier and are diverse to ensure more efficient
coverage. Methods based on slice sampling (to filter out a good subset of protocols) followed by
clustering techniques (to group similar protocols together) can be applied for a more diverse
selection of charging protocols to test. On the other extreme, an even more advanced batching
strategy for BO would also permit repeated testing of promising charging protocols even within
the same round for protocols for faster reduction of uncertainty.

Studying a wider variety of acquisition functions. Our acquisition function to trade-off
exploration-exploitation was based on the Upper Confidence Bound (UCB) criteria, which enjoys
strong regret guarantees in many scenarios and is highly popular in the literature on multi-armed
bandits. In future work, we would like to study the effect of other acquisition functions used in

Bayesian optimization, such as expected improvement and Thompson sampling.



Specifying criteria for early termination of the closed loop. As illustrated in Figure 3 and
Extended Data Figures 3a—c, CLO converges relatively quickly on the high-cycle life region of the
parameter space. If the time and/or cells are at a premium, formal early-stopping criteria could be
used to determine when acceptable cycle life estimates have been obtained in the fixed-budget
setting, even before the specified budget is exhausted. In other words, the closed loop could be
terminated early (i.e., before the specified budget is exhausted) if a performance objective was
reached with sufficient confidence. For example, a threshold for the “change in cycle life” metric
presented in Extended Data Figures 3a—c could be used, i.e., stop when the change in CLO-
estimated cycle life with increasing rounds falls below some threshold. Confidence-based stopping
criteria could also be used, i.e., stop when the bounds on the top protocol(s) fall below some
threshold. Finally, the closed loop can be operated in the fixed-confidence setting (i.e., continue
testing until confidence in the best protocol exceeds some threshold), as opposed to the fixed-
budget setting used in this work (arguably more practical).

Continuous parameter space. In line with the prior algorithms that we extend in this
work,!718 we optimized over a discretized parameter space of charging protocols. Using alternate
algorithms based on continuous parameter spaces could lead to performance improvements, as the
search space for continuous optimization approaches can subsume the protocols in the discretized
space. However, for relatively smooth parameter spaces such as the one considered in this work,
discrete optimization can perform well with sufficiently fine discretization.

Multi-objective closed-loop optimization. Fast-charging protocols need to balance two

competing objectives: fast charging time and high cycle life. In this work, we fixed charging time
and optimized for cycle life, since any choice of a multi-objective function would be arbitrary.

However, instead of optimizing for cycle life with fixed charging time, we could optimize over a



function that balanced both objectives. Ideally, multi-objective functions would be carefully

developed with input from business units, consumers, and other stakeholders.



Supplementary Discussion 3. Degradation mechanism

Our results revealed that fast-charging protocols with nearly constant-current current
profiles generally exhibited the highest lifetimes, while protocols with monotonically decreasing
currents performed relatively poorly. The optimized charging protocols revealed in this work are
unexpected since we expect lithium plating to be the dominant form of degradation during fast
charging, and plating would be minimized by monotonically decreasing currents to avoid large
negative overpotentials.!®~! In general, this result highlights the need for data-driven approaches
to this problem, as first-principles approaches fail to capture the dominant degradation modes.
While work is ongoing to precisely determine the dominant degradation modes, we hypothesize
that solid-electrolyte interphase (SEI) growth, exacerbated by high temperatures, is the dominant
degradation mode during these extreme operating conditions:

e While lithium plating is generally expected at high charging rates, the high environmental
temperature (30°C) is a temperature regime in which lithium plating is unfavorable.?? The
rate of heat generation during fast charging surpasses the convective cooling in the
chamber, so the cell temperature increase during cycling is significant (Extended Data
Figure 2). In general, side reaction rates increase exponentially with the inverse
temperature from the Arrhenius relation.

e Resistive (Ohmic) heat generation is governed by I’R (Cengel & Boles?*). In Extended
Data Figures le—f, we determined that the resistance is both Ohmic (linear overpotential
vs. current relationship) and largely independent of SOC, particularly for minimally-cycled
cells. For a constant R, ? is minimized via constant-current charging, which is consistent

with our observation that the highest-lifetime protocols as identified by CLO are similar to



constant-current charging. This hypothesis is also loosely supported by Extended Data
Figure 3e, in which a simple relationship between the sum of squared currents, sum(/?) and
the OED-estimated lifetimes yields a correlation coefficient of —0.84. We recognize,
however, that temperature has a complex effect on battery degradation.

Previous reports?*2° have observed SEI growth leading to loss of active material via
electrochemistry and microscopy on similar or identical LFP/graphite cylindrical cells.
Loss of active graphite material is responsible for the rapid decrease in capacity observed
in these cells during fast charging.!?” Thus, SEI growth is consistent with known

degradation modes in these cells.



Supplementary Discussion 4. Bias in early outcome prediction

Figure 4c and Extended Data Figure 7 reveal a non-trivial bias in early outcome prediction
for the validation protocols, in which nearly all final lifetimes fall well below their predictions.
The mean predicted cycle lives exceed the mean final cycle lives by 145 cycles. If this bias is
corrected for in the predictions, the root-mean-square error decreases from 173 cycles to 96 cycles,
while the mean absolute percent error decreases from 20.1% to 9.46%, in line with the errors
reported in Severson et al.! Importantly, the rankings of validation protocols are relatively
unaffected (Extended Data Figure 7), implying a relatively consistent offset.

We attribute the source of this systematic bias to additional calendar aging, which lowers
the initial discharge capacities and thus leads to larger predictions. A similar effect was presented
in Supplementary Figures 6 and 7 and Supplementary Note 2 of Severson et al.! Calendar aging
results in additional SEI growth, which consumes lithium inventory and reduces the capacity.?%3!
Supplementary Table 2 displays the mean initial discharge capacities of various datasets using the
same cells. Although all cells have the same pack date (2015-09-26), the time between tests varies
significantly (nearly 20 months between train/primary test set 1 and the validation batch), and thus
so does the mean initial capacity. Given the feature weights and scalings in Supplementary Table
1, a change of 10 mAh in the initial discharge capacity leads to an additional 234 cycles predicted,
which more than compensates for the bias observed here. Because the training set has uniform

calendar life, this calendar life aging effect is not accounted for in the predictive model, and thus

the cycle lives of the validation batch are overestimated.
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