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Disclaimer

Cautionary Note Regarding Forward-Looking Statements

All statements other than statements of present or historical fact contained herein are “forward-looking statements” within the meaning of Section 27A of the Securities Act of 1933, as amended, and Section 21E of the Securities Exchange
Act of 1934, as amended, including Solid Power’s or its management team’s expectations, objectives, beliefs, intentions or strategies regarding the future. When used herein, the words “could,” “should,” “will,” “may,” “believe,” “anticipate,”
“‘intend,” “estimate,” “expect,” “project,” “plan,” “outlook,” “seek,” the negative of such terms, and other similar expressions are intended to identify forward-looking statements, although not all forward-looking statements contain such
identifying words. These statements may include, but are not limited to, our future financial performance, strategy, expansion plans, including plans related to the expansion of our electrolyte production capabilities, market opportunity,
operations, and operating results; estimated revenues or losses; projected costs; future prospects; and plans and objectives of management. These forward-looking statements are based on management’s current expectations and
assumptions about future events and are based on currently available information as to the outcome and timing of future events. Except as otherwise required by applicable law, Solid Power disclaims any duty to update any forward-looking
statements, all of which are expressly qualified by the statements in this section, to reflect events or circumstances after the date hereof. Readers are cautioned not to put undue reliance on forward-looking statements and Solid Power
cautions you that these forward-looking statements are subject to numerous risks and uncertainties, most of which are difficult to predict and many of which are beyond the control of Solid Power, including the following factors: (i) risks
relating to the uncertainty of the success of our research and development efforts, including our ability to achieve the technological objectives or results that our partners require and our ability to commercialize our technology in advance of
competing technologies and our competitors; (ii) risks relating to our status as a research and development stage company with a history of financial losses with an expectation of incurring significant expenses and continuing losses for the
foreseeable future, including execution of our business plan and the timing of expected business milestones; (iii) risks relating to the non-exclusive nature of our partnerships, our ability to secure new business relationships, and our ability to
manage these relationships; (iv) our ability to negotiate and execute commercial agreements with our partners and customers on commercially reasonable terms; (v) broad market adoption of EVs and other technologies where we are able
to deploy our technology, if developed successfully; (vi) our success attracting and retaining our executive officers, key employees, and other qualified personnel; (vii) our ability to protect and maintain our owned and exclusively-licensed
intellectual property, including in jurisdictions outside of the United States; (viii) our ability to secure government contracts and grants, changes in government priorities with respect to our government contracts and grants or government
funding reductions or delays, and the availability of government subsidies and economic incentives; (ix) delays in the construction and operation of facilities that meet our short-term research and development and long-term electrolyte
production requirements; (x) changes in applicable laws or regulations, including tariffs; (xi) risks relating to, and potential liabilities resulting from, our information technology infrastructure and data security incidents, threats, breaches, or
attacks; and (xii) risks relating to other economic, business, or competitive factors in the United States and other jurisdictions, including supply chain interruptions and changes in market conditions, and our ability to manage these risks and
uncertainties. Additional information concerning these and other factors that may impact the operations and projections discussed herein can be found in the “Risk Factors” sections of Solid Power’s Annual Report on Form 10-K for the year
ended December 31, 2025 and other documents filed by Solid Power from time to time with the Securities and Exchange Commission (the “SEC”), all of which are available on the SEC’s website at www.sec.gov. These filings identify and
address other important risks and uncertainties that could cause actual events and results to differ materially from those contained in the forward-looking statements. Solid Power gives no assurance that it will achieve its expectations.

» o« ” o« ” o« » o« ” o«

Trademarks and Trade Names

Solid Power owns or has rights to various trademarks, service marks and trade names that it uses in connection with its operations. This presentation may also contain trademarks, service marks, and trade names of third parties which are
the property of their respective owners. The use or display of third parties’ trademarks, service marks, trade names, or products in this presentation is not intended to, and does not imply, a relationship with Solid Power, or an endorsement or
sponsorship by or of Solid Power. Solely for convenience, the trademarks, service marks, and trade names referred to in this presentation may appear with the ®, TM, or SM symbols, but such references are not intended to indicate, in any
way, that Solid Power will not assert, to the fullest extent under applicable law, its rights or the right of the applicable licensor to these trademarks, service marks, and trade names.

Industry and Market Data

Although all information, opinions, and other information expressed in this presentation, including market data and other statistical information, were obtained from sources believed to be reliable and are included in good faith, Solid Power
has not independently verified the information and makes no representation or warranty, express or implied, as to its accuracy or completeness. Some data is also based on the good faith estimates of Solid Power, which are derived from its
review of internal sources as well as the independent sources described herein.
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Agenda

Multiscale Machine Learning & Informatics for Solid-State Electrolyte Manufacturing

« Overview: Role of Artificial Intelligence and Materials Informatics at Solid Power

» Use Case 1: Ultra-Early Cell Performance Prediction and
Failure Mode Detection: 80%-90% speedup in testing and
integration

» Use Case 2: Intelligent Design of Experiments and Feedback for Knowledge-Informed Electrolyte
Manufacturing

e Conclusion
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Introduction

What are the key challenges?
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Chemo-Mechanical Coupling

. . . . ,“’ 0. 0’.‘ E
 Intercalation strain alters interfacial U Ay e g
contacts and electrochemical potentials. 4 . 7 >

> Stack pressure dependence )

Compatibility

» All solid-state batteries are very sensitive
to aggregation of constituents.

» Particle size distributions

» Electronic leakage through electrolyte

» Lithium plating/stripping-induced stress

Interfacial Stability o Y
Solid-state electrolyte (SSE) manufacturing
and characterization require a multiscale

. . understanding, because electrolyte
(Cjai;faéggg::dary U el ETE ey properties, interfacial behavior, and cell-level
\_ ) Binder ~ Si  SSE NMC errformance are tightly coupled. Y.

 Contact loss and void formation
* Local current constriction
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Overview of Materials Informatics & Modeling at Solid Power

The Materials Informatics & Modeling (MIM) division at Solid Power deploys ML and Al across three ways to domains:
(1) Progress Multipliers (acceleration), (2) Value Enhancers (optimization), & (3) Breakthrough Discovery & Innovation

(new materials and architectures).

Director of MIM

Dr. Amir Taqgieddin

Alan Filer

Materials
Informatics &
Modeling

Power

) Dr. Roja Esmaeeli

Dr. Forrest Laskowski

Domain Knowledge & Physics Grounded
ML Solutions

“ |Innovative

=
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1 Outcomes

Dr. Donghee Chang @

Business Impact? Interpretability ? Sustainable Deployment?
Tangible Actionable Transparent Physics-informed Self-Improving Low-Touch

Metrics Insights Algorithms Algorithms (Active Learning) Maintenance

@

N

Results must be relatable
to real world knobs.

Must both be measurable
and move the needle.

Models must not require
significant ongoing support.




Role of Machine Learning & Informatics
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Atoms & Structure-Process- Performance, e
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& | (= ) gineering |
- Expediting New Solid- Streamlining Early Anomaly  Improving Data Strengthen IP
R&D Loops State Electrolytes Processes & Fault Detection  |nterpretability and Valuation
« 10+ years of proprietary data, strengthened with open-source datasets: for improved robustness and transferability.
» Physics-aware Al tailored to each problem: physics-driven neural networks, ML interatomic potentials, and Bayesian optimization.
« Active learning across experiments and production: continuous improvement in predictions and decisions.
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Impact of Materials Informatics & Modeling at Solid Power

Measurable Impact by MIM at
Solid Power

Infrastructure:

(1) ATLAS: centralized data platform for rapid
correlation (~50x faster data evaluation)

(2) Custom pipelines: Al for materials discovery &
tuning

(3) SPARK-IT: Al/ML prediction platform

Innovation:

(1) 5+ patent disclosures by MIM over 18 months

on using Al/ML for ASSB.

(2) 2 journal publications (1 published and 1 under
review) + 1 public GitHub repo.

Resources: Awarded large allocation (both CPU
and GPU access) for Al/ML and informatics on
solid state electrolytes.

o

JACCESS




Impact of Materials Informatics & Modeling at Solid Power

Measurable Impact by MIM at
Solid Power

Infrastructure:

(1) ATLAS: centralized data platform for rapid
correlation (~50x faster data evaluation)

(2) Custom pipelines: Al for materials discovery &
tuning

(3) SPARK-iT: Al/ML prediction platform

Innovation:

(1) 5+ patent disclosures by MIM over 18 months

on using Al/ML for ASSB.

(2) 2 journal publications (1 published and 1 under
review) + 1 public GitHub repo.

Resources: Awarded large allocation (both CPU
and GPU access) for AI/ML and informatics on
solid state electrolytes.
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Al/ML Prediction

Platform

See What's
B Happening

_'_L Real-time dashboard
Flexible Plots

Identify Signals

wents

cxmm Data ) &
XD Analytics ..‘ SPARK-IT Less noise. More signals. Faster decisions.
I Upload data - . Solid Power Al-driven Results & Key Signals — intelligent Toolkit
—
Fetch data (o o o)

Predict
What's next
Flow direction
Reasoning

\

Learn and Control

Feedback
(/’ Report
Extract Report

Teach the Models

The core capabilities of SPARK-iT

,./ Automated EIS Fitting & Analysis

B Predictive Cell Analytics Studio

@Intelligent Design of Experiments <

Understand Outcomes

Use Case 1

Use Case 2




Use Case 1: Ultra-Early Cell Performance Prediction and Failure
Mode Detection




Ultra-Early Cell Performance Prediction & Failure Mode Detection

SPARK-IT — An early-warning and decision-support platform for cell testing

Typical Battery Testing Protocol

\4

& Days % £ Months of Experimental Data Collection

Formation Extended Cycle Life Testing \

Cell Properties

to understand how material and process earlier and decide faster?
decisions influence end-of-life (EOL) performance

_

Problem: Traditional workflows can take months ' Requirements: How can we learn



Ultra-Early Cell Performance Prediction & Failure Mode Detection

Typical Battery Testing Protocol

Months of Experimental Data Collection

< Days > €

Cell Properties

Formation Extended Cycle Life Testing

RN Months
BN

Y

How Testing Occurs with Solid Power’s New SPARK-iT Capability

< Days %

Cell Properties

Formation Predicted Behavior

. N Minutes

Causality Prediction: High overpotentials at anode yield side reactions at cycle x\

The goal is to predict ultra-early, , and support the next decision.
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Cell Performance Prediction and Failure Mode Detection

A faster workflow for cell analytics and electrolyte
manufacturing

i

>

ML Predictions
[ and Signal
Capacity AnaIyS|S
Lifetime Chargeability f Observe : Predict
: : Material Informatics &
% Modeling
S
Internal Temperature 8
Resistance Range

<Speed, Guidance, Interpretgm m‘h e ———
#1 CE Prediction Model &g

Power

We learn earlier, decide faster, and

test more efficiently

(1) Speed:
Predictions from
formation cycles
only

(2) Interpretability:

Mechanism-aware
diagnostics and
feedback

(3) Accuracy: RMSE < 5% + 85+%
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Coulombic Efficiency
e 2

0.90

BOL

MSE: 0.0001

Cycle No.

Primary failure

Probability Score

Risk Indicator

—e— Sample 6 True
~=- Sample 6 Pred

EOL

85%

5%

Soft short circuit risk

accuracy for failure mode (

+
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Interpretable Cell Performance Prediction #1 CE Prediction Model

Part 1: Data Preparation

Combined Neural Networks

) : 1) Extract Features — a) Time-series Features: data for every timestep within every
with Physics cycle which are: , Vvoltage, . capacity, and
CE model goals: Turning raw cycling data J  ©""9%
(1) X (cime Series.data) =Y (CE Profile) into model-ready signals b) Cycle-based Features: actual cycle-based data and their
(2) X(time series data) = ¥ (EOL Cycle) statistics: , Min, , variance, etc + material

— properties/processing.

Historical Data ‘

Internal data + open
) source = transferability
Data Cleaning

Extract Features I

Augmentation
. Robustness &
) generalization
Clustering

Algorithm
Training Customized for
physics interpretability
an uncertainty
Prediction quantification
+
Deployment

. Power



Interpretable Cell Performance Prediction #1 CE Prediction Model

Part 1: Data Preparation

Comblnefi Neural_ Networks 1) Extract Features — a) Time-series Features: data for every timestep within every
with Physics cycle which are: , Vvoltage, , capacity, and
: : ener
CE model goals: Turning raw cycling data J "¢
(1) X (time series data) = ¥ (CE Profile) into model-ready signals b) Cycle-based Features: actual cycle-based data and their
(2) X (time series data) = Y (EOL Cycle) statistics: , min, , variance, etc + material
— properties/processing. 0
Historical Data ‘
Internal data + open — a) Cross-validation: split data best  *
source = transferability ) )
Data Cleaning on their correlations to ensure no |
2) Clustering and overfitting or underfitting for
. — ]
Extract Features I Augmentation ?
ol
Augmentation | m ® % 4o s e 70
Robustness & — b) A tation: | ise t del h
+ S - ) Augmentation: apply noise to ensure model has proper
Clustering and robust for data variations
Before Augmentation After Augmentation
Al go rith m Hstogam o il Vaues i: Alistogram of Final Veues Histogram of Initial Values Histogram of Final Values
Training Customized for B & .
hysics interpretabili i a SN
’ yan uncerrt)ainty Y ; Spikes Hall Need more .| Smooth
Prediction quantification Sl data region
Deployment . ?

nnnnnnnnnnnnnnnnnnnnnnnn

cccccccccccccccccccc



Interpretable Cell Performance Prediction

Combined Neural Networks

with Physics

CE model goals:
(1) X(time series data) = Y (CE Profile)
(2) X(time series data) = Y (EOL Cycle)

Historical Data ‘

Internal data + open
) source = transferability
Data Cleaning

Extract Features

Augmentation
. Robustness &
) generalization
Clustering

Algorithm
Training Customized for
physics interpretability
an uncertainty
Prediction quantification
+
Deployment

Power

#1 CE Prediction Model

Part 2: Algorithm Training

Neural Network Algorithm

Time Series
Im VA TrQ
| |
Il 27 | [dQ
avt | T 9%y
o111l
CNN, LSTM, &

Attention Layers

- Cycle-based
features

Fusion routes

; '
Knowledge-based Pure datadri
library of physical ure data-driven

(nonlinearity

ion f I
degradation formula robustness)

(interpretability via

physics-fusion) J
|—> Concatenate

Quantile Prediction

Key Highlights:

 PyTorch based

« RayTune and Optuna are used for

hyperparameter optimization

» Tested the algorithm on both internal
and open source data

» Tested the algorithm on prediction of
CE, discharge capacity, and charge
capacity



Interpretable Cell Performance Prediction #1 CE Prediction Model

Combined Neural Networks Part 3: Using early-cycle data to predict later behavior

with Physics

De-scaled MSE (Val, epoch70)

CE model goals: |
(1) X(time series data) =>Y (CE Pl'OfilE) 200 5 1021 —e— Sample 32 True > 102 —e— Sample 84 True Testing data unseen
(2) X (time series data) = Y (EOL Cycle) g .| T sampleszPred | ~~- Sample 84 Pred by the model (not
0.0020 ] LI T . 2 training or validation)
Historical Data ‘ m ll:EJ 058 e E oo
Internal data + open 5 Y = "J
_ source = transferability | 2 000151 s °la 5 %1
Data Cleaning 8 E 0I5 E oos ‘
8 00010 3 .., [»+— Predicion —>| 3 [»<— Prediction
Extract Features v MSE: 0.0000 v MSE: 0.0000
0.90 T T T T 0.90 T T T T
0.0005 +
. BOL EOL BOL EOL
Augmentation Robusiness & Cycle No. Cycle No.
* . generalization 0.0000 i i , , , , : : : asmssssssgssssssssyusemsssyEEERE
Clustering o ) & D - K @ 4 @ & P P L P o P P e P P
Val Sample Index (Sorted by MSE)
Algorithm 1 , 2
Training ‘ Customized for Mean square error (MSE) = NZ((true value) — (predicted value))

physics interpretability
an uncertainty : : : :
Prediction ‘ quantification Using 70 epochs, the algorithm is trained to produced errors less than 5%

+ -
Deployment on testing data




Interpretable Cell Performance Prediction #1 CE Prediction Model

102 —e— Sample 32 True
——- Sample 32 Pred

Part 3: Using early-cycle data to predict
later behavior

o
3

°
&

Input N,

]

/

1

)
\

Combined Neural Networks

<4 Prediction =——>

The model works perfectly on predicted various degradation

‘ BOL EoL mechanisms in different cells.
Cycle No.

Coulombic Efficiency

with Physics

« ‘;;;t::”:;:“ > practied e "\:\:; “ et : mflm«

CE mOdeI goaIS: . S o 2o K F. ot e g s e
(1) X(time series data) = Y (CE Profile) ||i- i ! I I i e e
(2) X(time Series data) ﬁ Y (EOL Cycle) u:; MSE: 0.0000 | u:z mse: 00000 uE: use: 00000 Ut;:mz.o 0 | u';'m(,n_ u.z wse: o | U:.:jnsﬁfn.n | u”:m.u.n - - . -

Historical Data ‘

Internal data + open
source = transferability

Data Cleaning

Extract Features

Augmentation
R Robustness &
. generalization
Clustering

Algorithm
Training

Customized for
physics interpretability
an uncertainty
Prediction quantification
+

Deployment




Interpretable Cell Performance Prediction #1 CE Prediction Model

1.02 Sample 32 True
Sample 32 Pred

o
3

Part 3: Using early-cycle data to predict
later behavior
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Combined Neural Networks

<4 Prediction =——>

The model works perfectly on predicted various degradation
° EoL mechanisms in different cells.

Coulombic Efficiency

with Physics

Cycle No.

CE model goals:
(1) X(time series data) = Y (CE Profile)
(2) X(time series data) = Y (EOL Cycle)

MSE: 00000 S mse: 0.0000

Historical Data ‘

Internal data + open L EC N L T e $ |3
source = transferability

Data Cleaning

)
: |

) | 1] 1] g £ | e e o R e el ?| gl ) _\’\; :
H H H 3 H H - R - N NE- N £ N £
€] use: 0000 & st 00000 S st 00000 S se: 00000 S st o0 e e R el S st 00000 - - - r\ - 3=

Extract Features il Note: These cell results do not represent the average Solid Power cell behavior.

L~ i

Augmentation » Robustness & -l The model was tested on cells with various degradation mechanisms including open source

+
eneralization 7 c -
Clustering 2 [ i “ _ | | data f(?r gene(allzatlon.

Algorithm .

Training Customized for

physics interpretability

an uncertainty Sl

Prediction quantification
+
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Interpretable Cell Performance Prediction

SPARKA-IT: cell performance prediction to materials manufacturing

Combined Neural Networks

with Physics

CE model goals:

(1) X(time series data) = Y (CE Profile)
(2) X(time series data) = Y (EOL Cycle)

Historical Data ‘

Internal data + open
) source = transferability
Data Cleaning

Extract Features

Augmentation l
+
Clustering

Robustness &
generalization

Algorithm
Training Customized for
physics interpretability
an uncertainty
Prediction quantification
+
Deployment

\

Power

#1 CE Prediction Model

Part 3: Using early-cycle data to predict later behavior

Physics Contributions — Cell ID X

Weight (%)

40+

20+

B Fast interfacial conditioning (early exponential)
M Stress-driven rejuvenation (exp4)

Polymeric binder creep
B Anode saturation

Bulk ion transport stabilization (mid exponential) 1l

Mechanical fatigue losses (exp5)
Transition metal migration (poly*2)

Post-rest recovery

Late-stage contact relaxation
Interphase saturation (log term)
Micro-crack propagation (poly*3)
Localized pathway healing

Solid electrolyte pathway diffusion (powmaw)
Linear electrolyte aging

Cathode saturation plateau
Measurement/operational noise

] 20%
8%
I— 15% I
: S
I
—— I S—
B — —
EE— ST E— ———
-10% -10%
—0 6%
-11%
22% 1% 7%
T - | 1% I 24%
E— [ ] 9% ] 0%
— 2% I —
E— E— :
o . /.  Z* | -16% | 4%
1% 10% 8% |
2 I I
I
[ —
-35% . -9% EE—
_ 28% &%
e o _-,% I =
E— —_—
I
—
T T T T T T T T T
A 2 3 I8 5 [ 1 2 9 A0
Window

The EOL range is divided into small windows (above example 10 windows) to enable tracing
signals and interpret degradation mechanisms more effectively. For example, a cell with EOL of
900 cycles and 10 windows allows tracing the degradation for every 90 cycles (single window)

Window-level interpretation of degradation




Interpretable Cell Performance Prediction

Goal: identify and rank primary and secondary failure modes with physics-grounded interpretability.

ML Integration:

(1) An encoder maps experimental observables (e.g., time series data) to latent physical parameters,

(2) Physics-based simulations act as a differentiable surrogate or structured regularizer

(3) Failure modes are classified and ranked in a physically constrained latent space.
Outcome: Predictive failure diagnostics with interpretable, mechanism-aware feedback.

r Calibration —I

Experimental
Observables

Capacity

4 Cycle-based data

Time

Physics-Constrained
Encoder

i

D
2
e

T

REE 00

Map signals = latent physical
parameters with uncertainty awareness

P
Interfacial 4 Mechanical
resistance modulus

Direct link
s between
D) material
22D properties and
cell physics

Py P2

Charge-transfer Contact loss
kinetics fraction

Multiscale ASSB
Simulator-Matching

Chemo-Mechanical-Charge
transfer coupling

Void Void growth &
nucleation at dynamic coupling
interfaces with plating

Y

r T+ 4

Short circuit
events coupling

Stack pressure

Failure Classification
and Calibration

Primary failure

Probability Score

Risk Indicator

> %
Soft short circuit risk

Confidence Metric

50%

Time-to-failure
estimate

Driving Parmeter
40%

Porosity

Intelligent Experimental Feedback

Change
from CE
model 1

A physics-guided model

for classifying likely
failure modes

Failure mode model goal:
X (time series data)
=>Y/( )

Historical Data

Data Cleaning

Extract Features

Augmentation

+

Clustering

Algorithm
Training

] © 000

Prediction

+

Deployment



True Failure Mode

Interpretable Cell Performance Prediction

A physics-guided model

for classifying likely
failure modes

Confusion Matrix (% per true class) 100 Example output from SPARK-T

Key takeaways — CellIDX

¢ Mechanism: Void Growth with Kinetics Limited interplay
¢ QC: low first-cycle CE, early C/3 inefficiency, OCV drift
80 ¢ Low first-cycle CE indicates initial inefficiency

Failure mode model goal:

X (time series data)
=>Y( )

¢ CE inefficiency accumulates during early C/3 cycles Historical Data

¢ OCV drift suggests side reactions or parasitic losses

Next recommended steps — CellIDX )
60 ¢ Gentle step-up formation; limit depth-of-discharge swings 0 Data Cleanmg
o Stabilize temperature bands; monitor CE oscillations
o RPT+dQ/dV to track impedance and phase changes 0 Extract Features
¢ Refine first cycles CC/CV; confirm CE recovery by cycle 4
1 40  Extend rest windows in C/3; check CE stabilization Q Augmentation
Performance: ~85% primary Clustering
| o0 classification accuracy of failure Q Algorithm
99.2% modes Training
= Output: Ranked, human-readable =
| o failure diagnostics @ Predjction
£ RN & RO Impact: Faster and more consistent Deployment
¥ (,\@{\ B . \((\\ @ o)

e . expert decisions
Predicted Failure Mode

. Power



Ultra-Early Cell Performance Prediction & Failure Mode Detection

Typical Battery Testing Protocol

#1 CE prediction model HEg

m 1

2 |€ Days >i & Months of Experimental Data Collection >
(b} :

g 1 \

3 | Formation : Extended Cycle Life Testing \

How Testing Occurs with Solid Power’s New SPARK-IiT Capability

(D 1

< |< Days

o : I

o

§ Formation | Predicted Behavior Causality Prediction: High overpotentials at anode yield side reactions at cycle x\

~

High—accuracy Capabilities
<5% error (RMSE) 85+% accuracy on

in predicting correct assignment
. true time series of failure cause

WA Enabled by | Takeaway: SPARK-iT compresses multi-month
ADY our Unique R&D loops into mere days, allowing rapid
ASSB Data resolution of blockers for powder customers.
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Use Case 2: Intelligent Design of Experiments (DOEs) and Feedback
for Knowledge-Informed Electrolyte Manufacturing



Knowledge-Informed Electrolyte Manufacturing

Targets

Solution: Translate technical goals into
Current challenges

optimization targets

Q1: How to enable

faster, consistent, = ,

S ; rocess Variables Experimental Data
eﬁ:ICIGnt and SyStematIC .:. % gﬁggfl:ture i Sensor measurements /
eXpIoratlon Of SOI'd- x ?£+ _l;gstlst:et:d LIIIL production results
state electrolyte |

manufacturing? (1) Large Experimental Design Space: p L ¥
Sensitivity Analysis Al-Optimization Engine
Q2: Can Al-driven tools Many parameters create thousands of

N
i . Temperature Prior Likelihood / Acquisition Function
accelerate and improve pOSS|bIe eXperImentS Pressurei u&;@ o Elext(.:anditdate
Feed Rate xperimen
this process? : : -
(2) gorrppetlng Mutltlbp:? Goalts' f t d Identiﬁesmostinﬂluential ‘ Mtion S
erformance, stability, cost, safety, an B ShEis L——
. . gate model

" manufacturability must be optimized \2._ otpiocessiperiomante .
®_q together

L LS
.Qﬁ'!l

Prior Knowledge

Historical production runs

Physics models
Expert knowledge

Acquisition Value

> Posterior predictive

Iterative
Learning Loop

Optimal Manufacturing Settings

Reduced Defects
Optimal Parameter Configuration

’.,2 (| | (3) Complex Multi-Scale Relationships: L~ Maximum Yield

Processing, structure, and

performance interact across atomic to -
cell scales An AI-DOE engine that learns from

\_ , every experiment
\ VAN %

Power



Knowledge -iInformed Electrolyte Manufacturing

Iriven desi 1_3;‘.,;1\ 1 of experiments

Solution: Translate technical goals into

optimization targets

Process Variables Experimental Data Prior Knowledge
Temperature : I h
T$* Pressure -f. ° Sensor measurements / E;\st;g:ar:lgaoec::ctlon 1uns
Feed Rate : production results E Y knowled
Tool Speed ADSIt XNOWISHOC
I
v v
Sensitivity Analysis Al-Optimization Engine
Prior Likelihood / Acquisition Function
Data

& Next Candidate
Experiment

Temperature
Pressure
Feed Rate

Identifies most influential
process variables

Acquisition Value

Posterior predictive

Probabilistic surrogate model
L of process performance Y,

Design Space

Iterative
Learning Loop

Optimal Manufacturing Settings

Maximum Yield
Reduced Defects
Optimal Parameter Configuration

[/

An Al-DOE engine that learns from

every experiment

/

blatform for contro

and op

I~

timization

f

Capabilities

Smart Sampling based on

Bayesian Optimization

Sensitivity
1.
®
ol ©) @ € Sampling Density scores for
® O candidates
®
®
% 0 02 04 06 08 10
X; norm X, (norm)
(1) Smart Experiment Selection: focus on impactful
parameters
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Learning From Each Experiment: Al
recommends the next experiment
Multi-Objective Optimization: Simultaneously
optimize competing targets, e.g.: (1 lonic
conductivity, | Viscosity, | Cost, 1 Cycle life.)
Balance Exploration vs Exploitation: Unified
framework spanning materials — processing —
cell-level performance.
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Knowledge-Informed Electrolyte Manufacturing ,,

A closed-loop workflow for smarter experiments

Stage 1: Project Setup

Context

Definition
Project name
Campaign ID
Investigator

Domain
Selection

Battery / Process

’
|

Project folder initialized -

Stage 2: Design

Track A: Variables

Track B: Objectives

« Target metrics
« Direction: max/min
« Single vs Mulli-objective

« Define parameters

« Set bounds [min, max]

«+ Types: continuous/integer/categorical

« Units specified
Name Type Min Max Unit
TC num | 10|45 °C
C_rate num 02|15 C

Q\

Configuration

Builder Name  Direction

' capacity_mAh | maximize
cycle_life maximize

Stage 3: Data Quality
Check & Suggestions

432 rows 6 params 0 objectives 72.0 samples/param

Missing Data

OK No columns with >10% missing data
Constant Columns

o temperature_formation
These columns have the same value in every row — they provide no useful information.
Redundant Columns (highly correlated)

CycleCount <> number_of_cycles r=0.96
These columns move together — keeping both adds noise without new information.
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Faster decisions.

Solid Power Al-driven Results & Key Signals — intelligent Toolkit

Knowledge-driven workflow for DOE

+, = x, exp(Q)VI, CF...etc.}
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candidate columns
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experimental Feature Sure Independence  Sparsifying
descriptors Expansion No Screening (SIS)  Operator (SO)
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Stage 4: Interpretable Featurization

72

Refining

Optimization Progress

Optimized Refining Optimized

Refining Optimized

© Candidate value === Best value trend Y Predicted best (1.68)

Objective Score
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Stage 6: Analysis & Reporting
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Y Top R ded Candidates So Far
Best 3 out of 37 experiments, ranked by launch_readiness_score (highest first).
Model Discovery
y Rank
2\ I=3, T=25.7, r=4.44
[ #2 ] I1=2.05, T=31.1, r=0.655
[ #3 ] 1=2.21, T=29, r=4.61
\.

Stage 7: Expert Review

Further steps/tune? Include advance options?

Generative Data Augmentation

Transfer Learning




Knowledge-Informed Electrolyte Manufacturing

Example/Tutorial: Bayesian optimization of three process parameters for fast charging*

*This is a hypothetical example intended to illustrate the workflow and is not based on actual Solid Power data or experiments

Tutorial Setup Mapping opportunity and uncertainty in the design space

a Objective
Top Recommended Candidates So Far score
0 14 Best 3 out of 48 experiments, ranked by launch_readiness_score (highest first). 1
I n p Uts - C t = t . P Rank Paramet ters
(1 ) 1 onstraints: = [ 1 ] I=3, T=26.9, r=4.44 05
(2) T (1) T +45-1 + 025:-r < 415 D os “ [ #2 ] I=3, T=25.9, r=3.73 0
o
3 (2) 28/[ +r < 26 g_ [ 43 ] I=1.32, T=32.8, r=4.21 05
( ) r O
(&) [ N J -1
g_ + High Uncertainty Candidates — most to learn from O -1.5
'L_) 0.5 These regions have the highest model uncertainty. Running experiments here would improve
£ o > ° -
. . . - Rank Parameters °
Optlmlzer- CUStom o [ #1 ] 1=0.846, T=36.7, r=1.4 ® 25
[ " -1 = = = = =
Intelligent DOE in SPARK- 1| @ e e e s
. [ #3 ] I=1.34, T=20.4, r=0.00416 °
iT
-4 -3 -2 -1 0 1 2 3 4
1 Principal Component 1

Objective: Maximize fast charging
score function: f(I, T, r)

Power



Knowledge-Informed Electrolyte Manufacturing

Example/Tutorial: Bayesian optimization of three process parameters for fast charging*

*This is a hypothetical example intended to illustrate the workflow and is not based on actual Solid Power data or experiments

Tutorial Setup

Inputs: -
(1) 1 Constraints:
(3)r (2)28/1 + r < 26

Optimizer: Custom
Intelligent DOE in SPARK-
iT

1

Objective: Maximize fast charging
score function: f(I, T, r)

Power

Mapping opportunity and uncertainty in the design space

Principal Component 2

Model discovery capabilities o O

Rank Ritrain) RYCV) BIC Terms Equation

% Best 09914 0.9886 -1863
0.5+

#2 0.9870 0.9829 -17
#3 0.9872 09816 -1668

0.5 #4 0.9830 09778 -161

#5 0.8623 0.8466 -68.5
#6 0.8604 0.8143 -639

#1 0.8041 0.7536 -s515

Ensemble 0.9914 0.9886

Principal Component 1

Objective
score

Key Highlights:

« Scalable workflow for DOE across R&D, process engineering, and production.
» Specialized domain capabilities developed to support targeted real applications.




Conclusion & Takeaways

Power

Materials
Informatics &
Modeling

Progress Multiplication

Faster learning cycles

Value Enhancement

Performance - Reliability « Manufacturability
Support External Customers

Breakthrough Discovery

New materials & design paradigms

Al/ML must be deployed
against real, operational
technical bottlenecks to create
measurable industrial impact.

..‘ SPARK-IT Less noise. More signals. Faster decisions.

- . Solid Power Al-driven Results & Key Signals — intelligent Toolkit

Towards unified, physics-
driven, and accurate signals

(1) Reduces testing time by 80-90%
for solid-state battery evaluation
with prediction error <5%.

(2) Identifies cell failure modes with
~80% average accuracy (~85% for
primary failure mode).

(3) Provides mechanistic
interpretability, linking degradation
behavior to underlying material and
interfacial properties.

(4) Enables intelligent, closed-loop
DOE for accelerated optimization.




Thank you!

Solid Power is a solid-state battery materials company focused on solid-state electrolyte technology. We
leverage/design Al/ML/informatics tools when doing so accelerates materials discovery, process
understanding, and data-driven decision making. Our core value is advancing electrolyte materials,
manufacturing, and integration into next-generation batteries, with Al-enabled workflows supporting (not
replacing) rigorous electrochemistry, materials science, and engineering.
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