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What’s Wrong with Manual Synthetic 
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Backpropagation: We propose Differentiable 
approximations for the non-differentiable bi-level 

objective.
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• Objective is to find optimal simulator parameters as

• Eqns. (1a) and (1b) represent a bi-level optimization problem.

min
 

Lval

�
✓̂( )

�
(1a)

s.t. ✓̂( ) 2 argmin
✓

Ltrain(✓, ). (1b)
<latexit sha1_base64="RIBG6/cMBRelEaZ+E1twelrRGT0="></latexit>

Lval

�
✓̂( )

�
: validation loss

Ltrain(✓, ): training loss
✓̂( ): neural network parameters after training on data from simulator  

<latexit sha1_base64="rIPVRuPtUC8pYuAkjkKEwS7Fhr0="></latexit>
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Computing gradient of the bi-
level optimization is difficult as:

Simulator can be non-differentiable
Backpropagating through NN training is 
impracticable

We propose differentiable approximations for the non-
differentiable bi-level objective
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Lval

�
✓̂( t)

�
<latexit sha1_base64="XINY443Uzs/NHuhmSVSSSOuBLAs="></latexit>

Lval

�
✓
�

<latexit sha1_base64="8HlYCYONTWmZ5V/TezA3qy9HFfg="></latexit>

Loss
<latexit sha1_base64="VUt5IixNb/2CiT5tClb60gox278="></latexit>

Objective: Minimize                      with respect to   
<latexit sha1_base64="ECTCEuFH73FMjBYqeg3WlG7Glg4=">AAACK3icbVC7TgJBFJ31ifgCLW02gokV2cVCS6KNBQUm8khYQmaHC0yYx2ZmVkM2+xm2+gV+jZXG1v9wFigEvMlMTs65N+feE0aMauN5n87G5tb2zm5uL79/cHh0XCietLSMFYEmkUyqTog1MCqgaahh0IkUYB4yaIeTu0xvP4HSVIpHM42gx/FI0CEl2FiqWw5CngSRpmm5Xyh5FW9W7jrwF6CEFtXoF518MJAk5iAMYVjrru9FppdgZShhkOaDWEOEyQSPoGuhwBx0L5ntnLoXlhm4Q6nsE8adsX8nEsy1nvLQdnJsxnpVy8j/tG5shje9hIooNiDI3GgYM9dINwvAHVAFxLCpBZgoand1yRgrTIyNackl5PYGAc9Eco7FIND1JAChYwWZaxJkP8EsqadpatPzV7NaB61qxb+qVB+qpdrtIsccOkPn6BL56BrV0D1qoCYiSKIX9IrenHfnw/lyvuetG85i5hQtlfPzC7utqDw=</latexit>

Lval

�
✓̂( )

�
<latexit sha1_base64="v2e/Y6HLrfHDJwm7QVAudZHHhXE="></latexit>

✓̂( t)
<latexit sha1_base64="9Xetd0vMYTpxVhLG+2OEFWYu1lE="></latexit> ✓

<latexit sha1_base64="setT0eX0RP/gRfShGJYzUkqd+pc="></latexit>
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Lval

�
✓̂( t)

�
<latexit sha1_base64="XINY443Uzs/NHuhmSVSSSOuBLAs="></latexit>

Lval

�
✓
�

<latexit sha1_base64="8HlYCYONTWmZ5V/TezA3qy9HFfg="></latexit>

Loss
<latexit sha1_base64="VUt5IixNb/2CiT5tClb60gox278="></latexit>

Objective: Minimize                      with respect to   
<latexit sha1_base64="ECTCEuFH73FMjBYqeg3WlG7Glg4=">AAACK3icbVC7TgJBFJ31ifgCLW02gokV2cVCS6KNBQUm8khYQmaHC0yYx2ZmVkM2+xm2+gV+jZXG1v9wFigEvMlMTs65N+feE0aMauN5n87G5tb2zm5uL79/cHh0XCietLSMFYEmkUyqTog1MCqgaahh0IkUYB4yaIeTu0xvP4HSVIpHM42gx/FI0CEl2FiqWw5CngSRpmm5Xyh5FW9W7jrwF6CEFtXoF518MJAk5iAMYVjrru9FppdgZShhkOaDWEOEyQSPoGuhwBx0L5ntnLoXlhm4Q6nsE8adsX8nEsy1nvLQdnJsxnpVy8j/tG5shje9hIooNiDI3GgYM9dINwvAHVAFxLCpBZgoand1yRgrTIyNackl5PYGAc9Eco7FIND1JAChYwWZaxJkP8EsqadpatPzV7NaB61qxb+qVB+qpdrtIsccOkPn6BL56BrV0D1qoCYiSKIX9IrenHfnw/lyvuetG85i5hQtlfPzC7utqDw=</latexit>

Lval

�
✓̂( )

�
<latexit sha1_base64="v2e/Y6HLrfHDJwm7QVAudZHHhXE="></latexit>

✓̂( t)
<latexit sha1_base64="9Xetd0vMYTpxVhLG+2OEFWYu1lE="></latexit> ✓

<latexit sha1_base64="setT0eX0RP/gRfShGJYzUkqd+pc="></latexit>
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Lval

�
✓̂( t)

�
<latexit sha1_base64="XINY443Uzs/NHuhmSVSSSOuBLAs="></latexit>

Lval

�
✓̂( t +� )

�
<latexit sha1_base64="sfDBWlonq8VaKaL/h1tZoeVNy54="></latexit>

Lval

�
✓
�

<latexit sha1_base64="8HlYCYONTWmZ5V/TezA3qy9HFfg="></latexit>

Loss
<latexit sha1_base64="VUt5IixNb/2CiT5tClb60gox278="></latexit>

Objective: Minimize                      with respect to   
<latexit sha1_base64="ECTCEuFH73FMjBYqeg3WlG7Glg4=">AAACK3icbVC7TgJBFJ31ifgCLW02gokV2cVCS6KNBQUm8khYQmaHC0yYx2ZmVkM2+xm2+gV+jZXG1v9wFigEvMlMTs65N+feE0aMauN5n87G5tb2zm5uL79/cHh0XCietLSMFYEmkUyqTog1MCqgaahh0IkUYB4yaIeTu0xvP4HSVIpHM42gx/FI0CEl2FiqWw5CngSRpmm5Xyh5FW9W7jrwF6CEFtXoF518MJAk5iAMYVjrru9FppdgZShhkOaDWEOEyQSPoGuhwBx0L5ntnLoXlhm4Q6nsE8adsX8nEsy1nvLQdnJsxnpVy8j/tG5shje9hIooNiDI3GgYM9dINwvAHVAFxLCpBZgoand1yRgrTIyNackl5PYGAc9Eco7FIND1JAChYwWZaxJkP8EsqadpatPzV7NaB61qxb+qVB+qpdrtIsccOkPn6BL56BrV0D1qoCYiSKIX9IrenHfnw/lyvuetG85i5hQtlfPzC7utqDw=</latexit>

Lval

�
✓̂( )

�
<latexit sha1_base64="v2e/Y6HLrfHDJwm7QVAudZHHhXE="></latexit>

✓̂( t)
<latexit sha1_base64="9Xetd0vMYTpxVhLG+2OEFWYu1lE="></latexit>

✓̂( t +� )
<latexit sha1_base64="Kq38m28eqeXGsCkRaawZa+bcH+k="></latexit> ✓

<latexit sha1_base64="setT0eX0RP/gRfShGJYzUkqd+pc="></latexit>

Lval

�
✓̂( t +� )

�
= Lval

�
✓̂( t)

�
+�✓̂ 

dLval

�
✓̂( t)

�

d✓̂( t)
(2)

<latexit sha1_base64="9QehIOmpY8egMcdBoFOiFwn9gQI="></latexit>
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Lval

�
✓̂( t)

�
<latexit sha1_base64="XINY443Uzs/NHuhmSVSSSOuBLAs="></latexit>

Lval

�
✓̂( t +� )

�
<latexit sha1_base64="sfDBWlonq8VaKaL/h1tZoeVNy54="></latexit>

Lval

�
✓
�

<latexit sha1_base64="8HlYCYONTWmZ5V/TezA3qy9HFfg="></latexit>

Loss
<latexit sha1_base64="VUt5IixNb/2CiT5tClb60gox278="></latexit>

Objective: Minimize                      with respect to   
<latexit sha1_base64="ECTCEuFH73FMjBYqeg3WlG7Glg4=">AAACK3icbVC7TgJBFJ31ifgCLW02gokV2cVCS6KNBQUm8khYQmaHC0yYx2ZmVkM2+xm2+gV+jZXG1v9wFigEvMlMTs65N+feE0aMauN5n87G5tb2zm5uL79/cHh0XCietLSMFYEmkUyqTog1MCqgaahh0IkUYB4yaIeTu0xvP4HSVIpHM42gx/FI0CEl2FiqWw5CngSRpmm5Xyh5FW9W7jrwF6CEFtXoF518MJAk5iAMYVjrru9FppdgZShhkOaDWEOEyQSPoGuhwBx0L5ntnLoXlhm4Q6nsE8adsX8nEsy1nvLQdnJsxnpVy8j/tG5shje9hIooNiDI3GgYM9dINwvAHVAFxLCpBZgoand1yRgrTIyNackl5PYGAc9Eco7FIND1JAChYwWZaxJkP8EsqadpatPzV7NaB61qxb+qVB+qpdrtIsccOkPn6BL56BrV0D1qoCYiSKIX9IrenHfnw/lyvuetG85i5hQtlfPzC7utqDw=</latexit>

Lval

�
✓̂( )

�
<latexit sha1_base64="v2e/Y6HLrfHDJwm7QVAudZHHhXE="></latexit>

�✓̂ = � d✓̂( t)
d ⇡ ✓̂( t + d )� ✓̂( t)

<latexit sha1_base64="zZ6bn/KBRpePcToZLkXFuhw+2so="></latexit>

✓̂( t)
<latexit sha1_base64="9Xetd0vMYTpxVhLG+2OEFWYu1lE="></latexit>

✓̂( t +� )
<latexit sha1_base64="Kq38m28eqeXGsCkRaawZa+bcH+k="></latexit> ✓

<latexit sha1_base64="setT0eX0RP/gRfShGJYzUkqd+pc="></latexit>

where

Lval

�
✓̂( t +� )

�
= Lval

�
✓̂( t)

�
+�✓̂ 

dLval

�
✓̂( t)

�

d✓̂( t)
(2)

<latexit sha1_base64="9QehIOmpY8egMcdBoFOiFwn9gQI="></latexit>
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Lval

�
✓̂( t)

�
<latexit sha1_base64="XINY443Uzs/NHuhmSVSSSOuBLAs="></latexit>

Lval

�
✓̂( t +� )

�
<latexit sha1_base64="sfDBWlonq8VaKaL/h1tZoeVNy54="></latexit>

Lval

�
✓
�

<latexit sha1_base64="8HlYCYONTWmZ5V/TezA3qy9HFfg="></latexit>

Loss
<latexit sha1_base64="VUt5IixNb/2CiT5tClb60gox278="></latexit>

Objective: Minimize                      with respect to   
<latexit sha1_base64="ECTCEuFH73FMjBYqeg3WlG7Glg4=">AAACK3icbVC7TgJBFJ31ifgCLW02gokV2cVCS6KNBQUm8khYQmaHC0yYx2ZmVkM2+xm2+gV+jZXG1v9wFigEvMlMTs65N+feE0aMauN5n87G5tb2zm5uL79/cHh0XCietLSMFYEmkUyqTog1MCqgaahh0IkUYB4yaIeTu0xvP4HSVIpHM42gx/FI0CEl2FiqWw5CngSRpmm5Xyh5FW9W7jrwF6CEFtXoF518MJAk5iAMYVjrru9FppdgZShhkOaDWEOEyQSPoGuhwBx0L5ntnLoXlhm4Q6nsE8adsX8nEsy1nvLQdnJsxnpVy8j/tG5shje9hIooNiDI3GgYM9dINwvAHVAFxLCpBZgoand1yRgrTIyNackl5PYGAc9Eco7FIND1JAChYwWZaxJkP8EsqadpatPzV7NaB61qxb+qVB+qpdrtIsccOkPn6BL56BrV0D1qoCYiSKIX9IrenHfnw/lyvuetG85i5hQtlfPzC7utqDw=</latexit>

Lval

�
✓̂( )

�
<latexit sha1_base64="v2e/Y6HLrfHDJwm7QVAudZHHhXE="></latexit>

�✓̂ = � d✓̂( t)
d ⇡ ✓̂( t + d )� ✓̂( t)

<latexit sha1_base64="zZ6bn/KBRpePcToZLkXFuhw+2so="></latexit>

✓̂( t)
<latexit sha1_base64="9Xetd0vMYTpxVhLG+2OEFWYu1lE="></latexit>

✓̂( t +� )
<latexit sha1_base64="Kq38m28eqeXGsCkRaawZa+bcH+k="></latexit> ✓

<latexit sha1_base64="setT0eX0RP/gRfShGJYzUkqd+pc="></latexit>

where

How to find?

Lval

�
✓̂( t +� )

�
= Lval

�
✓̂( t)

�
+�✓̂ 

dLval

�
✓̂( t)

�

d✓̂( t)
(2)

<latexit sha1_base64="9QehIOmpY8egMcdBoFOiFwn9gQI="></latexit>
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Lval

�
✓̂( t)

�
<latexit sha1_base64="XINY443Uzs/NHuhmSVSSSOuBLAs="></latexit>

Lval

�
✓̂( t +� )

�
<latexit sha1_base64="sfDBWlonq8VaKaL/h1tZoeVNy54="></latexit>

Lval

�
✓
�

<latexit sha1_base64="8HlYCYONTWmZ5V/TezA3qy9HFfg="></latexit>

Loss
<latexit sha1_base64="VUt5IixNb/2CiT5tClb60gox278="></latexit>

Objective: Minimize                      with respect to   
<latexit sha1_base64="ECTCEuFH73FMjBYqeg3WlG7Glg4=">AAACK3icbVC7TgJBFJ31ifgCLW02gokV2cVCS6KNBQUm8khYQmaHC0yYx2ZmVkM2+xm2+gV+jZXG1v9wFigEvMlMTs65N+feE0aMauN5n87G5tb2zm5uL79/cHh0XCietLSMFYEmkUyqTog1MCqgaahh0IkUYB4yaIeTu0xvP4HSVIpHM42gx/FI0CEl2FiqWw5CngSRpmm5Xyh5FW9W7jrwF6CEFtXoF518MJAk5iAMYVjrru9FppdgZShhkOaDWEOEyQSPoGuhwBx0L5ntnLoXlhm4Q6nsE8adsX8nEsy1nvLQdnJsxnpVy8j/tG5shje9hIooNiDI3GgYM9dINwvAHVAFxLCpBZgoand1yRgrTIyNackl5PYGAc9Eco7FIND1JAChYwWZaxJkP8EsqadpatPzV7NaB61qxb+qVB+qpdrtIsccOkPn6BL56BrV0D1qoCYiSKIX9IrenHfnw/lyvuetG85i5hQtlfPzC7utqDw=</latexit>

Lval

�
✓̂( )

�
<latexit sha1_base64="v2e/Y6HLrfHDJwm7QVAudZHHhXE="></latexit>

�✓̂ = � d✓̂( t)
d ⇡ ✓̂( t + d )� ✓̂( t)

<latexit sha1_base64="zZ6bn/KBRpePcToZLkXFuhw+2so="></latexit>

✓̂( t)
<latexit sha1_base64="9Xetd0vMYTpxVhLG+2OEFWYu1lE="></latexit>

✓̂( t +� )
<latexit sha1_base64="Kq38m28eqeXGsCkRaawZa+bcH+k="></latexit> ✓

<latexit sha1_base64="setT0eX0RP/gRfShGJYzUkqd+pc="></latexit>

where

How to find?

Lval

�
✓̂( t +� )

�
= Lval

�
✓̂( t)

�
+�✓̂ 

dLval

�
✓̂( t)

�

d✓̂( t)
(2)

<latexit sha1_base64="9QehIOmpY8egMcdBoFOiFwn9gQI="></latexit>
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Lval

�
✓̂( t)

�
<latexit sha1_base64="XINY443Uzs/NHuhmSVSSSOuBLAs="></latexit>

Lval

�
✓̂( t +� )

�
<latexit sha1_base64="sfDBWlonq8VaKaL/h1tZoeVNy54="></latexit>

Lval

�
✓
�

<latexit sha1_base64="8HlYCYONTWmZ5V/TezA3qy9HFfg="></latexit>

Loss
<latexit sha1_base64="VUt5IixNb/2CiT5tClb60gox278="></latexit>

Find: �✓̂ ⇡ ✓̂( t + d )� ✓̂( t)
<latexit sha1_base64="X1C1niH3QjKbFcf0HhU47m0XnB0="></latexit>

✓̂( t)
<latexit sha1_base64="9Xetd0vMYTpxVhLG+2OEFWYu1lE="></latexit>

✓̂( t +� )
<latexit sha1_base64="Kq38m28eqeXGsCkRaawZa+bcH+k="></latexit> ✓

<latexit sha1_base64="setT0eX0RP/gRfShGJYzUkqd+pc="></latexit>
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Lval

�
✓̂( t)

�
<latexit sha1_base64="XINY443Uzs/NHuhmSVSSSOuBLAs="></latexit>

✓̂( t)
<latexit sha1_base64="9Xetd0vMYTpxVhLG+2OEFWYu1lE="></latexit>

Lval

�
✓̂( t +� )

�
<latexit sha1_base64="sfDBWlonq8VaKaL/h1tZoeVNy54="></latexit>

✓̂( t +� )
<latexit sha1_base64="Kq38m28eqeXGsCkRaawZa+bcH+k="></latexit>

Lval

�
✓
�

<latexit sha1_base64="8HlYCYONTWmZ5V/TezA3qy9HFfg="></latexit>

✓
<latexit sha1_base64="setT0eX0RP/gRfShGJYzUkqd+pc="></latexit>

Loss
<latexit sha1_base64="VUt5IixNb/2CiT5tClb60gox278="></latexit>

Find: �✓̂ ⇡ ✓̂( t + d )� ✓̂( t)
<latexit sha1_base64="X1C1niH3QjKbFcf0HhU47m0XnB0="></latexit>

Ltrain(✓, t)
<latexit sha1_base64="cVbCZqv0zJqVIUoYtf8D70dsC6U="></latexit>

✓̂( t) = argmin✓ Ltrain(✓, t)
<latexit sha1_base64="tFY1WAWca3P4y8xH+w5twKj/dMM="></latexit>
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Lval

�
✓̂( t)

�
<latexit sha1_base64="XINY443Uzs/NHuhmSVSSSOuBLAs="></latexit>

✓̂( t)
<latexit sha1_base64="9Xetd0vMYTpxVhLG+2OEFWYu1lE="></latexit>

Lval

�
✓̂( t +� )

�
<latexit sha1_base64="sfDBWlonq8VaKaL/h1tZoeVNy54="></latexit>

✓̂( t +� )
<latexit sha1_base64="Kq38m28eqeXGsCkRaawZa+bcH+k="></latexit>

Lval

�
✓
�

<latexit sha1_base64="8HlYCYONTWmZ5V/TezA3qy9HFfg="></latexit>

✓
<latexit sha1_base64="setT0eX0RP/gRfShGJYzUkqd+pc="></latexit>

Loss
<latexit sha1_base64="VUt5IixNb/2CiT5tClb60gox278="></latexit>

Find: �✓̂ ⇡ ✓̂( t + d )� ✓̂( t)
<latexit sha1_base64="X1C1niH3QjKbFcf0HhU47m0XnB0="></latexit>

Ltrain(✓, t)
<latexit sha1_base64="cVbCZqv0zJqVIUoYtf8D70dsC6U="></latexit>

Ltrain(✓, t +� )
<latexit sha1_base64="nG9oDBMsC/IV93dLRUFhPnJ7i7c="></latexit>

✓̂( t) = argmin✓ Ltrain(✓, t)
<latexit sha1_base64="tFY1WAWca3P4y8xH+w5twKj/dMM="></latexit>

✓̂( t +� ) = argmin✓ Ltrain(✓, t +� )
<latexit sha1_base64="997hKRMzbdxPUezbcmhqKQeO8Ww="></latexit>
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Lval

�
✓̂( t)

�
<latexit sha1_base64="XINY443Uzs/NHuhmSVSSSOuBLAs="></latexit>

✓̂( t)
<latexit sha1_base64="9Xetd0vMYTpxVhLG+2OEFWYu1lE="></latexit>

Lval

�
✓̂( t +� )

�
<latexit sha1_base64="sfDBWlonq8VaKaL/h1tZoeVNy54="></latexit>

✓̂( t +� )
<latexit sha1_base64="Kq38m28eqeXGsCkRaawZa+bcH+k="></latexit>

Lval

�
✓
�

<latexit sha1_base64="8HlYCYONTWmZ5V/TezA3qy9HFfg="></latexit>

✓
<latexit sha1_base64="setT0eX0RP/gRfShGJYzUkqd+pc="></latexit>

Loss
<latexit sha1_base64="VUt5IixNb/2CiT5tClb60gox278="></latexit>

Find: �✓̂ ⇡ ✓̂( t + d )� ✓̂( t)
<latexit sha1_base64="X1C1niH3QjKbFcf0HhU47m0XnB0="></latexit>

Ltrain(✓, t)
<latexit sha1_base64="cVbCZqv0zJqVIUoYtf8D70dsC6U="></latexit>

Ltrain(✓, t +� )
<latexit sha1_base64="nG9oDBMsC/IV93dLRUFhPnJ7i7c="></latexit>

Ltrain

�
✓̂( t) +�✓, t +� 

�
= Ltrain

�
✓̂( t), t +� 

�

+�✓>
@

@✓
Ltrain

�
✓̂( t), t +� 

�

+
1

2
�✓>H

�
✓̂( t), t +� 

�
�✓ + ...

<latexit sha1_base64="VC1nntWDS8s2wC4nTnwq3W1JRtA="></latexit>
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Lval

�
✓̂( t)

�
<latexit sha1_base64="XINY443Uzs/NHuhmSVSSSOuBLAs="></latexit>

✓̂( t)
<latexit sha1_base64="9Xetd0vMYTpxVhLG+2OEFWYu1lE="></latexit>

Lval

�
✓̂( t +� )

�
<latexit sha1_base64="sfDBWlonq8VaKaL/h1tZoeVNy54="></latexit>

✓̂( t +� )
<latexit sha1_base64="Kq38m28eqeXGsCkRaawZa+bcH+k="></latexit>

Lval

�
✓
�

<latexit sha1_base64="8HlYCYONTWmZ5V/TezA3qy9HFfg="></latexit>

✓
<latexit sha1_base64="setT0eX0RP/gRfShGJYzUkqd+pc="></latexit>

Loss
<latexit sha1_base64="VUt5IixNb/2CiT5tClb60gox278="></latexit>

Find: �✓̂ ⇡ ✓̂( t + d )� ✓̂( t)
<latexit sha1_base64="X1C1niH3QjKbFcf0HhU47m0XnB0="></latexit>

Ltrain(✓, t)
<latexit sha1_base64="cVbCZqv0zJqVIUoYtf8D70dsC6U="></latexit>

Ltrain(✓, t +� )
<latexit sha1_base64="nG9oDBMsC/IV93dLRUFhPnJ7i7c="></latexit>

�✓̂ ⇡ argmin
�✓

⇣
Ltrain

�
✓̂( t) +�✓, t +� 

�⌘

= �H
�
✓̂( t), t +� 

��1 @Ltrain

�
✓̂( t), t +� 

�

@✓
<latexit sha1_base64="p/s/nzDQiVUYRM3lzBl8xtL67So="></latexit>
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Lval

�
✓̂( t)

�
<latexit sha1_base64="XINY443Uzs/NHuhmSVSSSOuBLAs="></latexit>

✓̂( t)
<latexit sha1_base64="9Xetd0vMYTpxVhLG+2OEFWYu1lE="></latexit>

Lval

�
✓̂( t +� )

�
<latexit sha1_base64="sfDBWlonq8VaKaL/h1tZoeVNy54="></latexit>

✓̂( t +� )
<latexit sha1_base64="Kq38m28eqeXGsCkRaawZa+bcH+k="></latexit>

Lval

�
✓
�

<latexit sha1_base64="8HlYCYONTWmZ5V/TezA3qy9HFfg="></latexit>

✓
<latexit sha1_base64="setT0eX0RP/gRfShGJYzUkqd+pc="></latexit>

Loss
<latexit sha1_base64="VUt5IixNb/2CiT5tClb60gox278="></latexit>

Find: �✓̂ ⇡ ✓̂( t + d )� ✓̂( t)
<latexit sha1_base64="X1C1niH3QjKbFcf0HhU47m0XnB0="></latexit>

Ltrain(✓, t)
<latexit sha1_base64="cVbCZqv0zJqVIUoYtf8D70dsC6U="></latexit>

Ltrain(✓, t +� )
<latexit sha1_base64="nG9oDBMsC/IV93dLRUFhPnJ7i7c="></latexit>

�✓̂ ⇡ argmin
�✓

⇣
Ltrain

�
✓̂( t) +�✓, t +� 

�⌘

= �H
�
✓̂( t), t +� 

��1 @Ltrain

�
✓̂( t), t +� 

�

@✓
<latexit sha1_base64="p/s/nzDQiVUYRM3lzBl8xtL67So="></latexit>

Putting back into Eq.2
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Differentiable Approximation:

eLval

�
✓̂( t +� )

�
= Lval

�
✓̂( t)

�
�

@Ltrain

�
✓̂( t), t +� 

�

@✓

>

H
�
✓̂( t), t +� 

��1 dLval

�
✓̂( t)

�

d✓
<latexit sha1_base64="cDX7S29jXP+plEGxvBCXzdCdY9M="></latexit>
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Differentiable Approximation:

eLval

�
✓̂( t +� )

�
= Lval

�
✓̂( t)

�
�

@Ltrain

�
✓̂( t), t +� 

�

@✓

>

H
�
✓̂( t), t +� 

��1 dLval

�
✓̂( t)

�

d✓
<latexit sha1_base64="cDX7S29jXP+plEGxvBCXzdCdY9M="></latexit>

) eLval

�
✓̂( )

�
= Lval

�
✓̂( t)

�
�

@Ltrain

�
✓̂( t), 

�

@✓

>

H
�
✓̂( t), 

��1 dLval

�
✓̂( t)

�

d✓
<latexit sha1_base64="kk5BB4fbrvDoLLT80hmw4GHPLxU="></latexit>
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Differentiable Approximation:

Derivative:

eLval

�
✓̂( )

�
= Lval

�
✓̂( t)

�
�

@Ltrain

�
✓̂( t), 

�

@✓

>

H
�
✓̂( t), 

��1 dLval

�
✓̂( t)

�

d✓
<latexit sha1_base64="tOWiFBFB9QpmUzbL2j75C/7GL1U="></latexit>

@ eLval

�
✓̂( )

�

@ 

����
 = t

= � @

@ 


@Ltrain

�
✓̂( t), 

�

@✓

>�����
 = t

H
�
✓̂( t), 

��1 dLval

�
✓̂( t)

�

d✓
<latexit sha1_base64="oxv60KrwrpfGvHjMVwda2egfh2c="></latexit>
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Derivative:

@ eLval

�
✓̂( )

�

@ 

����
 = t

= � @

@ 


@Ltrain

�
✓̂( t), 

�

@✓

>�����
 = t

H
�
✓̂( t), 

��1 dLval

�
✓̂( t)

�

d✓
<latexit sha1_base64="oxv60KrwrpfGvHjMVwda2egfh2c="></latexit>

How to find?



Stochastic Simulator
• The term requires backpropagation through 
the dataset generation.

•We assume a stochastic simulator that 
involves a deterministic renderer. 

•We make the stochasticity in the process 
explicit by separating the stochastic part of the 
simulator from the deterministic rendering.

29

@
@ 


@Ltrain

�
✓̂( t), 

�

@✓

>�
= @

@ E⇣⇠p 

h
@
@✓ l

�
⇣, ✓̂( t)

�i

<latexit sha1_base64="swhPK0lgd8cYlcap5ifZQpyYbYM="></latexit>



Stochastic Simulator

30

Given the deterministic renderer component ⇣ = r(s), we would like to find
the optimal values of simulator parameters  that parameterize s ⇠ q (s)
representing the stochastic component, expressing the overall simulator as ⇣ ⇠
p (⇣).

<latexit sha1_base64="f6edvRCEa1q6/Y/OheGJm2FjJi0="></latexit>

p (⇣) =

Z

s2{s|r(s)=⇣}
q (s)ds

<latexit sha1_base64="Ddte3wYyaXSOL7yWK0VoubmuwWo="></latexit>
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Derivative:

@ eLval

�
✓̂( )

�
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����
 = t

= � @
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
@Ltrain

�
✓̂( t), 

�

@✓

>�����
 = t

H
�
✓̂( t), 

��1 dLval

�
✓̂( t)

�

d✓
<latexit sha1_base64="oxv60KrwrpfGvHjMVwda2egfh2c="></latexit>

How to find? How to find?
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Derivative:

@ eLval

�
✓̂( )

�

@ 

����
 = t

= � @

@ 


@Ltrain

�
✓̂( t), 

�

@✓

>�����
 = t

H
�
✓̂( t), 

��1 dLval

�
✓̂( t)

�

d✓
<latexit sha1_base64="oxv60KrwrpfGvHjMVwda2egfh2c="></latexit>

How to find? How to find?See paper for more details



Approximations for 
• Earlier we proposed a quadratic approximation.

• To further reduce the compute overhead, we propose more approximations.

33

�✓̂ 
<latexit sha1_base64="s4Enl5h/GT124Dp6Odsz6B/HQYA=">AAACEXicbVC7TgJREL2LL8QXamVsNoKJFdnFQkuiFpaYCJKwhMxeBrjh7iP3zpqQDfEj/AZbre2MrV9g6Z94eRQCnmSSk3NmMjPHj6XQ5DjfVmZldW19I7uZ29re2d3L7x/UdZQojjUeyUg1fNAoRYg1EiSxESuEwJf44A+ux/7DIyotovCehjG2AuiFois4kJHa+aOid4OSwOsDedRHgnbqxVqMiu18wSk5E9jLxJ2RApuh2s7/eJ2IJwGGxCVo3XSdmFopKBJc4ijnJRpj4APoYdPQEALUrXTywsg+NUrH7kbKVEj2RP07kUKg9TDwTWcA1NeL3lj8z2sm1L1spSKME8KQTxd1E2lTZI/zsDtCISc5NAS4EuZWm/dBASeT2twWPxiZTNzFBJZJvVxyz0vlu3KhcjVLJ8uO2Qk7Yy67YBV2y6qsxjh7Yi/slb1Zz9a79WF9Tlsz1mzmkM3B+voFTbed1Q==</latexit>
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Derivative:

@ eLval

�
✓̂( )

�

@ 

����
 = t

= � @

@ 


@Ltrain

�
✓̂( t), 

�

@✓

>�����
 = t

H
�
✓̂( t), 

��1 dLval

�
✓̂( t)

�

d✓
<latexit sha1_base64="oxv60KrwrpfGvHjMVwda2egfh2c="></latexit>

Optimizing Simulator:

 t+1   t � ↵
@ eLval

�
✓̂( )

�

@ 

����
 = t

<latexit sha1_base64="a7o+UDKHGk5qpAYJkPieU16aBSo="></latexit>



Algorithm: AutoSimulate
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Experiments
• Optimizing photorealistic Arnold renderer (non-differentiable)

• For object detection on real-world dataset LM-O (with 12 classes)
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Results: Faster

50x
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Results: More Accurate (mAP)

+8.5%
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Results: Requires Lesser Data
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Real World Object Detection
• We run each method for a 1,000 epochs 

• Val. mAP: maximum validation mAP, Test mAP: test mAP.

• Images and Time: number of images generated and time spent to reach maximum validation 
mAP. 
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Results: Object Detections
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Ablation: Generalization
• In this ablation, we study whether a simulator trained on a shallow network generalizes to a 
deeper network. 

• Simulator was trained on Yolo and tested on Faster-rcnn.
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Ablation: Effect of Freezing Layers
• It is a common practise to train on synthetic data with the initial layers of the network frozen 
and trained on real data. 

•We see the relative performance of different simulator optimization methods under this 
scenario
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Ablation: Effect of Network Size
•We first examine the effect of network depth on simulator training 

• Our method is even faster in optimizing smaller networks.
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Thank You
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