
 = sample( ); .....;  = sample( ) 
 =  

observe( , ) 
..... 
 =  

observe( , ) 
return ( , ....., )
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A Compiler from Stan to NumPyro [PLDI 2021] 

Theorem: For all Stan program , the semantics of the source and 
the compiled programs are equal up to a constant: 
 
                           


 

Experimental Validation

Comparison NumPyro NUTS with Stan NUTS 
No impact on accuracy 
Significant speedup on some models (JAX) 

Is it true for other inference methods, e.g., variational inference?

p

{[p]}D ∝ {[𝒞(p)]}D

Automatic Guide Generation for Stan via NumPyro 
 

Guillaume Baudart     Louis Mandel  
        Inria, ENS           IBM Research

qϕ(z |x)

p(z |x)

qϕ*(z |x)

Variational Inference 
Basics


Guide: define a family of distributions 
Inference: find the closest member to the true posterior distribution 

 

Crafting Guides

Manual: complex and error prone 
Synthesized: how? accuracy? 

Stan ADVI [Kucukelbir et al. 2015]

Meanfield: fully factorized Gaussian 
Fullrank: Gaussian with a full-rank covariance  

qθ*(z) = argmin
θ∈Θ

KL(qθ(z) | | p(z ∣ θ))

parameters { ; ..... ; } 
model { 
   = ; 
   ~ ; 
  ..... 
   = ; 
   ~ ; 
}

x1 xn

y1 e1

e′ 1 D1

ym em

e′ m Dm
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parameters {

real cluster; real theta; }

model {

real mu;

cluster ~ normal(0, 1);

if (cluster > 0) mu = 20;

else mu = 0;

theta ~ normal(mu, 1); }

Fig. 1. Multimodal example in Stan, and graph of expected posterior distribution and histograms of the
inferred posterior distributions using Stan NUTS and Stan ADVI with the mean-field and full-rank algorithms.

We recently proposed new backends for the Stanc3 Compiler to Pyro and NumPyro1 and showed
how to extend Stan with support for explicit variational guides [Baudart et al. 2021]. In this paper,
we show that our compiler and runtime can be used to test NumPyro autoguides on Stan models,
and evaluate our approach on PosteriorDB a database of Stan models with corresponding data, and
reference posterior samples [Vehtari and Magnusson 2020].

2 EXAMPLE
Themultimodal example shown in Figure 1 is a mixture of two Gaussian distributions with di�erent
means but identical variances. This example is particularly challenging for NUTS. Using multiple
chains, NUTS �nds the two modes, but the chains do not mix and the relative densities are incorrect.
This is a known limitation of HMC.2 This model is also challenging for Stan’s ADVI since the
synthesized guide cannot approximate multi-modal distribution as illustrated in the histograms of
Figure 1 (by default, the runtime detects that ADVI does not converge and throws an exception).

Using our compiler from Stan to NumPyro we can try Pyro autoguides on the same example.
The following code illustrates our runtime.

1 from stannumpyro import NumPyroModel

2 import numpyro.infer.autoguide as autoguide

3 from numpyro.infer import Trace_ELBO

4 from numpyro.optim import Adam

5 from jax.random import PRNGKey

6

7 numpyro_model = NumPyroModel(�multimodal.stan�)

8 guide = autoguide.AutoBNAFNormal(numpyro_model.get_model())

9 svi = numpyro_model.svi(Adam(step_size=0.0005), Trace_ELBO(), guide)

10 svi.run(PRNGKey(0), {}, num_steps=10000, num_samples=10000)

The �le multimodal.stan contains the Stan program of Figure 1. From this �le, we create a
NumPyroModel object which compiles the model and loads the NumPyro code (line 7). We then
synthesize a guide for the model using the AutoBNAFNormal heuristic (line 8). Following NumPyro’s
API, to launch the inference, we �rst create a SVI object from an optimizer (Adam), a loss function
(Trace_ELBO), and the guide (line 9). Given a random seed PRNGKEY(0), and the input data (here
an empty dictionary since the model has no data block), the runmethod �rst computes num_steps
optimization steps and then draws num_samples samples from the posterior distribution (line 10).
1
https://github.com/deepppl/stanc3

2
https://mc-stan.org/users/documentation/case-studies/identifying_mixture_models.html
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parameters {

real cluster; real theta; }

model {

real mu;

cluster ~ normal(0, 1);

if (cluster > 0) mu = 20;

else mu = 0;

theta ~ normal(mu, 1); }
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Fig. 1. Multimodal example in Stan, and graph of expected posterior distribution and histograms of the
inferred posterior distributions using Stan NUTS and Stan ADVI with the mean-field and full-rank algorithms.

We recently proposed new backends for the Stanc3 Compiler to Pyro and NumPyro1 and showed
how to extend Stan with support for explicit variational guides [Baudart et al. 2021]. In this paper,
we show that our compiler and runtime can be used to test NumPyro autoguides on Stan models,
and evaluate our approach on PosteriorDB a database of Stan models with corresponding data, and
reference posterior samples [Vehtari and Magnusson 2020].

2 EXAMPLE
Themultimodal example shown in Figure 1 is a mixture of two Gaussian distributions with di�erent
means but identical variances. This example is particularly challenging for NUTS. Using multiple
chains, NUTS �nds the two modes, but the chains do not mix and the relative densities are incorrect.
This is a known limitation of HMC.2 This model is also challenging for Stan’s ADVI since the
synthesized guide cannot approximate multi-modal distribution as illustrated in the histograms of
Figure 1 (by default, the runtime detects that ADVI does not converge and throws an exception).

Using our compiler from Stan to NumPyro we can try Pyro autoguides on the same example.
The following code illustrates our runtime.

1 from stannumpyro import NumPyroModel

2 import numpyro.infer.autoguide as autoguide

3 from numpyro.infer import Trace_ELBO

4 from numpyro.optim import Adam

5 from jax.random import PRNGKey

6

7 numpyro_model = NumPyroModel(�multimodal.stan�)

8 guide = autoguide.AutoBNAFNormal(numpyro_model.get_model())

9 svi = numpyro_model.svi(Adam(step_size=0.0005), Trace_ELBO(), guide)

10 svi.run(PRNGKey(0), {}, num_steps=10000, num_samples=10000)

The �le multimodal.stan contains the Stan program of Figure 1. From this �le, we create a
NumPyroModel object which compiles the model and loads the NumPyro code (line 7). We then
synthesize a guide for the model using the AutoBNAFNormal heuristic (line 8). Following NumPyro’s
API, to launch the inference, we �rst create a SVI object from an optimizer (Adam), a loss function
(Trace_ELBO), and the guide (line 9). Given a random seed PRNGKEY(0), and the input data (here
an empty dictionary since the model has no data block), the runmethod �rst computes num_steps
optimization steps and then draws num_samples samples from the posterior distribution (line 10).
1
https://github.com/deepppl/stanc3

2
https://mc-stan.org/users/documentation/case-studies/identifying_mixture_models.html

NumPyro Autoguides for Stan 
Idea


Compile Stan model to NumPyro [Phan et al. 2019] 
Instantiate one of numpyro.autoguides  
Run the inference 

Advantages

Zoo (8) of possible autoguides 
Fast optimizers (JAX) 
Lightweight wrapper for the NumPyro runtime 

99

100

101

102

103

104

105

106

107

108

109

110

111

112

113

114

115

116

117

118

119

120

121

122

123

124

125

126

127

128

129

130

131

132

133

134

135

136

137

138

139

140

141

142

143

144

145

146

147

Automatic Guide Generation for Stan via NumPyro 3

0.0

0.2

0.4

Expected BNAFNormal DiagonalNormal

0.0

0.2

0.4

MultivariateNormal IAFNormal LaplaceApproximation

0 5 10 15 20
0.0

0.2

0.4

LowRankMultivariateNormal

0 5 10 15 20

Normal

0 5 10 15 20

Delta

Fig. 2. Inference results using NumPyro autoguides on the model of Figure 1 a�er 100,000 inference steps
with 10,000 samples.

NumPyro o�ers eight di�erent heuristics to synthesize a guide from themodel:3 AutoBNAFNormal,
AutoDiagonalNormal, AutoMultivariateNormal, AutoIAFNormal, AutoLaplaceApproximation,
AutoLowRankMultivariateNormal, AutoNormal, and AutoDelta. Figure 2 clearly shows that these
heuristics yield di�erent results on the example of Figure 1. Only two of them successfully identify
the two modes.

3 EVALUATION
PosteriorDB [Vehtari and Magnusson 2020] provides reference samples for 49 pairs (model, dataset).
Due to missing functions in our implementation of the standard library (e.g., ODE solvers), we
cannot test six models. For each of the remaining 43 models, we run 100,000 inference steps (using
Adam(step_size=0.0005)) and generate 10,000 samples from the posterior distribution.

To evaluate inference accuracy, for each parameter G in the posterior distribution we compute
the relative error w.r.t. to the reference samples. For multidimensional parameters we compute the
error for every component.

err =
|mean(Gref) �mean(G) |

stddev(Gref)
The evaluation code is available at https://github.com/deepppl/evaluation-autoguide.

Table 1 summarizes the results. For each model, we report the maximal relative error across
parameters. Relative errors below 0.3 — the criteria used by regression tests for Stan4 — appear

3
http://num.pyro.ai/en/stable/autoguide.html

4
https://github.com/stan-dev/performance-tests-cmdstan

from stannumpyro import NumPyroModel 
import numpyro.infer import Trace_ELBO, autoguide as autoguide 
from numpyro.optim import Adam 
from jax.random import PRNGKey 

numpyro_model = NumPyroModel("multimodal.stan") 
guide = autoguide.AutoBNAFNormal(numpyro_model.get_model()) 
svi = numpyro_model.svi(Adam(step_size=0.0005), Trace_ELBO(), guide) 
svi.run(PRNGKey(0), {}, num_steps=10000, num_samples=10000)

Evaluation 
PosteriorDB [Magnusson et al. 2021]


49 (model, dataset, reference samples)  
Exclude 6 models (missing ODE solver) 

Experiments

Run 100,000 inference steps 
Generate 10,000 samples from the posterior 
Compare error w.r.t. the reference samples 

 
 

           

Conclusions, Future Works

Illustrate trade-off complexity/accuracy 
Possible test framework for future guide 
More guides? More models? 
Compile new features of the Stan language 

err =
|mean(xref) − mean(x) |

stddev(xref)
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Table 1. Relative errors w.r.t. the reference samples of PosteriorDB. We report the maximum relative error
across parameters in green if it is below 0.3, a 7 indicates a runtime error.
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arK-arK 0.26 0.44 0.09 0.22 0.38 0.06 0.13 0.17 7 0.33
arma-arma11 7 0.26 7 7 0.16 7 7 7 7 7
sblri-blr 1.96 0.50 0.70 2.46 0.38 0.64 0.76 0.64 7 7
sblrc-blr 1.05 0.51 0.18 1.52 0.40 0.55 1.58 0.27 7 7
dogs-dogs 0.10 0.12 0.13 0.16 0.11 0.05 0.08 0.13 0.38 0.80
dogs-dogs_log 7 0.12 0.07 7 0.12 0.03 0.05 0.07 0.93 7
earnings-earn_height 0.30 24.65 23.88 7 24.26 24.21 24.08 24.55 7 18.71
eight_schools-eight_schools_centered 0.13 1.13 0.65 0.07 1.13 0.52 0.60 0.62 1.17 1.39
eight_schools-eight_schools_noncentered 0.07 1.13 0.22 0.07 13.03 0.17 0.18 0.26 0.22 0.21
garch-garch11 2.68 1.15 2.68 2.71 0.74 1.80 1.68 2.69 0.81 0.34
bball_drive_event_0-hmm_drive_0 0.28 290.68 0.29 7 0.42 0.43 0.27 0.10 0.48 14.31
bball_drive_event_1-hmm_drive_1 0.53 0.59 0.52 0.77 768.80 0.52 0.63 0.48 9.68 4.59
hmm_example-hmm_example 0.16 0.37 0.46 7 0.25 0.05 0.30 0.36 1.73 0.55
kidiq-kidscore_interaction 0.62 0.63 2.47 0.82 0.49 2.46 2.21 2.47 2.61 7
kidiq_with_mom_work-kidscore_interaction_c 0.73 48.31 46.66 0.23 46.42 48.03 49.68 46.71 44.70 56.46
kidiq_with_mom_work-kidscore_interaction_c2 0.67 35.30 34.10 0.33 33.91 34.35 35.09 34.13 7 93.98
kidiq_with_mom_work-kidscore_interaction_z 0.70 48.03 46.41 0.44 46.15 48.49 49.75 46.45 2.87 48.65
kidiq_with_mom_work-kidscore_mom_work 0.65 16.47 15.94 0.17 15.79 16.05 16.04 15.95 1.94 7.23
kidiq-kidscore_momhs 0.19 16.61 15.84 7 15.66 15.96 16.02 15.83 6.76 2.18
kidiq-kidscore_momhsiq 0.27 0.17 2.44 0.25 0.12 2.28 1.82 2.44 7 4.07
kidiq-kidscore_momiq 0.10 0.15 2.20 7 0.12 2.13 1.75 2.21 3.28 3.65
kilpisjarvi_mod-kilpisjarvi 2.12 1.99 1.97 7 1.95 1.98 7.00 1.98 7 7
earnings-log10earn_height 0.12 0.09 0.17 7 0.08 0.15 0.56 0.19 7 7
earnings-logearn_height 0.13 0.09 1.08 7 0.08 1.11 1.21 1.08 7 7
earnings-logearn_height_male 0.25 0.11 4.22 0.16 0.08 4.06 3.74 4.21 1.33 10.73
earnings-logearn_interaction 0.56 0.12 5.52 0.81 0.11 5.55 5.99 5.51 7 7
earnings-logearn_interaction_z 0.67 0.12 0.27 0.42 0.10 0.10 0.27 0.15 1.90 1.28
earnings-logearn_logheight_male 0.45 0.12 1.22 0.54 0.09 1.21 1.17 1.22 0.66 7
mesquite-logmesquite 0.15 0.93 0.03 0.22 0.80 0.05 0.06 0.05 7 0.11
mesquite-logmesquite_logva 0.34 0.65 0.06 0.37 0.52 0.05 0.05 0.05 0.14 0.05
mesquite-logmesquite_logvas 0.14 0.93 0.13 0.27 0.80 0.11 0.06 0.13 7 0.09
mesquite-logmesquite_logvash 0.22 0.84 0.08 0.26 0.72 0.06 0.08 0.05 7 7
mesquite-logmesquite_logvolume 0.32 0.45 0.13 7 0.33 0.11 0.13 0.04 0.22 0.08
low_dim_gauss_mix-low_dim_gauss_mix 0.68 0.13 0.22 0.75 0.08 0.21 0.23 0.27 63.08 62.71
mesquite-mesquite 0.16 8.12 11.02 6.39 7.89 11.80 11.25 10.94 23.32 17.18
nes1988-nes 0.18 0.27 0.06 0.33 0.24 0.33 0.06 0.11 0.88 2.09
nes1972-nes 0.19 0.21 0.05 0.33 0.18 0.38 0.05 0.15 0.27 1.30
nes1984-nes 0.16 0.23 0.04 0.30 0.20 0.36 0.04 0.14 1.25 1.31
nes1980-nes 0.14 0.29 0.03 0.19 0.25 0.31 0.03 0.13 1.05 0.74
nes2000-nes 0.12 0.37 0.04 0.19 0.32 0.25 0.03 0.12 1.01 1.28
nes1976-nes 0.19 0.24 0.05 0.32 0.21 0.35 0.06 0.13 2.61 1.89
nes1992-nes 0.18 0.23 0.05 0.27 0.21 0.35 0.05 0.13 2.19 0.85
nes1996-nes 0.17 0.25 0.04 0.25 0.21 0.34 0.05 0.14 1.29 2.54

A������ 0.46 11.72 5.30 0.71 22.89 5.43 5.59 5.32 6.16 11.30
S�������� 25 21 22 16 20 14 21 22 4 5
M��������� 16 22 20 16 23 28 21 20 25 27
E����� 2 0 1 11 0 1 1 1 14 11

in green. On this set of benchmarks, AutoBNAFNormal and AutoIAFNormal outperform other
autoguides. AutoDelta can be used with all models without raising runtime errors, but it only
computes a MAP estimate. AutoLaplaceApproximation also runs without error on all models
but returns less accurate distributions. Runtime errors correspond to NaN values. Overall, the
autoguides demonstrate a range of possible compromises between complexity and accuracy.

 
 

X  runtime error

err ≤ 0.3
err > 0.3

https://arxiv.org/abs/1810.00873
https://arxiv.org/abs/1506.03431
https://arxiv.org/abs/1912.11554
https://github.com/stan-dev/posteriordb

