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Abstract
Ideal point estimation is foundational to several subfields of political science. Considerable effort has been
spent to create computationally efficient methods to estimate ideal points, but these methods can still
struggle on big data or complex models. I introduce variational autoencoders (VAEs), a type of machine
learning model, to political science as a new method for estimating ideal points. Structuring a VAE in a
particular way connects it theoretically to the classical item-response theory framework. VAEs reliably
estimate ideal points and item parameters orders of magnitude faster than standard methods. They can
also be easily extended to handle missing data, hierarchical structures, multiple dimensions, and dynamic
models. I also develop post-estimation techniques researchers can use to “correct” VAE estimates using
a subset of parameters estimated using traditional Bayesian methods. I conclude by demonstrating an
empirical application using ideal point estimates from 600 million votes cast by 34.8 million voters in the
2020 U.S. election.

Word count: 6,682

1 Introduction

Ideal point estimation is foundational to several subfields of political science. Regularly, researchers have
discrete data (roll call votes, social media networks, positions taken on bills, etc.) and are interested in mapping
those data to a continuous, latent, quantity of interest (ideology, democratic norms, etc.). For example, scholars
studying ideological positions of actors began with the spatial voting model developed in Poole and Rosenthal
(1985) and have since expanded to a large number of substantive applications using a wide variety of data (e.g.,
Martin and Quinn, 2002; Shor and McCarty, 2011; Barberá, 2015; Bond and Messing, 2015; Lauderdale and
Herzog, 2016a; Burnham, 2024; Cowburn and Sältzer, 2025; Lewis et al., 2025). The size and complexity of this
data ranges from analyses of a few thousand votes in the United Nations (Bailey et al., 2017) to millions of
social media followers (Barberá, 2015). The prototypical way to estimate ideal points with structured data is
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through the use of item-response theory (IRT) (Jackman, 2009).1 Considerable effort has been spent to create
computationally efficient methods to estimate ideal points, but these methods can still struggle on modern
big data or complex models. Researchers have developed methods to estimate IRT models faster, including
expectation-maximization (EM) algorithms (Chalmers, 2012; Imai et al., 2016; Peress, 2022) and variational
inference (VI) methods (Grimmer, 2011; Imai et al., 2016). These methods are faster than Markov Chain
Monte Carlo (MCMC) and Maximum Likelihood Estimation (MLE) techniques and represent a welcome
improvement to the original methods, but they are still too slow for large data or complex models (Wu et al.,
2020). For example, information on social media users (Barberá, 2015; Tai et al., 2025), campaign contributions
(Bonica, 2024), or digital trace datasets (Guess et al., 2020; Stier et al., 2020) are essential to modern political
science research and are still too large to estimate IRT models on.

I introduce variational autoencoders (VAEs) to political science as a new method for estimating ideal points.
Although originally developed for vision and natural language processing (Kingma and Welling, 2019), VAEs
are a general-purpose machine learning model that can be structured to work for many types of problems.
Recent psychometric work has shown that VAEs can be structured in a particular way such that they are
theoretically tied to the IRT framework and perform well in empirical applications (Converse et al., 2021; Curi
et al., 2019; Ma et al., 2024; Cho et al., 2021). Mechanically, instead of fitting a separate function for each ideal
point, VAEs fit a single, flexible, function on the data, which is then used to predict the ideal point for each
voter. Because the size and complexity of the flexible function is independent of the number of individuals,
VAEs can be orders of magnitude faster than traditional methods. The size of the speedup can vary based on
the problem, but in the empirical example I explore below, estimates from a VAE correlate with the estimates
of ideal points from traditional MCMC algorithms at 0.95 and the algorithm runs 5,000 times faster. The
parameters of the flexible function can also be interpreted as the item parameters in a standard ideal point
model. These parameters are automatically estimated as part of the VAE, and I show examples of this use case
in the application section.

This paper unifies prior work on VAEs and extends it to handle common ideal point estimation tasks in
political science. I show how VAEs can be structured to handle item- or individual-level covariates, missing
data, hierarchical structures, multiple dimensions, and dynamic models. Although these topics have each
been the subject of independent research in past work on ideal point estimation, I show how they can all be
efficiently implemented under the same VAE framework.

Despite efforts to theoretically align VAEs with traditional MCMC algorithms for IRT models, VAEs, or any
other approximation method, may be non-randomly biased. Since the method is both unsupervised and it is
not feasible to estimate the full model using MCMC, I propose a correction on downstream estimates based
on the work of Egami et al. (2024). Researchers would estimate a subset of ideal points using MCMC on
a strategically chosen sample of data, then use a predictive model between these “gold standard” estimates
and the VAE estimates to debias downstream uncertainty estimates. Although here I only show this method
for VAEs, the method could also be generally applied to other approximation methods, such as variational
inference (Grimmer, 2011).

I conclude by demonstrating an empirical application of the VAE model with nearly 600 million votes cast in
the 2020 U.S. election. Using the model, I’m able to estimate ideal points for 34.8 million voters. I demonstrate
how these estimates are fundamentally different from other voter-level ideology estimates and use them to
reassess representation in state legislative elections from the 2020 election (Rogers, 2017).

1Researchers also regularly estimate ideal points using unstructured data (Abi-Hassan et al., 2023; Herrmann and Döring, 2023;
Lauderdale and Herzog, 2016b; Peterson and Spirling, 2018; Laver et al., 2003; Däubler and Benoit, 2017; Slapin and Proksch, 2008). This
is a large, and growing, field in political science, especially with the recent adoption of large-language models. However, estimation
of ideal points with structured data is still popular, both because the data used are still relevant and because the methods used are
parametric in nature and easier to verify and interpret than many of the black-box methods used for unstructured data.
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2 Item-Response Theory

First, a brief overview of the traditional methods to estimate ideal points following Item-Response Theory in
the context of political science. IRT models in political science are closely connected to the spatial voting
model, where a voter is assumed to choose an option if the utility a voter derives from that option is greater
than any other option (Enelow and Hinich, 1984). As a running example, related to the empirical application in
Section 4, consider data on the candidate a given voter voted for in each of the contests on their ballot. Jackman
(2009) shows that beginning with the spatial voting model plus the assumption that any stochastic error about
this utility is normally distributed results in the following model for the probability that a candidate is selected
by a voter:

𝜋 𝑗𝑘𝑐 = 𝑃𝑟( 𝑦𝑗𝑘 = 𝑐 | 𝛼 𝑗, {𝛾𝑘𝑐′ , 𝛽𝑘𝑐′}𝐶𝑘𝑐′=1) =
exp

(︁
𝜂𝑗𝑘𝑐

)︁∑︁𝐶𝑘
𝑐′=1 exp

(︁
𝜂𝑗𝑘𝑐′

)︁ , where 𝜂𝑗𝑘𝑐 = 𝛼 𝑗𝛾𝑘𝑐 − 𝛽𝑘𝑐 , (1)

where 𝑗 indexes voters, 𝑘 indexes the contest, 𝑐 indexes the candidate in that contest, 𝐶𝑘 is the number
of candidates in contest 𝑘, and 𝜂𝑗𝑘𝑐 is the linear predictor for candidate 𝑐.2 This model is the canonical
two-parameter IRT model. The function mapping the linear predictors to a probability is the softmax, a
multivariate generalization of the inverse logit; this choice reflects the reality that voters often have more than
two candidates to choose among on the ballot. Note that the probability of choosing candidate 𝑐 depends on
the full set of parameters {𝛾𝑘𝑐′ , 𝛽𝑘𝑐′}𝐶𝑘𝑐′=1 for every candidate in contest 𝑘, not just those of candidate 𝑐. There
are three categories of parameters of interest. First, 𝛼 𝑗 ∈ ℝ is the unobserved ideal point of voter 𝑗. Second, 𝛾𝑘𝑐
is an unknown item discrimination or slope parameter for each candidate who could be chosen in the contest.
𝛾𝑘𝑐 describes the degree to which a vote for a candidate in the contest informs the model’s placement of a
voter’s ideal point. Third, 𝛽𝑘𝑐 is an item difficulty parameter which governs the baseline log-odds of choosing
candidate 𝑐 irrespective of ideology. A higher 𝛽𝑘𝑐 corresponds to a lower baseline probability of selection,
since it enters the linear predictor with a negative sign. Identifying the model requires resolving two distinct
issues. First, within each contest the softmax is invariant to adding a constant to every 𝜂𝑗𝑘𝑐 , so one candidate
must serve as a reference category, with its 𝛾𝑘𝑐 and 𝛽𝑘𝑐 set to 0; in the categorical case, where it may be hard
a priori to know the direction of effects, this reference category is usually chosen randomly. Second, and
separately, the latent space itself has rotational, reflection, and scale indeterminacy, which is resolved with
standard constraints on the decoder, anchor items, and/or post-processing (Rivers, 2003).

Combining the choice probabilities into a full likelihood yields the following model:

𝐿(𝛀, 𝛼 𝑗 |y𝑗) =
𝐾∏︂
𝑘=1

𝜋 𝑗𝑘𝑦𝑗𝑘 =

𝐾∏︂
𝑘=1

𝐹 (𝛼 𝑗𝛾𝑘𝑦𝑗𝑘 − 𝛽𝑘𝑦𝑗𝑘), (2)

where 𝛀 includes both the discrimination and difficulty parameters and the notation [·] 𝑦𝑗𝑘 is used to indicate
which candidate voter 𝑗 actually chose in contest 𝑘. Writing the likelihood as a product over contests 𝑘 assumes
that choices are conditionally independent across contests given the voter’s ideal point 𝜶 𝑗.

There are a number of algorithms to estimate all of the parameters of interest, including Hamiltonian
Monte Carlo (HMC) as implemented in Stan, expectation maximization (EM) algorithms for certain types
of data (Chalmers, 2012; Imai et al., 2016; Peress, 2022), and variational inference (VI) methods (Grimmer,
2011; Imai et al., 2016). These methods differ in how they confront the intractable marginal likelihood

2Although I don’t show it here for clarity, the model can also be multidimensional. The additional dimension is reflected in the
ideal point 𝛼 𝑗𝑑 and in the discrimination parameter, 𝛾𝑘𝑐𝑑 where 𝑑 indexes the latent dimension. The difficulty parameter, 𝛽𝑘𝑐 , is the
same for all dimensions.
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𝑝(𝒚;𝛀) =
∫
𝑝(𝒚 |𝜶;𝛀)𝑝(𝜶)𝑑𝜶 (note that 𝑝(𝒚 |𝜶) is the conditional likelihood, not themarginal). EMmaximizes

the marginal likelihood 𝑝(𝒚;𝛀) by integrating out 𝜶; HMC instead samples directly from the joint posterior;
and VI learns an approximating distribution 𝑞(𝜶) for the posterior by maximizing the ELBO (see Appendix
Appendix A for a formal comparison). VI has theoretical guarantees because it seeks to maximize the evidence
lower bound (ELBO), formally defined as:

ELBO = 𝔼𝑞(𝜶) [log 𝑝(𝒀 |𝜶;𝛀)] − KL[𝑞(𝜶) | | 𝑝(𝜶)] , (3)

where KL(·) is the Kullback–Leibler divergence between two distributions. I apply Bayes Rule to Eq. 3 and
rearrange:

log 𝑝(𝒀 ) = ELBO + KL[𝑞(𝜶) | | 𝑝(𝜶 |𝒀 )]. (4)

(see Appendix Appendix A for the derivation). Note that the KL term in Eq. 3 is taken against the prior 𝑝(𝜶),
whereas the KL term in Eq. 4 is taken against the posterior 𝑝(𝜶 |𝒀 ). Therefore, as the function 𝑞(𝜶) more
closely resembles 𝑝(𝜶 |𝒀 ), the ELBO more tightly bounds the marginal likelihood. By selecting a simpler 𝑞(𝜶),
VI makes estimation a more tractable problem. The ELBO is maximized over the variational parameters 𝜙,
𝑞∗ = argmax𝑞∈Q ELBO, and the ideal point estimate is then the variational mean 𝛼̂ 𝑗 = 𝔼𝑞∗ [𝛼 𝑗]. Although I
only reference the ideal point 𝜶 here, researchers can also fit approximation functions for each of the other
parameters in the model (Grimmer, 2011).

Unfortunately, HMC, EM, and VI are all still insufficient for large data sets. To see why, consider the data
set of cast vote records released in Kuriwaki et al. (2024). Cast vote records are digital representations of
a ballot cast by a voter and they contain the candidate each voter voted for in each contest on the ballot.
They match perfectly with the setup at the start of this section. The data set includes the ballots from 34.8
million voters and 7,164 contests. Estimating ideal points using any of the three methods outlined above
would involve estimating a posterior, or an approximation of a posterior, for every single voter. Furthermore,
for each additional contest, I need to also calculate a discrimination and a difficulty parameter. As the number
of parameters increases, the estimation of each individual parameter becomes more challenging since I am
estimating a joint distribution. Finally, if researchers are interested in estimating additional latent dimensions,
the problem increases by a factor of the number of additional dimensions. Although technically possible, the
computation of this model can be time and resource intensive. For medium sized data, some researchers may
be happy to simply wait the computational time required. But, for larger data, or in cases where researchers
may want to iterate, the time cost can be prohibitive. This problem has encouraged some researchers to resort
to simpler estimation methods (e.g., Lai et al., 2024). In the next section I introduce a new, faster, method –
variational autoencoders.

3 Variational Autoencoders

Variational autoencoders (VAEs) are closely connected to variational inference. The difference is that instead of
choosing a distribution 𝑞(𝜶) to approximate each posterior, I instead build a single flexible inferential model
that predicts the posteriors for each ideal point. The parameters of this model are shared by all observations
in the data, making the size and complexity of the model or the number of parameters to estimate simply a
function of researcher choice instead of scaling with the number of observations. By carefully constructing
the model such that it is both interpretable and sufficiently flexible, I can recover all parameters of interest
from the standard IRT model.
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In general, VAEs are an unsupervised machine learning method. Intuitively, an autoencoder encodes the input
(the choices of each voter in each contest) to a latent dimension(s) using a learned neural network, then decodes
this latent representation to reconstruct the original input using a second, connected, learned neural network.
Autoencoders have been in use in the machine learning literature for over a decade. Originally developed
for image recognition, their use has since expanded into other areas (Kingma and Welling, 2019). I make the
autoencoder “variational” by using it to approximate the true posterior.

Formally, I approximate the posterior distribution of the latent variables with a multivariate normal variational
distribution (the approximate posterior):

𝑞𝜙 (𝜶 𝑗 | 𝒚 𝑗) =N(𝝁 𝑗, diag(𝝈 2
𝑗 )), with (𝝁 𝑗, 𝝈 𝑗) = NeuralNet𝜙 (𝒚 𝑗), (5)

where 𝝁 𝑗 and 𝝈 𝑗 characterize the mean and standard deviation of the multivariate normal (so diag(𝝈 2
𝑗
) places

the variances on the diagonal), and 𝜙 contains all the parameters of the neural network model. Together, these
constitute the entire “encoder” part of the VAE. To optimize the new parameters I now maximize a slight
variation of the ELBO shown in Eq. 3:

ELBO = 𝔼𝑞𝜙 (𝜶 |𝒀 ) [log 𝑝(𝒀 |𝜶;𝛀)] − KL[𝑞𝜙 (𝜶 |𝒀 ) | | 𝑝(𝜶)] , (6)

where the approximate posterior 𝑞𝜙 (𝜶 |𝒀 ) is conditioned on the data 𝒀 through the encoder (the defining
feature of amortized inference), and where optimization is performed jointly over the network parameters 𝜙
and the decoder parameters 𝛀 rather than directly over voter-specific posteriors.

A VAE model is trained by minimizing the loss between the original data and the learned data construction,
where the parameters of both the decoder and encoder networks are adjusted using standard stochastic
gradient descent methods and backpropagation. I reparameterize the model to ensure backpropagation
can properly occur because the gradient cannot be passed through an expectation taken with respect to a
𝜙-dependent distribution; score-function (REINFORCE) estimators exist but have prohibitively high variance
(see Appendix Appendix A) (Wu et al., 2020; Urban and Bauer, 2021). To see this, note that

∇𝜙ELBO = ∇𝜙𝔼𝑞𝜙 (𝜶 |𝒀 ) [log 𝑝(𝒀 |𝜶;𝛀) + log 𝑝(𝜶) − log 𝑞𝜙 (𝜶 |𝒀 )]
≠ 𝔼𝑞𝜙 (𝜶 |𝒀 ) [∇𝜙 log 𝑝(𝒀 |𝜶;𝛀) + ∇𝜙 log 𝑝(𝜶) − ∇𝜙 log 𝑞𝜙 (𝜶 |𝒀 )] ,

(7)

because the expectations are taken with respect to 𝑞𝜙 (𝜶 |𝒀 ), which is a function of 𝜙. This problem is resolved
by reparameterizing 𝜶 as

𝝐 ∼ N(0, I𝐷)
𝜶 = 𝝁 + 𝝈 ⊙ 𝝐,

(8)

where 𝝐 is a 𝐷 × 1 sample from a standard multivariate normal distribution, 𝐷 is the number of latent
dimensions, and 𝝁 and 𝝈 are outputs from the NeuralNet above. This isolates the randomness into 𝝐, so that 𝜶
is a deterministic function of the NeuralNet parameters 𝜙 given 𝝐. Therefore, I can now calculate the second
line in Eq. 7 where the expectation is now taken with respect to 𝑝(𝝐) =N(0, I𝐷). These models can easily be
implemented in PyTorch, Keras, or any other standard machine learning library.

The objective above can be tightened by drawing multiple importance-weighted samples. With 𝑆 samples
𝜶 (𝑠) ∼ 𝑞𝜙 (𝜶 |𝒚), the importance-weighted ELBO (IW-ELBO) is
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𝜎2

𝑧1

Latent 1

𝑧2

Latent 2

𝜂𝑗𝑘𝑐 =
∑︁
𝑑 𝛼 𝑗𝑑 𝛾𝑘𝑐𝑑 − 𝛽𝑘𝑐

𝜋 𝑗𝑘𝑐 = 𝐹 (𝜂𝑗𝑘𝑐)

ˆ︃Data
Figure 1: Architecture of a 2-Dimension VAE. Data enter the encoder, which maps ballots through
hidden layers and an output layer to per-dimension distribution parameters (𝜇𝑘, log 𝜎2𝑘 ) (grouped by latent
dimension in dotted boxes). The reparameterization layer then yields latent samples 𝑧𝑘 = 𝜇𝑘 + 𝜎𝑘𝜀𝑘,
𝜀𝑘 ∼ N(0, 1), which serve as the voter ideal points 𝛼 𝑗𝑑 . The single-layer IRT decoder forms the linear
predictor 𝜂𝑗𝑘𝑐 =

∑︁
𝑑 𝛼 𝑗𝑑 𝛾𝑘𝑐𝑑 − 𝛽𝑘𝑐 and maps it through the softmax 𝐹 (·) to the choice probability 𝜋 𝑗𝑘𝑐 (as in

Eq. 1), reconstructing �Data. Heavy dashed lines denote densely connected layers; thin solid lines denote
individual parameter connections.

L𝑆 = 𝔼

[︄
log

1
𝑆

𝑆∑︁
𝑠=1

𝑤𝑠

]︄
, where 𝑤𝑠 =

𝑝(𝒚 |𝜶 (𝑠) ;𝛀) 𝑝(𝜶 (𝑠) )
𝑞𝜙 (𝜶 (𝑠) |𝒚)

. (9)

The IW-ELBO is a lower bound on the marginal log-likelihood, L𝑆 ≤ log 𝑝(𝒚), and the bound tightens
monotonically as 𝑆 → ∞.3 Setting 𝑆 = 1 recovers the standard ELBO.

Figure 1 visually represents a basic VAE with two latent dimensions. Beginning from the left side of the
diagram, data are fed as inputs to the encoder model, which is composed of some number of hidden layers
before passing through an output layer. The output layer produces the parameters 𝜇 and log 𝜎2 when a normal
distribution is imposed; the reparameterization layer then samples 𝛼 = 𝜇 + 𝜎 ⊙ 𝜖. Those latent dimensions
are then passed through the decoder network to reconstruct the original data.

There are a couple points to make about the connection between the VAE and IRT model. First, VAEs add an
assumption that the latent dimension(s) follow some probability distribution, in many cases, a multivariate
normal distribution. Notice the similarity between this assumption and the assumption in a classical spatial
voting model that errors are distributed normally. This assumption is encoded as an output layer at the
end of the encoding model which then outputs parameters describing the distribution of the model (in the
standard normal case, parameters 𝜇 and log 𝜎2). The second modification is that the decoder network has only
a single layer that passes the learned latent variables through the exact same 𝐹 (·) function as in Eq. 1. With
this single-layer decoder, the linear predictor for candidate 𝑐 in contest 𝑘 is 𝑧𝑘𝑐 =

∑︁
𝑑 𝛾𝑘𝑐𝑑 𝛼 𝑗𝑑 − 𝛽𝑘𝑐 , after which

𝐹 (·) maps the predictors to choice probabilities. Here the decoder weights 𝛾𝑘𝑐𝑑 multiply the latent ideal point
𝜶 𝑗, and the (negated) decoder biases 𝛽𝑘𝑐 are the intercepts (cf. Converse et al., 2021). Notice that the decoder

3The IW-ELBO was introduced as the importance-weighted autoencoder objective; with 𝑆 = 1 it recovers the standard single-
sample ELBO above.

6



Even Faster Ideal Point Estimation July 12, 2026

weights correspond exactly to the discrimination parameters 𝛾 , and the decoder biases correspond to the
(negated) difficulty parameters 𝛽, of the IRT setup – so the weights and biases of the VAE can be interpreted
in the same manner as the discrimination and difficulty parameters in the IRT model (Curi et al., 2019).

Model Architecture

Of course, a key component of all neural networks is how to construct the model architecture. Unfortunately,
there are not absolute recommendations, but I offer and validate suggestions. For the hidden layers in the
encoder, I recommend multiple hidden layers and to choose a size for each hidden layer as a multiple of
2 (in the models I fit below, I choose 64). The size and number of these hidden layers is a balancing act of
computational time and GPU memory – more and larger layers tend to be more “flexible” models but are also
more computationally intensive to fit. In machine learning it is also common to batch responses together,
a process called “mini-batching.” Again, larger batches are generally “better” but more computationally
challenging to evaluate. Here, I use batches of size 256. Another choice is the embedding dimension, the length
of the vector that each contest’s embedding table uses to represent the candidate a voter chose before these
vectors are pooled into the encoder; larger embeddings give the model more capacity to encode each vote but
add parameters and, like larger hidden layers, raise computational cost. I set an embedding dimension of 16 for
the main model. I set a standard learning rate of 0.001. I only take one importance-weighted sample, reducing
Eq. 9 to just the ELBO. In Appendix C I show that the choice of hyperparameters do not substantively change
the correlation between a VAE and MCMCmodel. The main trade-off is in computational time and GPU
memory – larger models with more hidden layers or larger batches take more time to fit and require more
computer memory.

3.1 Extensions

The literature on VAEs in general is rich and contains many optimizations to the basic model presented here
or specific adaptations for other circumstances. Here, I overview several relevant extensions for political
scientists: missing data, correlated latent dimensions, temporal dynamics, and the incorporation of contest-
level and voter-level covariates. Each preserves the amortized encoder and the IRT-interpretable single-layer
decoder developed above, changing only the pieces of the model that the extension requires. The extensions
are also not mutually exclusive, so researchers can implement any number of them at once depending on
their case.

Missing Data

Missing data are common in political science applications, but unfortunately due to its neural network
structure are a challenging application for a VAE. The problem lies in the step within a neural network
where gradients are computed with respect to each of the network parameters. Where inputs are missing,
the network has no principled value to propagate, and including imputed values in the reconstruction loss
biases the gradients. Similar to other missing data work, listwise deletion or otherwise just dropping missing
data is not advised for statistical efficiency in general. In the running example of voter level ideal points
based on their votes on their ballot, deletion is impossible – across the full set of voters only the presidential
contest is shared by all voters. All contests that a voter could not have cast a ballot in are labeled “missing.”
Previous work on voter level ideal points has obviated this problem by constructing the data such that all
voters have the same choice set (e.g., Lewis, 2001). Models to handle this kind of data are only rarely addressed
in political science, with one notable exception constructing a different kind of multinomial logit estimator
for the varying choices (Yamamoto, 2014).

There are several solutions to missing data proposed in the VAE literature. Veldkamp et al. (2025) review
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the options and conduct simulation of each method. Of the methods they tested, the “conditional VAE” had
the lowest error compared to the true values and was also one of the fastest methods. Conditional VAEs are
intuitively simple. Instead of dropping missing data or imputing missingness, I can simply pass a mask of
1s and 0s to the VAE as an additional input (Collier et al., 2020). The mask is used in two steps – first in the
initial hidden layers to zero out any inputs that are missing, and then again in the loss function to ensure that
loss is only computed for values that are actually present in the data. The resulting masked loss function is
derived formally in Appendix Appendix A.

Correlated Latent Dimensions

The current implementation of the VAE forces each of the latent dimensions to be independent. In cases
where this might be an unreasonable assumption, researchers could instead allow for, and directly model, the
correlation between latent dimensions. For example, in studies of American politics it might be reasonable to
allow the first dimension, typically assumed to be ideology, to also correlate with additional dimensions – e.g.,
economic values or social policy. From a modeling perspective, the change is subtle but impactful. Instead
of training my model to fit the latent space to the standard normal distribution, N(0, I), researchers can
generalize the prior toN(0, Σ0), where Σ0 is a 𝐷 × 𝐷 covariance matrix with entries for each pair of latent
dimensions (Converse et al., 2021). This generalization requires additional constraints to resolve the rotational
identification of the latent space, and the KL term in the ELBO no longer has the simple closed form available
in the diagonal case.

Temporal Dynamics

Ideal-point models are frequently used to track change over time, whether in the composition of an electorate
or in the movement of the actors on a fixed scale. The obstacle is comparability: a different set of contests is
held in each election, so ideal points estimated period-by-period live on arbitrary, incomparable scales. The
dynamic IRT literature typically solves this by imposing a random-walk prior that ties each actor’s position
in period 𝑡 to its position in period 𝑡 − 1 (Martin and Quinn, 2002). That approach presumes the same units
are observed repeatedly, which cast vote records do not satisfy: ballots are anonymous, so a voter cannot be
linked across elections, and each period is instead a repeated cross-section of a distinct electorate.

I therefore identify a common scale across time through bridging rather than a temporal transition prior,
following the logic of bridging observations in dynamic IRT (Bailey et al., 2017). Candidates or offices that recur
across elections – a returning incumbent, a persistent party label – serve as bridges: their item parameters
are shared across every period in which they appear, anchoring the otherwise separate period-specific latent
spaces to a single comparable scale. Concretely, the model keeps one decoder over the pooled candidate
vocabulary of all elections. Each candidate 𝑐 owns a single set of item parameters (𝛾𝑘𝑐𝑑 , 𝛽𝑘𝑐); a bridging
candidate reuses those same parameters in each period it contests, while a period-specific candidate has
parameters that are only ever used in that period.

The encoder, by contrast, is period-specific. Because each election presents a different menu of contests, I fit a
separate inference network 𝜙𝑡 per period,

(𝝁(𝑡)
𝑗
, 𝝈 (𝑡)

𝑗
) = NeuralNet𝜙𝑡 (𝒚

(𝑡)
𝑗
), (10)

that maps the ballot voter 𝑗 cast in period 𝑡 to that voter’s ideal point 𝜶 (𝑡)
𝑗
. The decoder then forms the same

IRT linear predictor as before, 𝜂(𝑡)
𝑗𝑘𝑐

=
∑︁
𝑑 𝛼

(𝑡)
𝑗𝑑
𝛾𝑘𝑐𝑑 − 𝛽𝑘𝑐 , with the shared parameters of the bridging candidates

supplying the cross-period link. The prior on each period’s ideal points remainsN(0, I), and the training
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objective is the same importance-weighted ELBO pooled across periods; mini-batches are drawn one period
at a time so that the matching encoder and the correct candidate parameters are used for each batch. Finally,
because the latent scale is only identified up to reflection, I orient each period post hoc against a fixed partisan
anchor (a Democratic U.S. House candidate) so that the scale points in the same direction in every period.

Contest-Level Covariates

Researchers often know a great deal about the contests themselves – the office at stake, whether it is partisan, its
geographic scope – and may wish to let these observed features inform the model. I incorporate contest-level
(item) covariates by augmenting the decoder while leaving the encoder, prior, and data pipeline untouched.
For contest 𝑘, let 𝒄𝑘 be a fixed vector of observed characteristics. The decoder concatenates it to the latent
ideal point before forming each candidate’s logit,

𝜂𝑗𝑘𝑐 =
∑︁
𝑑

𝛼 𝑗𝑑 𝛾𝑘𝑐𝑑 + 𝒄⊤𝑘 𝜹 𝑘𝑐 − 𝛽𝑘𝑐 , (11)

where 𝜹 𝑘𝑐 is a learned coefficient vector on the contest features. The covariates 𝒄𝑘 enter as fixed inputs (one row
per contest) and are not themselves estimated; only their coefficients 𝜹 𝑘𝑐 are. Because 𝒄𝑘 is identical for every
voter in the contest, the covariate term does not interact with 𝜶 𝑗: it enters as a structured, voter-invariant shift
to each candidate’s baseline support, letting observed contest features help explain the difficulty parameters
rather than estimating each one freely. This composes with the discrimination structure that governs which
latent dimensions a contest loads on, which can aid interpretation and identification in the multidimensional
models discussed above (Shin, 2025; Morucci et al., 2024).

Voter-Level Covariates

Symmetrically, one may wish to condition on characteristics of the voter. With cast vote records this is
necessarily limited: ballots are anonymous, so the only available covariates are contextual – attached to a
ballot’s precinct or county (e.g., urbanicity, median income, or aggregate demographics) – rather than to
the individual. Where such covariates are available, the natural place to introduce them is the prior rather
than the decoder, mirroring hierarchical IRT. Let 𝒙 𝑗 collect the covariates attached to voter 𝑗. In place of the
exchangeable priorN(0, I), I use a conditional prior whose mean depends on the covariates,

𝑝(𝜶 𝑗 | 𝒙 𝑗) =N(B𝒙 𝑗, Σ0), (12)

whereBmaps covariates into the latent space (and Σ0 may be the identity, or the full covariance of the previous
extension). This is the ideal-point analogue of a regression on the latent trait: observed context shifts a voter’s
expected position, while the ballot still drives the posterior through the encoder. The only change to the
objective is in the KL term, now taken against this covariate-dependent prior rather than the standard normal;
the encoder, decoder, and reparameterization are unchanged. This differs from the contest-covariate case
deliberately – voter attributes should shift who a voter is expected to be, so they enter the prior, whereas
contest attributes shift how a contest behaves, so they enter the decoder. Unlike the two preceding extensions,
voter-level conditioning is a design recommendation rather than a component of the models I fit below, and I
leave its empirical exploration to future work.
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3.2 Correcting Bias

Estimates of ideal points from VAEs are highly accurate, but may still be biased in non-random ways. It is
impossible for researchers to know this a priori, especially given the unsupervised nature of the method.
Therefore, I suggest researchers use the following procedure to debias their estimates, adhering closely to the
suggestions in Egami et al. (2024). First, researchers should estimate an MCMC model on a small random
subset of the data. This will be used as a “ground truth” to evaluate the VAE estimates. Selecting the random
subset can be challenging, but I recommend trying to get a reasonable number of units within each “item”
of interest.4 This process may require some trial and error to balance the computational time needed for
MCMC with coverage. Second, researchers should estimate a VAE model on the full data. Third, using
the overlapping points from the first two steps, researchers should build a predictive model that maps the
VAE estimates to the MCMC estimates. The choice of prediction model is important, but likely follows
from standard recommendations for predictive models – choose a flexible model and rely on cross-fitting to
avoid overfitting. Finally, using that predictive model, researchers can correct the remaining VAE estimates
following the procedure in Egami et al. (2024). This process will allow researchers to use VAE estimates as if
they were MCMC estimates, with the added benefit of being able to use all of the data instead of just a subset.

4 Empirical Application

I conclude with an empirical application using ballot-level data called cast vote records (CVRs) from voters
in the U.S.’s 2020 general election. CVRs are anonymized records of all the choices made by each voter on
their ballot. The data has been standardized into a common format across the nation to facilitate analysis and
vote totals have been verified.5 See Appendix B.1 for more details on the data and additional data cleaning I
perform on the data for analysis. The resulting set of CVRs covers 17 states, 289 counties, 34.8 million voters
and 7,164 unique offices. Since each voter cast ballots in several contests, there are a total of 594.3 million votes
in the data.

CVRs have been used to study voter behavior in a number of contexts before (e.g., Lewis, 2001; Wand et al.,
2001; Herron and Sekhon, 2003; Gerber and Lewis, 2004; Herron and Lewis, 2007; Frisina et al., 2008; Bafumi
et al., 2012; Alvarez et al., 2018; Morse, 2021; Reece et al., 2024; Conevska and Mutlu, 2025; Dowling et al., 2025;
Kuriwaki, 2026). Here, I use them to estimate a latent ideal point for each voter in the data. The ideal point
estimates will then be used to assess the ideological composition of each district in the data. The most closely
related work is Lewis (2001), where the authors estimate ideal points using the ballot measure choices of
voters in Los Angeles and compares them to their presidential vote choice, as an estimate of split-ticket voting.
Here, I extend that work by using the full ballot for estimation and greatly expanding the scope of the analysis.

4.1 Estimation

I then estimate two models, one using traditional MCMC on a random sample of voters from Adams County,
Colorado and the second using a VAE on the full data. Adams County was also selected randomly but is a
reasonably politically and demographically diverse county in Colorado. For more details on the traditional
model, see Appendix B.2. For more details on the architecture of the VAE, see Appendix B.3. As a rough
comparison in computation time, it took the MCMC algorithm 3 hours and 45 minutes to fit a single-
dimensional model on the Adams County data (250,000 votes from 12,000 voters). Fitting a model on the full
data (594.3 million votes from 34.8 million voters) takes 140 hours, a significant but manageable time.

4In the case of voter ideal points, each contest is an item, so I sample random voters from within each contest. In the case of
legislator ideal points, researchers would sample random roll call votes from each legislators.

5More details on this process can be found in Kuriwaki et al. (2024). I extend Kuriwaki et al. (2024) to all local contests.
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4.2 Validation

Figure 2: Comparison of MCMC and VAE Methods. The left plots display the the densities of the mean
ideal point for voters who selected Joseph R Biden or Donald J Trump in the presidential contest. The right
plot directly plots each matched voter’s mean ideal point from the VAE algorithm and the MCMC algorithm.
The solid black line is a loess line fit to the data and the dashed black line is the 45 degree line. Correlation
coefficients for all the data, just for Democrats, and just for Republicans are reported in the top-left corner
of the right plot.

My initial visual inspection of the VAE model is positive. In Figure 2, I plot ideal point estimates from both
the MCMC and VAE model. The VAE model’s ideal points have been subset down and matched to only those
ideal point estimates from the Adams Couny data. The plot displays the distribution of ideal points among
Biden (Democratic) and Trump (Republican) voters in the 2020 election. Both the MCMC and VAE plots are
clearly bimodal and place Biden (Trump) voters on the left (right) side of the axis. This matches the findings
from other research in this area.6 In the MCMCmodels, the two clear peaks around 0 and 0.7 are primarily
straight-ticket voters for Democratic and Republican candidates respectively. For those voters, it can be hard
to ascertain exactly where they are in the space relative to other strong party voters, a common criticism of
ideal point models. In the right plot of Figure 2, I directly plot the estimates from each model against one
another. Again, there is clear separation between the two parties, and the estimated ideal points correlate at
0.95. As can be seen in the plot, the models fit very similarly to one another.

The speed of estimation allows me to fit a model to votes from the entire nation and jointly scale all voters.
The bridging contest in this case is only the U.S. President, but initial results suggest this is sufficient.7 I fit a

6For example, Bafumi and Herron (2010) plots a roughly bimodal, although largely inseperable, distribution of voter ideal points
measured using the 2006 CCES in Figure 5.

7There are other contests withiin states and within districts that bridge individual voters to one another, but the only completely
unifying contest is the U.S. President.
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Figure 3: Underlying Ideal Point Estimates in U.S. House Districts. The plot displays the mean ideal
point among voters in each House district in the U.S. Districts that are more blue lean more towards the
Democrats, whereas districts that are more red lean towards the Republicans. Gray districts can represent
either uncontested elections or districts where entire counties are missing from the CVR data.

one-dimensional IRT model, then plot the underlying ideal point distribution for every U.S. House district
in Figure 3. Facially, the results seem to line up with my expectation, where more rural districts are more
Republican and conservative than urban districts. In Figure B.3 I plot the ideal points for each county in the
data, mirroring Figure B.1.

One argument against estimating ideal point estimates is that they are no better than simply using the election
results and calculating the Democratic (Republican) share of the vote. How do the ideal point estimates
compare to simple vote totals? Using the VAE estimates, in Figure 4, I take the mean ideal point in various
Colorado State House districts compared to the two-party vote share for Democrats from precinct-level
election results (Baltz et al., 2022). The left panels show the entire state while the right panel includes a zoomed
inset of the Denver metro area. Setting aside uncontested elections and house districts with no CVR data
(represented with grey districts), there are some interesting differences in the plots. For example, despite
electing a Democrat in a southwestern district (District 62) of Colorado, the underlying ideal point model
suggests that the district is almost perfectly split (represented by the white background). Donald E. Valdez was
the Democratic candidate in District 62, who received 57.8% of the vote compared with the 51.7% Joe Biden
received from the same voters. This could suggest that Valdez is a popular candidate among both parties who
gets votes from people who are otherwise Republican voters. Other districts in Colorado also exhibit the
same pattern of underlying ideological disagreement. Formally, Figure B.2 compares ideological estimates
from the VAE model to two-party vote share estimates for the president. The two models generally agree,
with a correlation of 0.93, but are not totally in agreement, especially near the tails where the ideal point
estimates tend to indicate more moderation than the election results.

4.3 Representation in State Legislatures

Recent work assesses representation in state legislatures, mostly painting a bleak picture (Rogers, 2017, 2023).
Rogers compares survey-based estimates of district-level ideology from Tausanovitch and Warshaw (2013)
with estimates of the ideology of state legislators from Shor and McCarty (2011). Tausanovitch and Warshaw
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Figure 4: Comparison of Vote Share in State House Elections and Underlying Ideal Point Estimates.
The left plot displays the mean ideal point among voters in each state house district in Colorado. The right
plot displays the same districts, but ‘ideology’ is instead measured as the two-party margin in the state
house election, using precinct-level results (Baltz et al., 2022). Districts that are more blue lean more towards
the Democrats, whereas districts that are more red lean towards the Republicans. Both plots are drawn on a
common Democratic–Republican scale and share a single legend: the mean ideal points are rescaled so that
the median district in the state falls at the midpoint of the scale, matching the midpoint of the vote margin.
District 62, which I discuss in the text, is labeled in both plots. In the right plot, gray districts represent
uncontested elections where a vote share breakdown does not make sense. In the left plot, gray districts
can represent either uncontested elections (the exact same elections as in the right plot) or districts where
entire counties are missing from the CVR data. A clear example of the missing counties is the cluster of gray
districts immediately southeast of Denver – these are part of Arapahoe County, a county which is missing
valid data in the CVR dataset. See Kuriwaki et al. (2024) for more information on what defines “valid” data
in this context.
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(2013) estimates are constructed from survey estimates and Shor and McCarty (2011) estimates are constructed
from roll-call votes. They both have their own advantages and disadvantages, but here I focus on providing
an alternative, ballot based estimate of district ideology. My method is more faithful to the true ballot a voter
faces and has a much larger sample size, but it is also necessarily constrained by the possible choices on a
ballot each voter could have cast a ballot for.

Figure 5: Comparison of the median voter from ideal point estimates for each state legislative
candidate to their roll-call vote based estimate. Each point in the plot represents one candidate in a
state legislative election with both a roll-call based ideal point (Shor and McCarty, 2011) and a CVR based
ideal point (this paper). Blue points indicate Democratic candidates and red points indicate Republican
candidates. The black line is the 45-degree line. In the top left are correlations for all points together, then
just for Democrats (𝜌𝐷) and just for Republicans (𝜌𝑅).

5 Conclusion

Estimation of ideal points is a common statistical task in political science, but the increasing size of datasets has
made traditional methods for estimating ideal points computationally infeasible. This paper has introduced
a new method for estimating ideal points using variational autoencoders (VAEs). VAEs are a type of neural
network that can be used to estimate latent variables in large datasets. I have shown that VAEs can be used to
estimate ideal points from large datasets orders of magnitudes faster than traditional methods. This type of
model also nicely balances the tradeoff between interpretability and flexibility, allowing for the estimation
of multidimensional ideal points while still maintaining a clear IRT interpretation. As the types of data
researchers use continues to grow in scale and complexity, VAEs are a promising new tool for estimating
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ideal points in political science.
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A Proofs

A.1 Mathematical Comparison to MCMC, EM, and Variational Inference

All four methods share a common inferential target: characterize the posterior 𝑝(𝜶,𝛀 | Y), or equivalently,
maximize the marginal log-likelihood

log 𝑝(Y;𝛀) = log
∫

𝑝(Y | 𝜶;𝛀) 𝑝(𝜶) 𝑑𝜶.

This integral is intractable in closed form for the IRT likelihood in Eq. 2, so each method handles the
intractability differently — with meaningful consequences for computational cost.

MCMC. Hamiltonian Monte Carlo and related samplers draw correlated samples (𝜶 (𝑡) ,𝛀(𝑡) ) from the joint
posterior by simulating Hamiltonian dynamics in the parameter space. The proposal uses the gradient of the
log-posterior

∇ log 𝑝(𝜶,𝛀 | Y) =
𝑁∑︁
𝑗=1

∇ log 𝐿(𝛀, 𝛼 𝑗 | y𝑗) + ∇ log 𝑝(𝜶) + ∇ log 𝑝(𝛀),

which requires a full pass over all 𝑁 voters and 𝐾 contests at every leapfrog step. MCMC is the only method
here that is asymptotically exact — given enough samples, the empirical distribution of the chain converges
to the true posterior. However, the parameter space has dimension 𝑂(𝑁 + 𝐾), so both per-iteration cost and
mixing time grow with the number of voters, making MCMC prohibitively slow for large 𝑁 .

EM. Expectation-maximization treats the voter ideal points 𝜶 as latent variables and targets the marginal
likelihood 𝑝(Y;𝛀) by iterating between:

• E-step: Compute 𝑄(𝛀 | 𝛀(𝑡) ) = 𝔼
𝑝(𝜶 |Y;𝛀(𝑡) ) [log 𝑝(Y, 𝜶; 𝛀)].

• M-step: 𝛀(𝑡+1) = argmax𝛀 𝑄(𝛀 | 𝛀(𝑡) ).

The E-step requires the posterior expectation 𝔼[𝛼 𝑗 | y𝑗;𝛀(𝑡) ] for each voter separately. Because the IRT
likelihood is non-conjugate, this integral lacks a closed form and is typically approximated with Gauss–
Hermite quadrature using 𝐺 points per latent dimension 𝐷, giving a per-iteration cost of 𝑂(𝑁𝐾𝐺𝐷). EM
converges to a local maximum of the marginal likelihood and does not produce uncertainty estimates for 𝜶
or 𝛀 without additional computation. Cost also scales linearly in 𝑁 , though constant factors are smaller than
MCMC because the M-step for 𝛀 can exploit structure in the IRT likelihood (Imai et al., 2016; Peress, 2022).

Variational inference. VI reframes posterior inference as optimization. For a chosen variational family Q,
it seeks

𝑞∗(𝜶) = argmin𝑞∈Q KL[𝑞(𝜶) ∥ 𝑝(𝜶 | Y;𝛀)] ,

which is equivalent to maximizing the ELBO in Eq. 3. The standard mean-field choice 𝑞(𝜶) =∏︁
𝑗 𝑞𝑗 (𝛼 𝑗) with

Gaussian factors introduces 2𝑁𝐷 free variational parameters — a pair (𝜇 𝑗, 𝜎 𝑗) per latent dimension per voter.
Optimizing these parameters via gradient ascent costs 𝑂(𝑁𝐾) per step and requires storing and updating
𝑂(𝑁𝐷) parameters. Memory and computation therefore still scale linearly in 𝑁 ; the gain over MCMC comes
from replacing sampling with gradient steps, which can exploit automatic differentiation and GPU parallelism,
and from restricting attention to the ELBO rather than the full joint distribution.
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VAE (amortized VI). The VAE replaces the 𝑂(𝑁𝐷) per-voter variational parameters with a single encoder
network 𝑓𝜙 shared across all voters:

(𝝁 𝑗, 𝝈 𝑗) = 𝑓𝜙 (y𝑗), 𝜶 𝑗 ∼ 𝑞𝜙 (𝜶 𝑗 | y𝑗) =N(𝝁 𝑗, diag(𝝈 2
𝑗 )),

as stated in Eq. 5. The objective is the same ELBO as in Eq. 6, but summed over a mini-batch of size 𝐵 ≪ 𝑁 :

�ELBO𝜙 =
1
𝐵

∑︁
𝑗∈B

[︂
𝔼𝑞𝜙 (𝜶 𝑗 |y𝑗 )

[︁
log 𝑝(y𝑗 | 𝜶 𝑗;𝛀)

]︁
− KL

[︁
𝑞𝜙 (𝜶 𝑗 | y𝑗) ∥ 𝑝(𝜶 𝑗)

]︁ ]︂
.

The reparameterization in Eq. 8 enables unbiased, low-variance gradient estimates of this objective with
respect to 𝜙. Crucially, the number of parameters to optimize is |𝜙| + |𝛀|, which is determined by the network
architecture and the number of contests — not by the number of voters. Each gradient step costs 𝑂(𝐵𝐾),
independent of 𝑁 , allowing training to be distributed across GPU cores and mini-batches to be drawn without
loading the full dataset into memory.

The amortization comes at a cost: the encoder must share a single set of parameters 𝜙 across all voters, so it
cannot perfectly tailor the approximation 𝑞𝜙 (𝜶 𝑗 | y𝑗) to each voter the way mean-field VI can. In practice, the
gap is small when the encoder is sufficiently expressive and the data are large, and the computational savings
far outweigh it for the applications considered here.

Table A.1 summarizes the key properties of each method.

Table A.1: Comparison of ideal point estimation methods. 𝑁 = voters, 𝐾 = contests, 𝐷 = latent dimensions,
𝐺 = quadrature points per dimension, 𝐵 = mini-batch size.

Method
Variational
parameters

Per-step
cost

Scales with
𝑁?

Asymptotically
exact? Uncertainty for 𝜶?

MCMC 𝜶, 𝛀 (sampled) 𝑂(𝑁𝐾) Yes Yes Yes
EM 𝛀 (marginalize

𝜶)
𝑂(𝑁𝐾𝐺𝐷) Yes No (local max) No

VI {(𝜇 𝑗, 𝜎 𝑗)}𝑁𝑗=1, 𝛀 𝑂(𝑁𝐾) Yes No (approx.) Yes (approx.)
VAE 𝜙, 𝛀 (shared

encoder)
𝑂(𝐵𝐾) No No (approx.) Yes (approx.)

A.2 Derivation of the ELBO for VAEs

The marginal log-likelihood of observations y requires integrating out the latent ideal points,

log 𝑝(y) = log
∫

𝑝(y|𝜶;𝛀) 𝑝(𝜶) 𝑑𝜶, (13)

which is intractable for nonlinear decoders. I introduce a variational distribution 𝑞𝜙 (𝜶 |y) by multiplying and
dividing inside the logarithm,

log 𝑝(y) = log
∫

𝑝(y|𝜶;𝛀) 𝑝(𝜶)
𝑞𝜙 (𝜶 |y)
𝑞𝜙 (𝜶 |y)

𝑑𝜶 = log 𝔼𝑞𝜙 (𝜶 |y)

[︃
𝑝(y|𝜶;𝛀) 𝑝(𝜶)

𝑞𝜙 (𝜶 |y)

]︃
. (14)
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Because log is concave, Jensen’s inequality gives log𝔼[𝑋] ≥ 𝔼[log 𝑋] , so

log 𝑝(y) ≥ 𝔼𝑞𝜙 (𝜶 |y)

[︃
log

𝑝(y|𝜶;𝛀) 𝑝(𝜶)
𝑞𝜙 (𝜶 |y)

]︃
≡ L(𝜙,𝛀; y). (15)

Expanding the logarithm separates the bound into a reconstruction term and a negative KL divergence,

L(𝜙,𝛀; y) = 𝔼𝑞𝜙 (𝜶 |y) [log 𝑝(y|𝜶;𝛀)]⏞                        ⏟⏟                        ⏞
reconstruction

−KL
[︁
𝑞𝜙 (𝜶 |y) ∥ 𝑝(𝜶)

]︁⏞                   ⏟⏟                   ⏞
regularization

. (16)

The gap between the log-likelihood and the ELBO is exactly the KL divergence between the variational
posterior and the true posterior. To see this, write

log 𝑝(y) = L(𝜙,𝛀; y) + KL
[︁
𝑞𝜙 (𝜶 |y) ∥ 𝑝(𝜶 |y)

]︁
, (17)

which follows from substituting Bayes’ rule, 𝑝(y|𝜶;𝛀) 𝑝(𝜶) = 𝑝(𝜶 |y) 𝑝(y), into Eq. 15: the integrand becomes
log 𝑝(y) − log

[︁
𝑞𝜙 (𝜶 |y)/𝑝(𝜶 |y)

]︁
, and log 𝑝(y) passes outside the expectation because it does not depend on 𝜶.

Since log 𝑝(y) is fixed with respect to 𝜙 and KL[·∥·] ≥ 0, maximizing L over 𝜙 is equivalent to minimizing
KL[𝑞𝜙 (𝜶 |y)∥𝑝(𝜶 |y)] , driving the variational family toward the true posterior.

A.3 Derivation of the Reparameterization Trick

Training requires computing gradients of the ELBO with respect to the encoder parameters 𝜙. The difficulty
is that the reconstruction term in Eq. 16 involves an expectation whose sampling distribution itself depends
on 𝜙,

∇𝜙 𝔼𝑞𝜙 (𝜶 |y) [log 𝑝(y|𝜶;𝛀)] = ∇𝜙
∫

𝑞𝜙 (𝜶 |y) log 𝑝(y|𝜶;𝛀) 𝑑𝜶, (18)

so the gradient cannot simply pass through the expectation — this is the inequality noted in Eq. 7 of the main
text. The score-function (REINFORCE) estimator rewrites this as 𝔼𝑞𝜙 [log 𝑝(y|𝜶;𝛀)∇𝜙 log 𝑞𝜙 (𝜶 |y)] , which is
unbiased but has notoriously high variance due to the score term, making optimization unstable in practice.

The reparameterization trick resolves this by expressing the stochasticity through a fixed, 𝜙-independent
noise variable. For the Gaussian approximate posterior 𝑞𝜙 (𝜶 |y) =N(𝝁𝜙, diag(𝝈 2

𝜙
)), any draw 𝜶 ∼ 𝑞𝜙 can be

written as

𝜶 = 𝝁𝜙 (y) + 𝝈 𝜙 (y) ⊙ 𝝐, 𝝐 ∼ N(0, I), (19)

where ⊙ denotes element-wise multiplication. This is the transformation introduced in Eq. 8 of the main
text. Under this change of variable the expectation over 𝑞𝜙 becomes an expectation over the fixed distribution
𝑝(𝝐) =N(0, I),

𝔼𝑞𝜙 (𝜶 |y) [𝑓 (𝜶)] = 𝔼𝑝(𝝐)
[︂
𝑓

(︂
𝝁𝜙 + 𝝈 𝜙 ⊙ 𝝐

)︂]︂
. (20)

Because 𝑝(𝝐) does not depend on 𝜙, the gradient operator passes through the expectation,

A-4



Even Faster Ideal Point Estimation July 12, 2026

∇𝜙 𝔼𝑞𝜙 (𝜶 |y) [𝑓 (𝜶)] = 𝔼𝑝(𝝐)
[︂
∇𝜙 𝑓

(︂
𝝁𝜙 + 𝝈 𝜙 ⊙ 𝝐

)︂]︂
, (21)

and standard automatic differentiation applies. In practice the expectation in Eq. 21 is estimated with 𝑆Monte
Carlo draws 𝝐 (𝑠) ∼ N(0, I), 𝑠 = 1, . . . , 𝑆,

∇𝜙 𝔼𝑞𝜙 (𝜶 |y) [log 𝑝(y|𝜶;𝛀)] ≈ 1
𝑆

𝑆∑︁
𝑠=1

∇𝜙 log 𝑝
(︂
y
�� 𝝁𝜙 + 𝝈 𝜙 ⊙ 𝝐 (𝑠) ;𝛀

)︂
, (22)

where 𝑆 = 1 per voter typically suffices for stable training, because averaging gradients over the voters in a
mini-batch already reduces the variance of the estimator. The KL term of Eq. 16 requires no Monte Carlo
approximation: for a Gaussian variational posterior and standard normal prior it has a closed form (given in
Eq. 25 below), so its gradient with respect to 𝜙 is computed exactly.

A.4 Derivation of the Loss Function for Conditional VAEs

Cast vote records are inherently incomplete: a voter who did not participate in a down-ballot race provides
no information about that race and voters do not participate in all races since they face different ballots in
different jurisdictions. I therefore condition both the encoder and decoder on a binary missingness mask
m𝑗 ∈ {0, 1}𝐾 , where 𝐾 is the number of races and 𝑚 𝑗𝑘 = 1 indicates that voter 𝑗 cast a vote in race 𝑘. The
encoder becomes 𝑞𝜙 (𝜶 𝑗 |y𝑗,m𝑗), and the decoder becomes 𝑝(y𝑗 |𝜶 𝑗,m𝑗;𝛀).

The quantity to bound is the conditional log-likelihood log 𝑝(y𝑗 |m𝑗), and the derivation of Eq. 15 carries
through withm𝑗 appended as a conditioning variable throughout. This yields the masked ELBO,

LCVAE(𝜙,𝛀; y𝑗,m𝑗) = 𝔼𝑞𝜙 (𝜶 𝑗 |y𝑗 ,m𝑗 )
[︁
log 𝑝(y𝑗 |𝜶 𝑗,m𝑗;𝛀)

]︁
− KL

[︁
𝑞𝜙 (𝜶 𝑗 |y𝑗,m𝑗) ∥ 𝑝(𝜶 𝑗)

]︁
. (23)

The prior on ideal points is taken to be independent of the participation pattern, 𝑝(𝜶 𝑗 |m𝑗) = 𝑝(𝜶 𝑗) =N(0, I),
a standard modeling choice for CVAEs.

Assuming ballot choices are conditionally independent across races given 𝜶 𝑗, and noting that y𝑗 contains
entries only for races in which voter 𝑗 participated, the log-likelihood of the observed choices reduces to a
sum over observed races,

log 𝑝(y𝑗 |𝜶 𝑗,m𝑗;𝛀) =
𝐾∑︁
𝑘=1

𝑚 𝑗𝑘 log 𝑝( 𝑦𝑗𝑘 |𝜶 𝑗;𝛀), (24)

so the reconstruction loss sums only over the 𝑚 𝑗𝑘 = 1 entries and unobserved races contribute nothing to the
gradient. The mask enters the decoder only through this gating: conditional on participation, the categorical
probabilities for race 𝑘 depend on 𝜶 𝑗 alone, which is why the per-race terms are written 𝑝( 𝑦𝑗𝑘 |𝜶 𝑗;𝛀). This
treatsm𝑗 as conditioning information rather than as data to be modeled; the generative model is agnostic
about why a race is unobserved. For each observed race 𝑘 the likelihood is categorical with probabilities given
by a softmax over the decoder’s logits, so this term evaluates to the masked cross-entropy.

For the KL term, the prior is 𝑝(𝜶 𝑗) = N(0, I) and the approximate posterior is 𝑞𝜙 (𝜶 𝑗 |y𝑗,m𝑗) =

N(𝝁 𝑗, diag(𝝈 2
𝑗
)). The KL divergence between two Gaussians has a closed form that requires no Monte Carlo

estimation,
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KL
[︂
N(𝝁 𝑗, diag(𝝈 2

𝑗 )) ∥ N (0, I)
]︂
=
1
2

𝐷∑︁
𝑑=1

(︂
𝜎2𝑗𝑑 + 𝜇

2
𝑗𝑑 − 1 − log 𝜎2𝑗𝑑

)︂
. (25)

Combining Eq. 24 and Eq. 25, approximating the reconstruction expectation with a single reparameterized
draw as in Eq. 22, and negating (since optimizers minimize), the training loss for voter 𝑗 is

J (𝜙,𝛀; y𝑗,m𝑗) = −
𝐾∑︁
𝑘=1

𝑚 𝑗𝑘 log 𝑝( 𝑦𝑗𝑘 |𝜶 (𝑠)
𝑗
;𝛀) + 1

2

𝐷∑︁
𝑑=1

(︂
𝜎2𝑗𝑑 + 𝜇

2
𝑗𝑑 − 1 − log 𝜎2𝑗𝑑

)︂
, (26)

where 𝜶 (𝑠)
𝑗

= 𝝁 𝑗 + 𝝈 𝑗 ⊙ 𝝐 (𝑠) with 𝝐 (𝑠) ∼ N(0, I) is a reparameterized sample. The full training objective sums
J over all voters 𝑗 = 1, . . . , 𝑁 and is minimized via stochastic gradient descent on mini-batches. The mask
m𝑗 thus plays a dual role: it gates the reconstruction loss so that missing races are ignored, and it is passed as
input to the encoder so the network can distinguish abstention from a low-probability vote.
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Table B.2: Representativeness of CVR sample counties vs. all U.S. counties (2020). Population-weighted
county means. Median-age weighting uses county medians. Alaska and Delaware only report their data at
the state level and are treated as a single county for comparison purposes.

CVR sample All U.S. counties

County characteristics

%White (non-Hispanic) 52.5 60.1
% Black 12.6 12.2
% Hispanic 24.7 18.2
% Asian 6.5 5.6
Median age 38.2 38.6
% age 65+ 15.8 16.0
% bachelor’s degree or higher 33.4 32.9
% rural 13.1 20.2
2020 Dem. two-party vote share 53.6 52.5

Sample coverage

Counties 289 3,112
Population (millions) 55.6 326.6

B Additional Details on Empirical Application

B.1 Cast Vote Record Data

I use ballot-level data, commonly called “cast vote records” (CVRs), from the 2020 general election. CVRs are
anonymized records of all the choices made by each voter on their ballot. The data is fully anonymous and I
am unable to identify anything about the voters except where they voted. The data has been standardized
into a common format across the nation to facilitate analysis and has been carefully validated to ensure the
data match aggregated election results.8

CVRs from the 2020 election were released by some local election administrators in response to increasing
calls from election activists to be able to independently verify the results of the 2020 election.9 The data
contains over 594.3 million choices in elections at all levels of government and in localities of all kinds from all
over the country, representing the votes of 34.8 million voters. A comparison of the demographics of the CVR
counties to all counties in the nation can be found in Table B.2. I first remove all candidates who received less
than 50 votes in the data, then remove all races where only one candidate was contesting the election, and
finally remove all races where a voter could select more than one candidate.10 The full set of CVRs covers 17
states, 289 counties, 34.8 million voters and 7,164 unique contests. See Figure B.1 for the full distribution of the
data. This data allow me to simultaneously study local-level heterogeneity and make comparisons between
jurisdictions.

B.2 MCMCModel Architecture

To validate the VAE estimates I fit a fully Bayesian version of the same categorical two-parameter IRT model
described in Eq. 1 using Hamiltonian Monte Carlo (HMC) as implemented in Stan (Stan Development Team,

8More details on this process can be found in Kuriwaki et al. (2024).
9Some states prohibit releasing CVRs in any form, and for other states the ability to do so depended on whether a group requested

them from a certain county, whether the county used technology enabling this data to be easily compiled, and whether the county
election office had the capacity to even complete the request.

10Future research should model these types of races since they represent about 10% of all elections in the data.
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Figure B.1: Cast Vote Record Distribution. This is a map of the United States subdivided by state and
county. Present counties are black, gray counties are in a state with some representation in the data, and
light gray counties are in a state with no representation in the data.

2026). Because HMC does not scale to the full dataset, I estimate this benchmark model on a single county,
Adams County, Colorado, restricted to single-magnitude contested races. This yields a sample of 12,006 voters,
which is small enough to sample from directly but still large enough to provide an informative comparison.
The identical set of ballots is used to compute the VAE-vs-MCMC correlations reported in Appendix C.

The likelihood is exactly Eq. 1: for voter 𝑗 in contest 𝑘, the probability of choosing candidate 𝑐 is the softmax
of the linear predictors 𝜂𝑗𝑘𝑐 = 𝛼 𝑗𝛾𝑘𝑐 − 𝛽𝑘𝑐, where 𝛼 𝑗 is the voter’s one-dimensional ideal point, 𝛾𝑘𝑐 is the
discrimination of candidate 𝑐, and 𝛽𝑘𝑐 is that candidate’s difficulty. Within each contest one candidate serves as
the reference category, with its discrimination and difficulty fixed to 𝛾𝑘𝑐 = 𝛽𝑘𝑐 = 0; this resolves the softmax’s
additive indeterminacy. The remaining rotational, reflection, and scale indeterminacies of the latent space are
handled through the priors below and by post-processing the draws (rescaling to unit variance and orienting
the scale so that higher values correspond to more conservative voters) before comparison.

I place the following priors on the parameters. For identification, each voter’s ideal point is given a standard
normal prior, 𝛼 𝑗 ∼ N(0, 1), which fixes the scale and location of the latent space. The candidate-level item
parameters are modeled hierarchically. Discriminations are drawn from a common normal distribution,
𝛾𝑘𝑐 ∼ N(0, 𝜎𝛾), and difficulties from a normal distribution centered on a shared mean, 𝛽𝑘𝑐 ∼ N(𝜇𝛽 , 𝜎𝛽), so
that information is pooled across candidates. The hyperparameters receive weakly informative Student-𝑡
priors, 𝜇𝛽 ∼ 𝑡3(0, 2.5) and 𝜎𝛾 , 𝜎𝛽 ∼ 𝑡+3 (0, 2.5), with the scale parameters constrained to be positive. To keep the
likelihood efficient, contests are stored in a ragged (long) format and the per-contest categorical likelihood is
evaluated with Stan’s OpenCL acceleration on a GPU.

Rather than initializing HMC from random or default starting values, I first fit the model with variational
inference and use the resulting approximate posterior to initialize the sampler. Specifically, I run the Pathfinder
algorithm (Zhang et al., 2022), a parallel quasi-Newton variational method, on the same data and model,
and pass its draws as initial values for the Markov chains. This warm start places the chains in a region of
high posterior mass, which substantially reduces warmup time and improves mixing for a model of this
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dimensionality. I then run HMC with the No-U-Turn Sampler using four chains of 1,000 warmup and 1,000
sampling iterations each, for a total of 4,000 posterior draws. Convergence is assessed with the standard 𝑅̂
and effective-sample-size diagnostics. The model converges well. The voter ideal-point estimates used for
validation are the posterior means of 𝛼 𝑗.

B.3 VAE Model Architecture

The main model reported in the paper is fit on the full pooled dataset (combined.parquet). Following the
hyperparameter recommendations in the main text, I fit the VAE with a single hidden layer of size 128, one
latent dimension, an embedding dimension of 16, mini-batches of size 1{,}024, a learning rate of 5 × 10−5,
and one importance-weighted ELBO sample. Since each contest can contain more than two candidates, I
fit a categorical model with the reference candidate set either to the Democratic option or, in nonpartisan
contests, randomly. I also implement the missing-data mask described in the extensions section.

The encoder is embedding-based rather than a dense network over the raw ballot. Each item (contest) has its
own embedding table that maps the chosen candidate to a 16-dimensional vector; a per-item linear projection
with an ELU nonlinearity is applied, the resulting vectors are averaged across only the contests a voter
actually appears in (a masked mean-pool that handles the sparse, ragged ballot structure), and this pooled
representation is passed through the size-128 hidden layer (again with an ELU) before two linear heads produce
the mean and log–standard-deviation of the one-dimensional latent. The reparameterized latent draws are
passed through a learned Cholesky transform. The decoder is deliberately shallow: it is a single linear map
from the latent space to per-contest categorical logits, so that the decoder weights and biases recover the
2PL-style discrimination and difficulty parameters directly (Eq. 1) rather than being entangled in additional
hidden layers. Optimization uses Adam (with AMSGrad) and early stopping on the training loss, for up to 20
epochs.

B.4 Comparison of Ideal Points to Two-Party Vote Share

B.5 Full County Map of Ideal Points

C Hyperparameter Tuning

The choice of hyperparameters for the VAE model is important for the performance of the model. I conduct a
hyperparameter tuning process to evaluate the sensitivity of the model to different hyperparameter choices.
The hyperparameters I tune include the batch size, hidden layer size, number of latent dimensions, number
of ELBO samples, learning rate, and embedding dimension. The Bayesian MCMC estimates come from a
model fit on a sample of voters in Adams County, Colorado only but the VAE estimates are performed on
the full state of Colorado to maximize the accuracy. The results from the full state are then filtered down to
only the ballots used for estimation in the MCMC model for comparison. Notice that unlike the main paper,
which uses the fit from the entire data set, here I only use Colorado data to ensure I can reasonably iterate
over many hundreds of hyperparameter combinations.

For each hyperparameter, I vary its value while keeping the other hyperparameters fixed at their default
values. I then evaluate the correlation between the VAE estimates and the MCMC estimates for each iteration
of the tuning process. The results of the hyperparameter tuning process are displayed in Figure C.4. The plot
shows that the correlation between the VAE estimates and the MCMC estimates is relatively stable across
different hyperparameter values, with some variation depending on the specific hyperparameter. Overall,
the model appears to be robust to different hyperparameter choices and the default values used in the main
analysis are reasonable choices for this application. I confirm this visual assumption with a simple multivariate
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Figure B.2: Ideal point estimates of ideology versus two-party vote shares. The plot displays, for
each precinct in the CVR data, the mean ideal point in the precinct matched to the two-party vote share for
Trump from precinct-level election returns (Baltz et al., 2022). In the top left corner of the plot is the overall
correlation of the plot.

Figure B.3: Underlying Ideal Point Estimates in U.S. Counties. The plot displays the mean ideal point
among voters in each county in the U.S. where I have data, mirroring Figure B.1. Counties that are more
blue lean more towards the Democrats, whereas counties that are more red lean towards the Republicans.
Otherwise, the figure is constructed in the same way as Figure B.1.
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Table C.3: Multivariate regression of the VAE-vs-MCMC correlation on the tuned hyperparameters.
Predictors are z-standardized, so each coefficient is the change in correlation associated with a one-standard-
deviation increase in that hyperparameter; standard errors are in parentheses. * p<0.05, ** p<0.01, ***
p<0.001.

Coefficient

(Intercept) 0.856***
(0.019)

Batch size 0.013
(0.021)

Hidden size 0.011
(0.020)

Embedding dim -0.027
(0.020)

Learning rate -0.004
(0.020)

ELBO samples 0.016
(0.020)

linear regression, where the outcome is the correlation between the VAE and MCMC estimates, with the
hyperparameters set as covariates and standardized so their coefficients are directly comparable (Table C.3).
The results confirm the visual depiction – none of the hyperparameters has a coefficient that is statistically
distinguishable from zero, so none of them substantively change the overall correlation when allowed to vary.
I recommend researchers conduct a similar hyperparameter tuning process to ensure the best performance of
the model for their specific application. The speed of the VAE model allows this kind of tuning process to be
feasible even with large datasets, which is a significant advantage over traditional MCMC methods.

Figure C.4: Hyperparameter Tuning. The plot displays, for each iteration of the hyperparameter tuning
process, the correlation between the VAE estimates and the MCMC estimates on the y-axis and the value of
the hyperparameter on the x-axis. Each facet represents a different hyperparameter. The dashed black line
is a loess line fit to the data.
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