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Abstract
Electron cryomicroscopy (cryo-EM) is a popular experimental technique to recover
the 3D structure of macromolecular complexes, such as proteins, using extremely
noisy images that contain particles posed in unknown orientations. We propose
a new semi-amortized approach to the ab-initio reconstruction problem. In early
stages, when uncertainty is high, poses are estimated using auto-encoding, followed
by auto-decoding as uncertainty decreases. A multi-head encoder is adopted
for amortization to infer multiple plausible poses for each image, encouraging
exploration of pose space, while flexible auto-decoding iteratively update poses
per-image using stochastic gradient descent. Empirical results on synthetic datasets
demonstrate that our method is able to handle multi-modal pose distributions,
and the use of auto-decoding yields faster and more accurate pose convergence
compared to baselines. We also show that on experimental data our approach
achieves reconstruction with higher resolution than the current state-of-the-art.

1 Introduction
During a cryo-EM experiment, a particle stack of 104–107 images of a target bio-molecule are
acquired by an electron microscope, from which the goal is to reconstruct the unknown 3D structure
[1]. This ab-initio reconstruction task presents some challenges. First, the pose of the particle in each
observation is unknown and needs to be estimated. Second, to prevent radiation damage, the electron
exposure is limited leading to a poor signal-to-noise ratio (SNR). This obscures high-resolution details
in images, complicating pose and structure estimation. Third, structures are often non-rigid, thus
accounting for structural variability is crucial to achieve high-resolution reconstruction [2, 3, 4, 5].

Recent advancements in method development have centered on deep learning. CryoDRGN [4]
introduced an image encoder-volume decoder architecture to model continuous heterogeneity with
known poses. CryoDRGNv2 [6] improved on using a hierarchical pose search, comprising grid search
followed by branch-and-bound (BnB), akin to cryoSPARC [7]. On the other hand, cryoPoseNet [8]
and cryoAI [9] use amortized inference through CNNs to efficiently estimate poses without orienta-
tion matching. However, these amortized methods may struggle to capture multi-modal posterior
distributions in early reconstruction stages, and their reliance on a global encoder can slow pose
convergence, making them less accurate than approaches like cryoSPARC [7] and cryoDRGNv2 [6]
with explicit per-image pose search. For a more comprehensive review of prior work, see Supp. A.

We present a novel method for ab-initio homogeneous reconstruction that handles multi-modal pose
distributions with a tailored encoder and accelerates pose optimization using semi-amortization [10].
Unlike cryoPoseNet and cryoAI, which produce one or two pose estimates, we adopt a multi-head
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Figure 1: Our semi-amortized method consists of two stages: (i) an auto-encoding stage where
a multi-head encoder maps the input image to the pose candidate set f� 1; : : : � M g, followed by
computing projections by slicing through the volume decoder in Fourier space based on the predicted
pose set. The projection with the minimum error is used in the final loss. (ii) an auto-decoding stage
where pose parameters are stored in axis-angle representation per-image. The same volume decoder
is used to obtain projections, and the reconstruction loss is computed for a single projection.

CNN-based encoder to predict multiple candidate poses for each input image. This design accounts
for pose uncertainty and encourages pose exploration during early stages of reconstruction. For
structure decoding, instead of computationally expensive implicit models, as in cryoDRGN and
cryoAI, we use an explicit parameterization enabling faster 3D reconstruction. For training, inspired
by multi-choice learning [11, 12, 13], we use a "winner-takes-all" loss in which the decoder is queried
to obtain 2D projection for all predicted poses, and the one with the lowest reconstruction error is
selected to determine the loss. Also, as higher resolution details emerge, the pose posterior becomes
uni-modal, allowing the pose search to focus on the most likely mode. At this point, we propose to
switch to auto-decoding where poses are iteratively refined using stochastic gradient descent (SGD).
This explicit per-image pose optimization yields accelerated convergence compared to solely relying
on amortized inference, which depends on potentially sub-optimal encoder predictions.

Through comprehensive analysis on synthetic datasets, we validate that semi-amortized inference
noticeably accelerates the convergence of poses and our multi-head encoder can handle multiple
modes in the pose posterior. Moreover, our method quantitatively and qualitatively outperforms
cryoSPARC [7], cryoAI [9], and cryoDRGN [6] on a real experimental dataset.

2 Methodology

We propose a semi-amortized approach to ab-initio cryo-EM reconstruction by mixing pose auto-
encoding and auto-decoding. Initially, we adopt amortized inference (Fig. 1, auto-encoding) where
a multi-head encoder outputs a set of pose guesses to handle the pose uncertainty. Once the pose
posterior becomes less uncertain, we circumvent sub-optimal encoder predictions by switching to
direct optimization (Fig. 1, auto-decoding) yielding arguably more accurate poses. We couple our
pose estimation module with an explicit volumetric decoder representing the 3D structure in the
Hartley space [4]. The explicit model enables faster evaluation of projections compared to implicit
neural representations [14, 15, 16], significantly reducing the reconstruction time (see Supp. D). We
provide the detailed mathematical formulation of the cryo-EM reconstruction problem in Supp. B.

2.1 Multi-choice Auto-encoding

Due to low SNR and near-symmetries in biological structures, there exist several equally-plausible
poses for each image early in reconstruction, rendering naive optimization or search methods prone
to local minima. To account for uncertainty, we build upon cryoAI [9] and extend the encoder to
return multiple plausible poses. Formally, given the image I i 2 RH � W , M poses are obtained as,

� i = (Ri;j ; t i;j ) = H � j
(Fi ) ; Ri;j 2 SO(3) ; t i;j 2 R2 (1)
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where image-speci�c intermediate featuresFi 2 RC � H � W are extracted by VGG16 [17], and then
supplied toM separate fully-connected predictor heads,H � j ; 1 � j � M , yielding the pose set
f � i; 1; : : : ; � i;M g. To optimize the encoder-decoder, inspired by multi-choice learning [11, 12, 13],
we use the “winner-takes-all” loss. The negative log-likelihood of the observed Fourier imageÎ i

conditioned on the 3D Fourier volume estimateV̂ with pre-computed CTF̂gi and predicted pose� i;j
is given as

L i;j = �
1

2� 2

X

!

[ĝi � (P̂ [Ri;j ; t i;j ]V̂ )( ! ) � Î i (! )]2 ; (2)

whereP̂ is the slicing operator and� 2 is the noise variance. The minimum is then selected as the
�nal loss for the corresponding image, i.e.,L i = min j L i;j . Interestingly, this loss encourages each
head to specialize in pose estimation over localized regions with minimal overlap across heads (see
Supp. F). Also, cryoAI [9] can be viewed a special case of this formulation; it assigns two poses to
each image by input augmentation, and selects the best one with a symmetrized loss. In contrast, our
approach augments the output of the encoder with multiple heads, each providing a pose estimate.

2.2 Switching from Auto-encoding to Auto-decoding

Unlike in early stages when high uncertainty encourages pose exploration, in later stages, as higher
frequency details of the structure emerge, the variance of the pose posterior tends to decrease,
becoming unimodal. At this point, the gap between the amortized and variational posterior is mainly
determined by the error in the pose estimate (predicted mean), prioritizing accuracy over exploration.
However, a feed-forward network, as a globally parameterized function of input images, may be too
restrictive with limited prediction accuracy, rendering amortization as a barrier to further re�nement
of the 3D structure. In prior work [10, 18, 19, 20], a similar issue called theamortization gaphas been
discussed which measures the KL-divergence between the true and predicted variational posteriors.

To address this issue, we adopt a semi-amortized inference scheme [10] comprising two stages. First,
the encoder predicts a set of pose candidates using a multi-head architecture. In the second stage,
rather than amortized inference, pose parameters are directly optimized for each image using SGD.
To initialize poses for thei -th image, we choose the one with the lowest reconstruction loss from
the set of candidatesf � i; 1; : : : ; � i;M g, namely� �

i = � i;s such thats = arg min j L i;j . Subsequently,
the pose and structure are optimized by coordinate descent using the negative log-likelihood as the
objective function. Please see Supp. C for more details on pose optimization.

3 Experiments

Datasets. We compare our method with amortized methods of cryoAI [9] and cryoDRGN [6],
as well as cryoSPARC [7] on both synthetic and real datasets. We simulate two synthetic datasets
using PDB deposited atomic models of heat shock protein (HSP) [21] (1:5 Å) and pre-catalytic
spliceosome [22] (4:33Å), each comprisingN = 50; 000noisy CTF-corrupted projections of size
L = 128 with SNR= 0 :1. To simplify the study, it is assumed synthetic particles are centered and
we omit estimating translation parameters. We also adopt as a real benchmark of 80S experimental
dataset [23] (EMPIAR-10028) containing 105,247 images of lengthL = 360 with pixel size1:34 Å.
Following prior work [6, 9], we downsample the images toL = 128 (3:76 Å) and randomly split the
data into two halves and run the reconstruction methods independently on each.

Implementation details. During auto-encoding, we use encoders withM = 7 andM = 15 heads
for reconstruction on synthetic and real datasets, respectively, with Adam [24] to optimize encoder
and decoder with learning rates0:0001and0:05. Once switched to direct optimization (after7 epochs
for synthetic and15epochs for real data), we reduce the decoder learning rate to0:02and allocate a
new optimizer for pose parameters with learning rate0:05. We use a batch size of64and train for the
same number of epochs (20 for synthetic and30 for real data). We use the public cryoAI codebase,
cryoSPARC v4.4.0 [7] with default settings, and run the CryoDRGN in homogenous ab-initio setting.

3.1 Results

We �rst qualitatively compare reconstructions obtained by our method with cryoAI, cryoDRGN,
and cryoSPARC (Fig. 2, left). We found that cryoAI fails to estimate translation parameters for 80S
dataset. Hence, for this method, we preprocess images to be well-centered, whereas our method and
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Figure 2: Qualitative and quantitative comparison of our semi-amortized method with cryoAI [9],
cryoDRGN [6] and cryoSPARC [7]. (Left) Final 3D reconstructions on two synthetic datasets and
one experimental data are depicted using ChimeraX [25]. (Right) FSC curves are visualized for
quantitative comparison. The red dashed lines show the standard threshold levels of0:5 and0:143to
report the resolution (in angstroms) for synthetic and real data, respectively. Our method achieves
higher resolution on the Spliceosome and HSP datasets, and it is competitive with the state of the art
on EMPIAR-10028 datasets. See additional results on Spike Protein in Supp. E.

Figure 3: Resolution as a function of log time.

Method HSP Spliceosome

CryoSPARC [7] 6.23 / 1.05 1.41 / 1.36
CryoAI [9] 45.83 / 61.86 2.85 / 2.61
Ours 3.27 / 0.97 0.68 / 0.61

Table 1: Estimated rotation accuracy quanti�ed as
mean/median errors in units of degrees. CryoAI
has greater error on the HSP dataset due to conver-
gence to local minima, resulting in inaccurate pose
estimates.

others are fed with off-centered particles. Both our method and cryoSPARC capture high-frequency
details of the 3D structure on all datasets, whereas reconstructions by amortized methods, cryoAI and
cryoDRGN, are inferior on HSP and 80S datasets. In particular, on HSP, cryoAI gets stuck in local
minima as it fails to handle high uncertainty in poses caused by symmetries in this structure.

For quantitative comparison, we plot the gold-standard Fourier Shell Correlation (FSC) [26] (Fig. 2,
right). FSC obtained by our method outperforms cryoSPARC as well as amortized methods of cryoAI
and cryoDRGN on all datasets. Also, our method achieves higher or competitive resolution compared
to others. We also report the mean and median errors in estimated poses on synthetic datasets in Table
1, showing that our method outperforms others. Moreover, the resolution-time plot in Fig. 3 shows
that our semi-amortized method achieves a high-resolution reconstruction signi�cantly faster than
cryoAI. Our semi-amortization scheme accelerates the improvement in the resolution and the explicit
decoder is more computationally ef�cient than an implicit MLP. In Supp. D we provide a detailed
ablation study that shows our method is� 6x faster and uses� 5x less memory compared to cryoAI.

3.2 Semi-Amortized vs. Fully Amortized

To show the advantage of auto-decoding, we compare our semi-amortized method with a fully-
amortized baseline on the Spliceosome dataset. After7 epochs of auto-encoding, we split the
reconstruction into two: one continues with pose encoding, while the other switches to direct pose
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Figure 4: Comparison of fully- vs. semi-amortized methods in pose optimization on the Spliceosome
dataset.(Left) We plot the mean pose error versus optimization epoch. Switching from amortized
inference to direct optimization using our method(blue) leads to faster pose convergence compared
to fully-amortized inference(red). (Right) We visualize the approximate log posterior for three
particles as a view-direction distribution on a unit sphere. The neighborhood of the mode of interest
is visualized using Gnomonic projection. Theblack dot marks the initial point of optimization.

Figure 5: Comparison of the performance of our multi-head encoder (M = 4) with the cryoAI
encoder on the challenging HSP [21] dataset.(Left) The approximate log posterior of view direction
is visualized on the unit sphere with highlighted areas showing modes of the distribution. CryoAI
and multi-head encoders provide two and four pose estimates, respectively, which are marked with
colored dots on the sphere, with the corresponding projections illustrated below. CryoAI fails to
�nd the correct mode while our method is able cover multiple modes.(Right) With our multi-head
encoder, the reconstruction converges to a much higher resolution compared to cryoAI.

optimization. The mean pose error (Fig. 4, left), reveals that with transition to direct optimization,
pose error drops rapidly. However, the fully-amortized baseline shows slow convergence, highlighting
the superiority of auto-decoding in later reconstruction stages. We further investigate the trajectory of
pose estimates overlaid on the optimization landscape (Fig. 4, right). Poses from direct optimization
(blue dots) show stable convergence to the optimal point, while those from the encoder (red dots) often
oscillate. Auto-decoding is more �exible and achieves more stable convergence than auto-encoding
with potentially sub-optimal pose prediction. See Supp. G for more examples.

3.3 Multi-Modal Pose Posterior

Lastly, we examine the performance of our multi-head encoder vs. cryoAI encoder in handling the
pose uncertainty on HSP dataset. We run our method withM = 4 heads. In the provided example,
Fig. 5 left (see Supp. H for additional examples), the approximate posterior distribution over view
direction is visualized for both cryoAI and the multi-head encoder. Our multi-head encoder identi�es
the correct mode while cryoAI selects an incorrect one. Our encoder also captures other posterior
modes, offering improved exploration of pose space compared to cryoAI's limited predictions. This
also leads to faster convergence and higher-resolution reconstructions (Fig. 5, right). In Supp. F, we
investigate how each head specializes in pose prediction for non-overlapping regions ofSO(3).

4 Conclusion
In this paper, we propose a new semi-amortized approach to ab-initio cryo-EM reconstruction. We
develop a multi-head encoder to estimate a set of plausible candidates to handle pose uncertainty. As
the uncertainty is reduced, we switch to auto-decoding which iteratively re�nes poses using SGD
per-image. Our results show that the multi-head encoder is able to capture multiple modes of the pose
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