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Fig. 1: We evaluate multiple existing 3D face reconstruction methods (such as MICA,
DECA, and TokenFace) on a given input image. Our theoretical classiőer selects the
best reconstruction for each input, enabling us to calculate lower error bounds for
combinations of methods and establish new baselines for 3D face reconstruction per-
formance.

Abstract. We introduce łN Heads Are Better Than Onež, a novel ap-
proach for evaluating combinations of existing 3D face reconstruction
methods. By calculating lower theoretical error bounds for method com-
binations on the NoW benchmark, we establish a robust set of new
baselines for the task of 3D face reconstruction. Our work also pro-
vides a framework for assessing the potential of these aggregate ‘pseudo-
foundation models,’ which leverage strengths from multiple existing ap-
proaches. In doing so, we improve understanding of the performance of
current methods and set targets for future foundation models to beat.
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1 Introduction

3D face reconstruction from 2D images is a fundamental task in computer vi-
sion with wide-ranging applications [20]. Despite advancements, accurately esti-
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mating 3D face shape from a single image remains an ill-posed problem due to
inherent ambiguities [3]. Statistical priors like 3D Morphable Models provide ad-
ditional constraints, but their use is limited by the size and diversity of available
training data [6, 9].

The emergence of foundation models offers potential for improved reconstruc-
tion accuracy and user interaction by leveraging vast amounts of data across
multiple modalities (image, video, text, 3D). However, realising their full po-
tential requires establishing new, strong, interpretable baselines and developing
better analytical tools to inform the design of new methods.

We introduce łN Heads Are Better Than Onež, a method to calculate lower
theoretical error bounds for combining existing 3D face reconstruction methods.
This approach provides a new set of strong baselines, demonstrates potential
improvements by leveraging complementary strengths of existing methods, and
in doing so, develops a range of pseudo-foundation models that act as ag-
gregates of existing methods. Our work contributes to the development of a
comprehensive foundation model for the human head and expands the under-
standing of existing 3D face reconstruction methods.

2 Related Work

2.1 3D Face Reconstruction

3D face reconstruction is a long-standing research topic in computer vision.
Approaches are broadly categorised into model-based and model-free meth-
ods [20]. Model-based approaches, particularly those using 3D Morphable Mod-
els (3DMMs) [4], are widely adopted due to their ability to incorporate prior
knowledge about face shape and appearance.

The 3D Morphable Model, introduced by Blanz and Vetter [4], is a learned
statistical model of the human face that considers both shape and texture. It is
constructed by performing dimensionality reduction on a set of training meshes
put into dense point-to-point correspondence. This model has become a widely-
popular and useful tool for both generation and analysis of the human face,
offering a compact representation of facial geometry and appearance. This en-
ables reconstruction to be formulated as an optimisation or regression problem
to this learned lower-dimensional space of the human head.

2.2 Deep Learning Approaches and Datasets

Recent advancements in deep learning have signiőcantly improved 3D face re-
construction. Tewari et al. [17] introduced MoFA, a self-supervised approach
combining a convolutional encoder with a differentiable renderer, allowing end-
to-end training on 2D images alone. Zielonka et al. [19] achieved state-of-the-art
results with MICA, leveraging a uniőed collection of existing 3D face datasets for
supervised training. This demonstrates the importance of diverse, high-quality
training data for improved reconstruction accuracy, particularly for metric ac-
curacy.
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Zhang et al. [18] employed a Vision Transformer for encoding facial com-
ponents in their TokenFace method, achieving state-of-the-art results on the
NoW benchmark [15]. They use a hybrid training strategy, combining super-
vised training on uniőed 3D face datasets with self-supervised training on large
image datasets. The scarcity of available 3D data presents a key challenge for
accurate metric reconstruction, limiting the application of supervised learning
in this őeld. This suggests that further sources of information across multiple
modalities (images, text, video, 3D) will be required to improve 3D face recon-
struction, an opportunity that foundation models may address.

2.3 Foundation Models in 3D Face Reconstruction

The emergence of foundation models like CLIP [12] and Stable Diffusion [13] has
opened new possibilities for 3D face reconstruction. These models, pre-trained on
vast datasets, offer rich representations for various downstream tasks. Aneja et
al. [1] demonstrated CLIP’s potential for text-based editing of 3D face models,
enabling intuitive manipulation of facial attributes through natural language.
Rowan et al. [14] utilised conditioned Stable Diffusion to generate large-scale
paired datasets for 3D reconstruction, enabling supervised learning at scale,
though the datasets remain susceptible to generation artifacts. Early attempts
at face-speciőc foundation models include Arc2Face [11], which őne-tunes Stable
Diffusion to generate face images from identity descriptors, showing impressive
identity consistency but lacking 3D shape grounding. 4M [10] and 4M-21 [2] use
expert models to train any-to-any foundation models for generation and analy-
sis, including human poses, shape, depth, and normals. These approaches offer
insights into opportunities for a face-speciőc foundation model. Our method of
calculating lower error bounds for combining existing reconstruction techniques
provides a framework to evaluate the potential performance of pseudo-foundation
models that leverages the strengths of multiple existing approaches.

3 Methodology and Experimental Setup

3.1 N Heads Are Better Than One

It is a common saying that ‘two heads are better than one’. This expression
captures the intuition that two people considering the same problem are often
better than one. We extend this idea to ‘N heads are better than one’ for 3D
face reconstruction. We propose that having N reconstruction methods, each
producing a single reconstruction for a given input image, offers the opportunity
to develop a challenging set of new baselines for 3D face reconstruction. This
can be used both to inform the design of foundation models for digital humans,
by better understanding existing methods for face reconstruction, and to assess
their performance against the strong new set of baselines our method provides.
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3.2 Combining Reconstruction Methods

We aim to determine the theoretical performance achievable by optimally select-
ing the best reconstruction network for a given image. This can be approached
in two ways: as a classiőcation problem to be learned or as an optimisation prob-
lem using known error values from a benchmark. We consider the latter case in
this paper. Our theoretical approach simulates an idealised classiőer that always
selects the best network for a given image. This classiőer, C(If , S), selects the
reconstruction network fr from set S that minimises the error function E for an
input image If :

C(fi, S) = argmin
fr∈S

E(If , fr) (1)

Where fi is the input image, S is the subset of reconstruction networks,
fr is a reconstruction network in S, and E(If , fr) is the error function. This
approach provides an upper bound on the performance achievable by any prac-
tical method selection strategy, serving as a benchmark for evaluating real-world
implementations and guiding future research.

3.3 The NoW Benchmark

We implement an idealised classiőer as deőned in Eq. (1) and evaluate our ap-
proach using the NoW benchmark [15], which has become the standard for as-
sessing 3D face reconstruction from 2D images. NoW comprises high-quality
images and 3D head scans of 100 subjects (20 validation, 80 test), featuring
various poses, occlusions, and expressions. Using the test set, we calculate the-
oretical lower error bounds for combining reconstruction methods across metric
and non-metric reconstruction. We include all publicly available methods on the
NoW benchmark, except 3DFFA-V2 due to incomplete error data.

4 Results and Analysis

4.1 Performance of Combined Methods

To quantify the potential of method combination and provide a comprehensive
analysis of progress in the őeld, we present the results of combining various
existing methods in Table 1. This table includes combinations grouped by year
of publication (pseudo-foundation models), as well as novel combinations we
introduce, such as DICA (DECA + MICA) and TICA (TokenFace + MICA).

Our analysis reveals several signiőcant őndings:

1. Progress over time: The time-grouped results, visualised in Figures 2a
and 2b, demonstrate a clear trend of improvement in both metric and non-
metric reconstruction. The combination of all methods up to 2023 consis-
tently outperforms individual methods by a substantial margin, indicating
the potential beneőts of combining multiple approaches.
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Method Non-Metric Metric (mm)
Median Mean Std Median Mean Std

FLAME mean [9] 1.21 1.53 1.31 1.49 1.92 1.68
Deng et al. (PyTorch) [5] 1.23 1.54 1.29 2.26 2.90 2.51
RingNet [15] 1.21 1.53 1.31 1.50 1.98 1.77
MGCNet [16] 1.31 1.87 2.63 1.70 2.47 3.02
DECA [7] 1.09 1.38 1.18 1.35 1.80 1.64
MICA [19] 0.90 1.11 0.92 1.08 1.37 1.17
FOCUS [8] 1.04 1.30 1.10 1.41 1.85 1.70
TokenFace [18] 0.76 0.95 0.82 0.97 1.24 1.07

DICA 0.87 1.09 0.92 1.04 1.34 1.17
TICA 0.75 0.94 0.82 0.93 1.20 1.05
FICA 0.86 1.08 0.92 1.04 1.33 1.17
TECA 0.75 0.95 0.83 0.95 1.22 1.07
TOCUS 0.75 0.95 0.83 0.95 1.21 1.07

2018 & earlier 1.42 1.85 1.73 3.91 4.84 4.02
2019 & earlier 0.99 1.27 1.12 1.37 1.86 1.72
2020 & earlier 0.97 1.26 1.19 1.26 1.72 1.65
2021 & earlier 0.94 1.23 1.15 1.14 1.51 1.39
2022 & earlier 0.80 1.02 0.93 0.93 1.20 1.06
2023 & earlier 0.72 0.93 0.84 0.86 1.12 0.99

Table 1: Results for both metric and non-metric reconstruction on the test set of the
NoW benchmark. We compile results for existing methods and compare them with
theoretical lower bounds for combinations of methods, both by date of publication
and for novel combinations of existing methods such as DICA which is the lower error
bound for combining MICA and DECA.

2. TokenFace performance: Notably, TokenFace [18] surpasses the combina-
tion of all pre-2022 methods in non-metric reconstruction. This signiőcant
improvement in shape recovery accuracy can be attributed to its novel use
of facial component tokens and vision transformers.

3. Complementary method strengths: The TICA combination (TokenFace
+ MICA) exhibits improved performance in metric reconstruction compared
to individual methods, while offering minimal improvements in non-metric
reconstruction over TokenFace alone. This suggests that MICA contributes
additional strength in recovering facial scale, while TokenFace excels in cap-
turing precise facial shapes.

4. Diminishing marginal returns: While we observe continuous improve-
ment, the relative gains appear to be diminishing, particularly in non-metric
reconstruction. This trend may indicate an approach towards the limits of
current datasets and training methods, emphasising the need for new archi-
tectures or the integration of additional data modalities.

5. Differential progress in metrics: Our analysis reveals that metric re-
construction has experienced more substantial relative improvements since
the introduction of the NoW benchmark. This suggests that recent meth-
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ods have been particularly effective in addressing challenges related to facial
scale over precise facial details.

These őndings demonstrate the potential beneőts of developing hybrid ap-
proaches that leverage the strengths of multiple existing methods to achieve
more accurate 3D face reconstructions. They also provide valuable insights into
the current state of the őeld, indicating promising directions for future research.

(a) (b)

Fig. 2: Error plots for the NoW benchmark in metric and non-metric reconstruction.
We compare errors from two leading approaches and the combination of all methods
grouped by their year of publication. 18 and 14 methods are considered respectively.

4.2 Error Reduction Over Time

Table 2 presents a quantitative assessment of error reductions over time for both
metric and non-metric errors in 3D face reconstruction on the NoW benchmark.
We analyse the errors for combined methods grouped by year of release. For ex-
ample, ‘2022 to 2023’ represents the performance difference between theoretically
combining all methods released up to 2022 and those released up to 2023.

Our analysis reveals improvements in both metric and non-metric reconstruc-
tion over time. Notably, metric reconstruction has experienced the largest rel-
ative improvement since the introduction of the NoW benchmark. Speciőcally,
we observe a cumulative error reduction of 77.96% for metric reconstruction,
compared to 48.72% for non-metric reconstruction between 2018 and 2023.

It is important to note that this comparison is made at an aggregate level
of methods available at certain points in time, rather than a direct comparison
of individual methods. This is because several methods only report results for
non-metric reconstruction, as they are designed to recover facial details but not
facial scale.
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Year Median (%) Mean (%) Std (%) Cumulative (%)

Non-Metric Errors

2018 to 2019 30.28 31.35 35.26 30.28

2019 to 2020 2.02 0.79 -6.25 31.66

2020 to 2021 3.09 2.38 3.36 33.77

2021 to 2022 14.89 17.07 19.13 43.91

2022 to 2023 10.00 8.82 9.68 48.72

Metric Errors

2018 to 2019 64.96 61.57 57.21 64.96

2019 to 2020 8.03 7.53 4.07 67.48

2020 to 2021 9.52 12.21 15.76 70.81

2021 to 2022 18.42 20.53 23.74 76.21

2022 to 2023 7.53 6.67 6.60 77.96

Table 2: Percentage decrease in errors over time for non-metric and metric errors.
Cumulative reductions are calculated for the median errors reported.

5 Conclusions and Future Work

We have presented N Heads Are Better Than One, a novel approach that estab-
lishes new baselines for 3D face reconstruction by calculating lower theoretical
error bounds for combining existing methods. Our results demonstrate the sig-
niőcant potential for improvement in this őeld by leveraging the complementary
strengths of existing methods.

Our work makes several key contributions. We provide new, strong base-
lines that are readily communicable, improving our understanding of existing
methods and offering new targets for future methods to beat. We identify the
gap between current state-of-the-art methods and the optimal theoretical per-
formance achieved through combining existing methods, revealing the potential
for substantial improvement in 3D face reconstruction techniques. Furthermore,
we demonstrate the marked progress in the őeld over time, particularly in metric
reconstruction accuracy.

These őndings pave the way for future advancements, particularly in the de-
velopment of foundation models for 3D face reconstruction. Such models could
play a crucial role in more effectively leveraging the strengths of multiple ap-
proaches. Future work should aim to implement practical methods for combining
existing reconstruction techniques. This could involve developing a method clas-
siőer trained to select the best approach for a given input image or combining
methods at the feature level. Our lower error bounds can serve as benchmarks
for evaluating the performance of these new combined approaches.

In conclusion, our work contributes to a better understanding of the strengths
and limitations of existing 3D face reconstruction techniques. By offering a range
of new targets on existing benchmarks, we provide clear goals for future research
in this őeld, which will offer targets for a foundation model of the human face
to beat.
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