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Figure 1: We introduce a suite of tools for rig calibration to improve the semantic correctness of facial performance retargeting. Left:
Retargeting to a game character rig. Middle: Retargeting to a semantic FLAME rig. Right: Retargeting to another identity using MetaHuman
Animator as a baseline.

Abstract
In this paper, we consider retargeting a tracked facial performance to other people or virtual characters. We utilize the same rig
framework for both tracking and animation to remove the difficulties associated with retargeting the semantics of one frame-
work to another. Our carefully designed set of Simon-Says expressions and regularizers is used to calibrate each rig to the
motion signatures of the relevant performer or target. Although a uniform set of Simon-Says expressions can likely be used
for all person-to-person retargeting, we argue that person-to-virtual-character retargeting benefits from an expression set that
captures the distinct motion signature of the virtual character rig. The Simon-Says calibrated rigs tend to produce the desired
expressions when exercising animation controls. Unfortunately, these well-calibrated rigs still lead to undesirable controls
when tracking a performance, even though they generally produce acceptable geometry reconstructions. Thus, we propose a
fine-tuning approach that modifies the rig used by the tracker to promote the output of more semantically meaningful animation
controls, facilitating high efficacy retargeting. To better address real-world scenarios, the fine-tuning relies on implicit differen-
tiation so that the tracker can be treated as a potentially non-differentiable black box. Experiments demonstrate the benefits of
our calibration methods on high-fidelity expressive performance retargeting for different capture conditions, trackers, and rig
frameworks.

CCS Concepts
• Computing methodologies → Animation;

1. Introduction

Performance-driven facial animation, as opposed to manually-
keyframed animation, is often used to improve quality, to reduce

manual labor, and to facilitate real-time applications that use fa-
cial representations. The impact of performance-driven capture is
significantly bolstered by the ability to transfer, or retarget, cap-
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tured performances to other human or character models. Although
facial motion retargeting has traditionally been limited to big bud-
get feature films and AAA games due to the need for artist-driven
cleanup and intervention, more robust and democratized methods
would have an enormous impact on a large variety of real-time
applications, especially given the surging interest in the so-called
metaverse.

The computer vision community has made leaps and bounds in
the reconstruction of faces using a variety of techniques [BLW∗24,
LSSS18,ZBT22a,RFD∗24,TRT∗24,DGHG∗24,BZH∗23], and the
higher fidelity approaches tend to utilize PCA-based parameterized
models, such as 3DMM [BV99] or FLAME [LBB∗17], to regular-
ize the reconstruction. These non-semantic PCA-style models are
likely sufficient for reconstruction of real-world performance with
different lighting and textures as well as novel views. However,
retargeting that performance even if only to a younger/older ver-
sion of the performer can be problematic without a semantically
meaningful rig that can disentangle reconstruction geometry from
semantic intention.

Geometry reconstruction is obtained by solving an inverse prob-
lem to find some parameters from an image. If this reconstruction
is done by an animator, they work with semantic rigs and use their
knowledge of the rig’s internal parameters to determine controls; in
this case, the animator is the “tracker”. In parallel parameterization
retargeting [ZJ24b], the controls are used to drive a new rig with
different internal parameters. An expert animator would choose an-
imation controls in such a way that includes an implicit dependence
on the target’s internals, but existing automated approaches do not
reach this level. Some high-end trackers are designed to mimic this
approach, yet expert animators still spend a great deal of time clean-
ing the output before it can be used for retargeting. For this reason,
we aim to improve high-end trackers even further by increasing the
semantic accuracy of tracked controls, resulting in retargeted per-
formances more representative of an actor’s intent (Figure 1). The
maturity of reconstruction techniques means that neutral identities
are well-determined, and a high-end tracker likely has highly tuned
hyperparameters. Therefore, we focus on the internal rig param-
eters relating to expressions, stressing that motion signatures can
vary greatly from person to person. We propose strategies inspired
by animator mimicry for doing this rig calibration.

We summarize our novel contributions as follows:

• We provide a mathematical analysis of rigs and trackers via lin-
earization to rigorously demonstrate the validity of our approach
and the separation of geometry reconstruction and rig inversion.

• We design a refined Simon-Says expression set that covers the
most important rig parameters while remaining straightforward
for an average person to make. In addition, we ensure that the
numerical optimization respects the various constraints expert
riggers utilize in the rig design process.

• Our implicit function theorem style approach allows for modifi-
cation of the tracker parameters without requiring differentiabil-
ity or access to the tracker’s internals.

• Our evaluations under different capture conditions, trackers, and
rig frameworks employ metrics important to riggers and anima-
tors to confirm the efficacy and flexibility of our proposed meth-
ods.

2. Related Work

Facial animation rigs [OBP∗12] use semantic animation controls
to drive a 3D model. Some notable work on facial animation rigs
includes [BCGF19, DHT∗00, ZSCS04, LWP10, CBE∗15, YZF∗23,
BODO20, YZC∗23, KDP∗24, MLL∗24, CEM∗22, KS21, LA10].
Publicly available options for facial animation software include
MetaHumans in the Unreal Engine [Epi25] as well as tools suites
in Maya [Aut25] and Blender [Ble25].

For a review of prior work on the retargeting of facial perfor-
mances to other persons or characters, see [ZJ24b]. Although some
works have found a degree of success by transferring per-vertex
geometry displacements from one mesh to another [NN01, SP04,
SLS∗12, CLC∗25], most focus on the underlying rig degrees of
freedom. Works that find mappings between disparate rig frame-
works (cross-mapping) [SCSN11,DCFN06,WHL∗04], have found
some success, but this is still a difficult problem. Some authors
have aimed to address this difficult problem via neural network
techniques [KJS∗21,ACC∗18,ZCZ22], while others have relied on
constrained numerical optimization, e.g. [CCGB22] uses anatomi-
cal constraints.

Some approaches have aimed to skip the retargeting of geom-
etry and/or rig controls entirely by instead using image-based re-
targeting followed by reconstruction or rig inversion from the re-
targeted image. [MCW∗21] uses a network to translate an im-
age of the performer to a semantically similar image of the tar-
get and regress animation controls from the new image. [QSA∗23]
and [CYSN25]transfer deformation onto arbitrary meshes using an
encoder-decoder architecture which includes a FACS-based latent
code for editing. [QZL∗24] encodes an image of the performer into
a latent space and subsequently uses a target-specific decoder to
obtain animation controls. With the recent surge in popularity of
LLMs, there is also some interest in audio-based retargeting fol-
lowed by reconstruction or rig inversion from the retargeted audio.
In this vein, [PLX∗25] recently proposed a method for regressing
MetaHuman animator controls for an audio signal.

High-end approaches tend to use the same rig frameworks on
both the performer and target (parallel parameterization), aim-
ing for a one-to-one remapping of rig control parameters. To ob-
tain high efficacy results, the semantic intention of the perfor-
mance needs to be disentangled from the geometry. [TZH∗24] and
[BWL∗24] focus on achieving realistic person-to-person retarget-
ing within the constrained input domain of VR headset cameras.
[RJS24] proposes a new optimization framework aiming to obtain
semantically meaningful animation controls that retarget well. Sim-
ilar in spirit to our approach, [RZL∗17] uses a Range of Motion
(ROM) video to modify expression blendshapes aiming to obtain
semantically meaningful animation controls. Although it focuses
on reconstruction, not retargeting, [BBC∗24] suggests fine-tuning
the tracker in addition to modifying the tracking rig. [ZJ24a] pro-
poses a new FACS-based rig designed to improve the retargeting
efficacy of regressed animation controls. See the supplementary
material for additional comments on prior work.
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Figure 2: A high-level overview of our proposed methods for creating and fine-tuning rigs and trackers. For puppeteering, we start with
volumetrically morphing the animation rig to the user’s likeness (Section 10.3). We then proceed with a Simon-Says capture session, and use
that data to calibrate the rig’s expressions (Section 8). Finally, to facilitate retargeting, we use our implicit differentiation to optimize the
tracker’s parameters using the same data that was used for rig calibration according to our optimization strategy (Section 9).

3. Preliminaries

Animation rigs R(c;θR) output geometry, driven by animation
controls c and internal parameters θR. These internal parameters
often consist of neutral geometry and a set of expression param-
eters. Importantly, the animation controls are designed to have an
interpretable physical or semantic meaning so animators can un-
derstand how to articulate the rig. For a human actor, given a set
of corresponding animation controls versus geometry pairs for k
different expressions (ck,vk),

min
θR

∑
k
||R(ck;θR)− vk||22 (1)

can be used to determine the internal parameters θR of the anima-
tion rig so the rig’s expressions match the actor’s expressions. Each
of the vk can either be sculpted by an artist or reconstructed from
an image Ik chosen to correspond with ck.

A tracker T (I;θR) solves an inverse problem given an image I
to find animation controls c that produce geometry when evaluated
in the rig R(c;θR). In this paper, we consider trackers that first per-
form a geometry reconstruction to obtain geometry v from an input
image I and subsequently solve for animation controls c, condi-
tioned upon the rig parameters θR. While there are some trackers
that do not follow this paradigm (Section 2), they are less com-
monly used. Trackers usually also depend on additional parameters
besides those of the rig they are conditioned upon, but since we
do not change their values they are omitted from our derivations.
Given a set of corresponding animation controls versus image pairs
(ck, Ik),

min
θR

∑
k
||T (Ik;θR)− ck||22 (2)

can be used to determine the rig parameters used by the tracker such
that the tracker produces the correct output for the given poses.

Regularization is typically required in tracker design to im-
prove the ability to generalize to unseen images. This is sometimes
accomplished by considering the geometry R(T (I;θR);θR) ob-
tained by evaluating the tracker output in the corresponding rig (a
“reconstruction” operation). This motivates a modification of Equa-
tion 2 to

min
θR

∑
k

γ1||T (Ik;θR)− ck||22 + γ2||R(T (Ik;θR);θR)− vk||22 (3)

to match both the animation controls and the geometry. Regarding
terminology, a would-be tracker that outputs good geometry but
poor animation controls by focusing on the second term in Equa-
tion 3 at the expense of the first is typically thought of as a recon-
struction method, not an expression tracker.

A high-level overview of our proposed methods is present in Fig-
ure 2. To summarize, we first reconstruct facial geometry from a
number of Simon-Says expressions, then use this data (in the form
of (ck,vk) pairs) to calibrate the tracking rig’s expressions and fi-
nally use the same data to fine-tune the tracker’s parameters using
our implicit differentiation. Before going into the details of these
steps starting with Section 8, we present our thorough analysis of
rigs and trackers and our proposed mathematical frameworks (Sec-
tions 4 - 7), beginning with a linearization exercise which motivates
our approach.

4. A Motivational Linearization

For the sake of simplicity, assume that the rig R is linear in c imply-
ing v = R(c;θR) = A(θR)c where A(θR) is a size m× n matrix.
Stacking all the (ck,vk) pairs into separate matrices C ∈ Rn×k and
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Figure 3: Our proposed Simon-Says capture setup. Note the three
key forms of input to the user: A display of the user to self-correct,
a visual representation of the pose to guide non-experts, and a con-
cise verbal description of the expression to avoid exactly replicat-
ing the imperfect visual representation.

V ∈ Rm×k yields

V = A(θR)C =⇒ CT AT (θR) =V T (4)

A(θR) =VCT (CCT )−T =VCT (CCT )−1 (5)

illustrating that A is unique as long as the ck are chosen to make
CT full rank. Otherwise, the system can be modified to be full rank
by adding an additional set of Levenberg-Marquardt [Lev44] regu-
larization equations ϵIn×nAT (θR) = ϵAT (θ0) where θ0 are default
values for the rig.

Assume that the tracker executes an error-free geometry recon-
struction to obtain geometry v from an image I; in addition, assume
that the tracker is linear in the reconstructed geometry v so that
c = T (I;θR) = B(θR)v where B is a size n×m matrix. B satisfies

C = B(θR)V =⇒ CCT (CCT )−1 = B(θR)VCT (CCT )−1 (6)

In×n = B(θR)A(θR) (7)

implying that B is a size n × m left inverse of A. This notion of
a tracker consisting of a geometry reconstruction followed by the
“inverse” of a rig operation (Equation 6) is conceptually useful. If
CT is not full rank, then the additional rows of CT and V T that were
added to Equation 4 need to be included as additional columns in
Equation 6 to derive Equation 7. These can be seen as additional
(ck,vk) pairs.

In a real-world scenario, a tracker will not execute an error-free
geometry reconstruction. Thus, suppose instead that the tracker er-
roneously reconstructs geometry v̂k from the images Ik; then, the
left-hand side of Equation 6 instead becomes C = B̂(θT )V̂ where
B̂ rectifies errors in geometry reconstruction. Since B̂ ̸= B, B̂ must
necessarily depend on different parameters. Let θT be these rig
parameters used by the tracker. Similar to Equations 4 and 5, this
leads to

B̂(θT ) =CV̂ T (V̂V̂ T )−1 (8)

Jaw Open Jaw Open +
Lips Together

Jaw Open +
Lips Together

Figure 4: Unconstrained rig calibration can lead to unacceptable
results in the eyes of a technical artist. On the left is a user’s cali-
brated “jaw open” pose. Without our corrective regularization, cal-
ibration causes the “jaw open” + “lips together” pose to be tech-
nically incorrect due to the lips not sealing (middle). With our pro-
posed correctives, the most important combinations remain techni-
cally correct (right).

when V̂ T is full rank; otherwise, Levenberg-Marquardt equations
of the form ϵImxmB̂T (θT ) = ϵB̂T (θ0) can be included. Note that
the regularization of V̂ T adds columns to C and V̂ that are entirely
different from the columns that were added to C and V to regular-
ize CT in Equation 4. Thus, there are two reasons that B̂ in Equa-
tion 8 is no longer a left inverse of A in Equation 5. Not only have
reconstruction errors caused V to change to V̂ , but the rig-solve
based regularization used to obtain Equation 7 is different from the
tracker-solve based regularization used to obtain Equation 8. Since
B̂ is no longer a left inverse of A, the rig used for the “inverse”
operation in the tracker should be inconsistent with the animation
rig.

To represent this inconsistency, let Â(θT ) represent the rig used
for the “inverse” operation inside the tracker, noting that it depends
on the different set of parameters θT ̸= θR than those used by the
animation rig A(θR). To make this more clear, we rewrite the direct
linear interpretation of the tracker C = B̂(θT )V̂ to a more appropri-
ate “rig inversion” paradigm which sets up a system of equations
Â(θT )C = V̂ which is solved by the tracker to determine C. This
leads to

Â(θT ) = V̂CT (CCT )−1 ̸=VCT (CCT )−1 = A(θR) (9)

where the regularization of C and V̂ is the same as the regularization
of C and V in Equation 4, so the only difference between the left-
hand side and right-hand side of Equation 9 is V̂ versus V . The
separation between the tracking rig parameters θT and animation
rig parameters θR will be crucial for setting up the optimization
problem (Section 5) and implicit differentiation (Section 6).

5. Optimizing the Tracker’s Parameters

Although the linearization in Section 4 provides motivation, the
vast majority of state-of-the-art trackers will be nonlinear, and not
readily differentiable. We only assume that the tracker has been
trained to work via Equation 3, or a similar in spirit approach. Go-
ing forward, we write T (I;θT ) to stress that the tracker depends on
the rig parameters in some perhaps unknown or complex fashion.
Then, we propose using a modified version of Equation 3, i.e.

min
θT

∑
k

(
γ1||T (Ik;θT )− ck||22 +

γ2||R(T (Ik;θT );θR)− vk||22
)
+ γϵ||θT −θR||22

(10)
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for Computer Graphics and John Wiley & Sons Ltd.



D. Omens, A. Thurman, J. Yu, R. Fedkiw / Improving Facial Rig Semantics for Tracking and Retargeting 5 of 12

to fine-tune the tracker by modifying the θT parameters of the un-
derlying animation rig.

In our experience, most trackers have been trained to provide
good geometric reconstruction. This means that the γ2 term in
Equation 10 will be small when θT = θR. However, in our ex-
perience, trackers often struggle to output semantically correct rig
controls. This means that the γ1 term in Equation 10 will typically
be large when θT = θR. Thus, our goal is to minimize the γ1 term
while staying close to the constraint surface that keeps the γ2 term
small. The γϵ term emphasizes that the rig is being fine-tuned, softly
constraining the minimization of the γ1 term on or near the γ2 con-
straint surface to occur within a ball about θR; otherwise, θT can
drift too much.

6. Differentiating the Tracker

In some scenarios, one may not have access to the internal workings
of the tracker. In other scenarios, the tracker may be open source yet
still not readily differentiable. In either scenario, ∂T

∂θ
, which is re-

quired to backpropagate through Equation 10, cannot be computed
explicitly. Thus, we make the reasonable ansatz that the tracker ac-
tually uses its internal rig to provide regularization; that is, we as-
sume that the tracker’s internal reconstruction is credible. This can
be written as

v̂(I;θT ) = v(I)+ ṽ(I;θT ) =R(T (I;θT );θT ) (11)

where v is the ground-truth geometry and ṽ is an erroneous per-
turbation away from the ground-truth geometry; then, the ansatz
that the tracker uses its internal rig to provide regularization can be
restated as a claim that ṽ should be small regardless of θ. Differen-
tiating Equation 11 with respect to θ leads to

∂R(c;θT )

∂c

∣∣∣∣
c=T (I;θT )

∂T (I;θ)

∂θ

∣∣∣∣
θ=θT

=

− ∂R(T (I;θT );θ)

∂θ

∣∣∣∣
θ=θT

+
∂ṽ(I;θ)

∂θ

∣∣∣∣
θ=θT

(12)

as an implicit equation for ∂T
∂θ

. Note that ∂v
∂θ

= 0, since v is the
ground-truth geometry.

Although one could assume that ṽ is always small enough to
remove it from Equation 11 and its derivative from Equation 12, it
is also possible to estimate ∂ṽ

∂θ
. See the supplementary material for

our exploration of this idea.

7. Linear Examples

We first test our implicit differentiation approach outlined in Sec-
tions 5 and 6 in a controlled environment by using small-scale lin-
earized examples. By doing this, we can compare numerical opti-
mizations based on our method to the derived analytic solutions.
Assuming linearity of the rig according to Equation 4 gives

∂R(c,θ)
∂c

= A(θ);
∂R(c,θ)

∂θ
=

 cT 01x3 01x3
01x3 cT 01x3
01x3 01x3 cT

 (13)

for A∈R3×3 where ∂R
∂θ

∈R3×9 and θℓ for ℓ= 1 . . .9 are the entries
of A enumerated in row-major order. Equation 10, including a γ3

Figure 5: Ground-truth reconstructed geometry (left) as compared
to the geometry output by the tracker using θA, θ̂A, θS, θ̂S, respec-
tively. This corresponds to frame 390, which was chosen because it
has relatively large errors, of Figure 6.

Figure 6: The tracker was able to adequately minimize reconstruc-
tion errors on a pangram using any of θA, θ̂A, θS, θ̂S, even though
the output controls (and thus the semantic interpretation) can vary
significantly.

term for internal tracker reconstruction quality, can be written as

min
θT

∑
k

(
γ1||T (vk;θT )− ck||22 + γ2||A(θR)T (vk;θT )− vk||22+

γ3||Â(θT )T (vk;θT )− vk||22
)
+ γϵ||θT −θR||22 (14)

assuming that the tracker perfectly reconstructs v from I, eliminat-
ing I entirely. Recall that Â ̸= A from Equation 9 and the discussion
thereafter.

Motivated by the γ1 term in Equation 14, the (ck,vk) pairs can
be stacked together to obtain Â−1V −C where V T Â−T = CT can
be solved separately for each column of Â−T . Since Equation 14
solves for Â, not Â−1, a better alternative is to solve CT ÂT = V T

using least squares, minimum norm, or Levenberg-Marquardt. This
direct method minimizes

LD = ∑
i
||CT ÂT (θT )ei −V T ei||22 (15)

where i loops through the rows of Â. Equation 15 will be used to
evaluate the efficacy of various approaches to solving Equation 14.

7.1. Solver Efficacy

The following section explains the details of our experiments re-
garding the optimization of Equation 14 as compared to the direct
method in Equation 15 to show that our objective function opti-
mized using implicit differentiation is correct in variations of this
analytically derivable case. Consider three sets of linearly indepen-
dent data pairs (ck,vk) and a fourth pair (c4,v4) which is linearly
dependent, all of which are consistent with a linear rig A ∈ R3×3.

© 2026 Eurographics - The European Association
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Method LD Lγ1 +Lγ2 +Lγ3 ||Â−A2||2F ||Â−A||2F
Direct 1.71E−12 6.89E−13 0 2.77E+0

γ1 only 4.228E−9 4.90E−12 7.72E+1 6.75E+1
γ2 only 2.56E−8 1.66E−7 1.62E+2 1.46E+2
γ1 & γϵ 1.43E−12 7.33E−12 2.77E0 5.74E−9
γ2 & γϵ 9.94E−14 2.13E−12 2.77E0 2.05E−10

Table 1: Optimizing Equation 15 (top row) and different loss terms
in Equation 14 (other rows) on an underdetermined system (Section
7.1).

Method LD Lγ1 Lγ2 ||Â− Â2∗ ||2F ||Â−A||2F
Direct 1.71E−12 1.20E−12 1.80E−3 2.77E0 2.77E0

γ1 only 9.89E−9 8.56E−9 1.80E−3 6.66E+1 6.66E+1
γ2 only 1.13E−2 1.33E−3 8.24E−9 1.13E+2 1.13E+2
γ1 & γϵ 7.19E−5 1.97E−5 1.24E−3 7.23E−6 9.26E−5
γ2 & γϵ 1.80E−3 1.33E−3 7.62E−11 1.39E−4 8.44E−9

Table 2: Optimizing Equation 15 (top row) and different loss terms
in Equation 14 (other rows) on an overdetermined system (Section
7.1).

To simulate an underdetermined system, Table 1 shows the results
of using only the first two columns of C and V with initial guess
Â = I. The results obtained via the direct least squares method are
shown for the sake of comparison. Here, A2 is the minimum norm
solution to Equation 15, unobtainable by Equation 14 without regu-
larizing θT → 0 and undesirable since θT → θR is preferred. The
γϵ term regularizes the unconstrained degree of freedom resulting
in Â → A.

Next, consider randomly perturbing the entries of V by 1% so
that pairing C with V̂ would yield a perturbation of A, to simulate
errors in the tracker’s reconstruction. Table 2 shows the results ob-
tained using only the first two columns of C and V̂ with an initial
guess Â= I. The minimum norm solution is unobtainable via Equa-
tion 14, as discussed above. Instead, Â2∗ is computed by specifying
a third independent column of C, multiplying it by A, and adding
it to V̂ before solving CT ÂT

2∗ = V̂ T . This makes ÂT
2∗ agree with

the minimum norm solution in the two constrained degrees of free-
dom and agree with A in the remaining degree of freedom. The γ1
and γ2 terms converge as expected, and neither converges to A or
Â2∗ , due to the unconstrained degree of freedom; however, an ini-
tial guess of Â = A does result in the γ1 term and the γ2 terms driv-
ing Â → Â2∗ and Â → A respectively (as expected). The γϵ term
regularizes the unconstrained degree of freedom driving Â → A;
however, it competes with the γ1 term that aims to drive Â → Â2∗

in a two-dimensional subspace.

In summary, our implicit differentiation method can be used to
construct useful derivatives even under perturbation of the tracker
result, given appropriate regularization. This is important, because
the real-world examples will never have a perfect tracker recon-
struction, which will result in perturbing the computed deriva-
tives. Numerous additional experiments which further validate our
tracker fine-tuning approach can be found in the supplementary ma-
terial.

Figure 7: Summary of the improvement in the L2 errors according
to γ1 (Lγ1 ) throughout all four stages of our proposed refinement
process using the open-source tracker and MetaHuman rig frame-
work. The improvement in the primary controls is shown to the left,
and the improvement in the spurious controls is shown to the right.
Optimizing θA → θ̂A is shown on the top, and optimizing θS → θ̂S
is shown on the bottom. Since Stage 4 expressions are optimized
jointly to get better overall performance the accuracy on some ex-
pressions may decrease (e.g. θ̂S Spurious Controls Jaw Right). Note
that data points for later stages may occlude earlier stages if their
value is the same.

8. Simon Says Animation Rig Creation

To perform rig calibration, we augment the Simon-Says approach
proposed in [ZOHF24]. Our carefully chosen set of Simon-Says
expressions is used to calibrate each rig to the motion signatures of
the relevant user. The expression set should cover the most impor-
tant rig parameters while remaining straightforward for an average
person to make. In total, nineteen expressions are used for person-
to-person retargeting. For person-to-game/VR character retarget-
ing, the expressions should be chosen in a manner that captures the
distinct motion signatures of the game/VR character.

For each expression, an image φ(R(c;N,θR)) is shown to the
user. Here, φ represents a renderer. The user then attempts to repli-
cate each expression. When they feel as though they are correctly
reproducing the expression, an image I of their face is recorded.
Visual cues enable non-experts to quickly understand each expres-
sion, especially when the cues are similar in appearance to the user.
Importantly, since the animation rig is unlikely to already contain
the correct motion signatures of the user, it is incorrect for the user
to simply aim to match each image. Therefore, we add concise ver-
bal descriptions for each pose (Figure 3) written with the help of a
technical artist, which is not present in prior work.

Once the Simon-Says session is complete, the captured images
can be used to reconstruct geometry. Due to the variety of exist-
ing geometry reconstruction approaches, we run experiments us-
ing three state-of-the-art methods: MetaHuman Animator [Epi25],
MICA [ZBT22b], and SMIRK [RFD∗24] (see Table 5). Given the
(c,v) pairs, Equation 1 can be solved to determine rig parameters
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θS that better capture the user’s motion signature. Expert riggers
typically utilize several constraints during the rig design process.
For example, “jaw open” + “lips together” should properly seal the
lips together. It is straightforward to incorporate such constraints
by including additional (c,v) pairs, representing these constraints,
into the Equation 1 solve. We added pairs based on technical artist
feedback to improve upon the existing Simon-Says baseline sys-
tem. Although these surrogate pairs are not user-specific, they do
help with regularization (Figure 4).

9. Fine-tuning the Tracking Rig

Assuming that the performer has had their original rig θA calibrated
to some θS using Simon-Says in Section 8, we further optimize
that rig using Equation 10 to be more appropriate for tracking. The
Simon-Says images or any other images can be used for this, as
long as aspirational (I,c) pairs exist. Then, θ̂A and θ̂S will be the
fine-tuned original and Simon-Says rigs, respectively.

A typical rig contains primary controls that retarget well and
tweaker controls that modify the facial shapes. Unfortunately, when
a tracker ignores the tweaker controls, the primary controls end up
polluted as they work too hard to explain geometry that would have
been better explained by tweaker controls. Thus, a tracker should
aim to use the entire set of controls; however, it should lean more
heavily on the primary controls as opposed to the tweaker controls.
The trick is to figure out how to use just enough of the tweaker
controls to obtain non-polluted values for the primary controls.

9.1. Optimization Strategy

In this section, we propose an optimization strategy for fine-tuning
tracker output derived from the above motivation. As shown in
Figures 6 and 5, changing θA → θS via Simon-Says or modifying
θA → θ̂A and θS → θ̂S has little effect on the ability of a tracker to
invert the rig and match the geometry; however, the tracker output
and thus the semantic interpretation can vary significantly.

Our proposed strategy utilizes variations of the full tracker T
and rig R to achieve this goal. Let cD represent a subset of the rig’s
controls and let θD be the subset of rig parameters associated with
those controls. RD is a modified rig that can only be articulated in
that limited subspace and TD can only use that subspace to explain
geometry. Thus, γ

D
1 and γ

D
2 when used in Equation 10 (instead of

γ1 and γ2) represent weights on these modified loss terms when
substituting out the rig/tracker (i.e., using TD and RD instead of T
and R). Similarly, TH is a filtered version of T which can use all
controls to explain geometry but only outputs nonzero values for
the relevant controls in cD (γH1 represents this modification to the
γ1 term).

For a visual overview of the fine-tuning process, see Figure 2.
We proceed in four stages, optimizing perturbations of Equation
10. In the first stage, for each given ck, γ

D
1 and γ

D
2 are used to op-

timize the relevant θD for the expression. In the second stage, we
switch from TD to TH (replacing γ

D
1 with γ

H
1 and γ

D
2 with γ

H
2 ). In

the third stage, again optimizing the same rig parameters, we aim
to minimize the contributions of the spurious controls by adding a
second γ

H
1 term that selects problematic spurious controls aiming

Reconstruction

Reconstruction

User

Target Reference

Reconstruction

Reconstruction

User

Target Reference

Figure 8: Open source tracker: retargeting to another identity. The
top rows show geometry errors for the different trackers, and the
bottom rows show the retargeted results. Both subjects are speak-
ing the same word but have a different motion signature. The last
column shows a baseline, not using any of our approaches, for the
sake of comparison. Notice the lip shapes in the baseline (right-
most) retarget versus the lip shapes of our θ̂S result as compared to
the Target Reference image.

Reconstruction

Reconstruction

User

Target Reference

Figure 9: Closed source tracker: retargeting to another identity.
The top row shows geometry errors for the different trackers, and
the bottom row shows the retargeted results. Both subjects are
speaking the same word but have a different motion signature. The
last column shows the high quality state-of-the-art MetaHuman An-
imator baseline for the sake of comparison. Notice the lower lip
shape and upper lip bulge in the baseline (rightmost) retarget ver-
sus the lip shapes of our θ̂S result as compared to the Target Refer-
ence image (and reconstruction).
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to minimize their contribution. At this point in the process, the hope
would be that the rig parameters θD corresponding to the primary
controls cD have been adjusted to explain as much of the expression
as possible. In the final (fourth) stage of the process, rig parameters
corresponding to spurious controls are optimized. Since the spu-
rious controls can have a lot of overlap in rig parameters, every
relevant expression should be included in the sum in Equation 10
when considering each in turn. Further implementation details to
reproduce our results can be found in the supplementary material
and code attachment.

Importantly, for all stages, we do not use the minimizer of the
current objective function as the result. Instead, motivated by ma-
chine learning, we use the optimization simply to generate samples
in parameter space and supervise optimization via the full tracker
T , choosing the resulting parameters that minimize overall controls
error, not any subset or filtered version. Figure 7 shows a summary
of how an open source tracker T improves over all stages. The
strategy we present is only one of many possible ways to improve
the tracker using our tools; for example, it may be beneficial to op-
timize the columns corresponding to spurious controls first instead
of last. However, these results do demonstrate that our approach
is both effective and tractable. In particular, any optimal strategy
would focus on animator preferences for the specific use case.

10. Experiments

10.1. Open Source Trackers

Having shown that the optimization strategy presented in Section 9
can be used to optimize the rig parameters, this experiment demon-
strates the qualitative efficacy of our methods for person-to-person
retargeting. To do this, we choose a target subject, reconstruct their
neutral geometry, fit it with an animation rig, calibrate that rig
via Simon-Says (Section 8) then fine-tune the tracking rig (Sec-
tion 9). The results shown in Sections 10.1 - 10.3 were all chosen
from expressive pangrams with data that remained unseen in the
Simon-Says calibration, making it quite useful for evaluating gen-
eralization. We utilize an analysis-by-synthesis tracker similar to
existing trackers such as MICA [ZBT22b] or MetaHuman Anima-
tor [Epi25]. Optimization-based trackers like these are not readily
differentiable; thus, fine-tuning the tracking rig requires our im-
plicit differentiation method.

10.1.1. MetaHuman rig framework

We demonstrate results after fine-tuning of both the original param-
eters θA → θ̂A and Simon-Says modified rig parameters θS → θ̂S
as an ablation study. As a baseline, we show the results obtained
using the default MetaHuman rig (i.e. θA) in the tracker mapped to
the default MetaHuman rig (θA instead of θS) for the target. For the
sake of evaluation, we show images and geometric reconstructions
of both the performer and the target making semantically similar
but geometrically different expressions.

Figure 8 shows some representative results. As expected, the
tracking geometry (top rows) remains similar regardless of whether
θA, θ̂A, θS, or θ̂S was used. In fact, as compared to the ground-truth
reconstruction, the tracking geometry can sometimes worsen when

User Reconstruction

Figure 10: Semantic FLAME framework: retargeting to another
identity. Even though the geometry reconstructions are not accu-
rate, our method (θS) learns the correct semantic intent from those
shapes as compared to the baseline (θA), as long as the reconstruc-
tion method is consistent. Notice lip sealing improvements in the
top row, improved lip funnel shape in the second row, and mouth
corner tightness in the bottom row.

modifying the tracking rig; however, these differences are unimpor-
tant, since the focus is on obtaining good results on the target. As
far as the target is concerned (bottom rows), modifying θA → θ̂A,
θS → θ̂S, and θA → θS all improve the results.

10.1.2. Semantic FLAME framework

To be able to use recent popular facial reconstruction techniques
and compare their effectiveness, we adapt the FLAME [LBB∗17]
head model to be driven by a set of semantic controls. Our se-
mantic FLAME rig is fit to a neutral identity and calibrated using
Simon-Says in the same way as the MetaHuman rigs, but since the
PCA-based FLAME shape parameters are not semantically separa-
ble we eschew our proposed fine-tuning approach and just present
results using the Simon-Says calibration. Qualitative results for
these experiments can be found in Figure 10, where θA examples
are tracked using the original rig parameters and θS examples are
tracked using our Simon-Says parameters.

10.2. Closed Source Trackers

We also demonstrate our methods’ effectiveness in improving
tracked animation controls when using a high-performance closed
source tracker, the MetaHuman Animator [Epi25]. Because we
capture under ideal conditions, the quality of this baseline method
is impressive; nevertheless, we are able to improve the resulting se-
mantic results. Since we cannot use TD for this tracker, we skip that
step during our optimization strategy. Figure 9 highlights represen-
tative results in the same manner as Figure 8.
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10.3. Puppeteering a Game Rig

Whereas experiments in Sections 10.1 and 10.2 retargeted to an-
other human, here we consider retargeting to a humanoid game
character, which uses a different semantic controls space. Given the
difficulties associated with remapping controls between two dis-
parate rigs, it seems prudent to utilize the game character rig on
the performer as well. Thus, we create a game character represen-
tation for the performer via volumetric morphing using the method
of [ZOHF24]. We designed a set of basis expressions that better
covered the rig controls of the character and calibrated those via
Simon-Says. As shown in Figure 11, the low expressivity of the
game/VR character rig meant that the Simon-Says results did not
exactly match the characteristics of the performer; nevertheless, the
vast improvement of the basis shapes led to more accurate semantic
interpretation in our retargeting experiments. Like the MetaHuman
experiments, we fine-tune the tracking rig according to our strategy
(Section 9) after Simon-Says calibration.

Since the closed source MetaHuman Animator tracker is heavily
designed to work specifically with the MetaHuman rig framework,
our puppeteering experiments only use our open source tracker
(Section 10.1). Also, unlike the previous examples, we use an an-
imator’s interpretation of the user’s pose for reference and label
pre-Simon-Says rig parameters θP for “puppet”. For results on a
pangram, see Figure 12. Although we did not expect the puppet rig
to be useful without Simon-Says calibration, we show θP and θ̂P
results as an ablation study.

10.4. Synthetic Data

Prior experiments in this section qualitatively evaluated the se-
mantic accuracy of calibrated tracking. To further validate our ap-
proach using ground-truth animation labels, we perform synthetic
data experiments. Let θGT be the rig parameters of a “ground-
truth” MetaHuman identity. Starting with a different MetaHuman,
we morphed its rig using the method of [ZOHF24] to match the
θGT identity. The morphed rig with parameters θA has the same
neutral identity but a different motion signature. We evaluate both
an animator-sculpted set of synthetic expressions and a randomly
generated set of expressions, none of which are seen as training
examples.

10.4.1. Simon-Says

We used a Simon-Says expression set to generate geometry with
θGT and subsequently optimized θA → θS. For the Simon-Says
(training) expressions, θGT and θS behaved similarly, as expected.
Generalization of our Simon-Says approach can be tested by com-
paring the geometry produced by θGT to that produced by θS for
other expressions. In particular, the benefits of the approach can be
quantified as the decrease in errors obtained by using θS instead of
θA (Table 4).

10.4.2. Tracker fine-tuning

Using the same θA and θS as the previous experiment, we apply
our fine-tuning strategy on both rigs to get θA → θ̂A and θS → θ̂S
as usual, using synthetic data from the θGT rig. Ground-truth geom-
etry is generated using the θGT rig and we compare the animation

Figure 11: Simon-Says process on specific phoneme-level controls
(“OO”, “CH”, “M/B/P”) unique to the game character rig (one on
each row). Left to right: Game character rig, morphed rig, user’s
expression, Simon-Says results. The limited expressivity of the rig
framework makes it impossible to match the user’s motion signa-
ture exactly. Note that the first two columns provide very little us-
able input for the user, so the user needs to rely more heavily on the
written description of each desired expression.

Expression Set Norm θA θ̂A θS θ̂S

Animator
L2 1.16 1.04 1.12 0.992
L∞ 0.683 0.666 0.687 0.660

Random
L2 0.970 0.927 0.751 0.748
L∞ 0.405 0.396 0.309 0.307

Table 3: Average error in animation controls for novel synthetic ex-
pressions. We give the L2 (euclidean distance) and L∞ (maximum
component) errors of the tracked animation controls as compared
to ground-truth animation controls averaged over the dataset. We
use trackers with four sets of internal parameters: Uncalibrated
(θA), calibrated (θS), uncalibrated with tracker fine-tuning (θ̂A),
and calibrated with tracker fine-tuning (θ̂S).

curves tracked using each of θA, θ̂A,θS, θ̂S to the ground-truth ani-
mation parameters. We use the open source MICA-style tracker for
this experiment. Table 3 shows the average errors in rig controls
across the synthetic animations. The results shown also function as
an ablation study, validating the inclusion of both our Simon-Says
and fine-tuning components.
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Reconstruction

Reference

User

Reconstruction

Reference

User

Figure 12: Open source tracker: puppeteering a game rig. The
top rows show geometry errors for the different trackers, and the
bottom rows show the retargeted results. Modifying θP → θ̂P and
θS → θ̂S both improve the retargeted results, as compared to the
handcrafted reference pose under the reconstruction. Notice the
unnecessary squinting and incorrect lower lip shape fixed in the
top example, and the lip press significantly closer to the reference
in the bottom example despite the reconstructions never having an
accurately sealed lip press.

10.5. Animation-focused Quantitative Metrics

From an animator’s perspective there exist some key metrics by
which one can quantitatively judge the quality of animation curves
from automated tracking. Sparsity, the number of controls active
during any given frame, is often not achieved to a sufficient degree
due to trackers overutilizing spurious controls to explain the geom-
etry reconstruction. We calculate sparsity by counting the number
of controls that are above the threshold value of 0.1. Animators are
also concerned with the usage of primary controls versus tweaker
controls, generally preferring to animate a performance with as lit-
tle usage of tweaker controls as possible. The tweaker metric is
calculated as the sum of all controls on a given frame labeled as
“tweaker”, according to the rig definition. We evaluate the quality
of our results for each tracker and rig framework according to these
metrics, seeing improvement in nearly all cases (Table 5).

Expression Set θA θS

Animator 0.487 0.285
Random 0.693 0.370

Table 4: Average vertex L2 error in mm for novel synthetic expres-
sions, showing that our calibrated rig with parameters θS is closer
to the ground truth rig than the uncalibrated rig with parameters
θA.

10.6. Technical Details

We run all of our experiments on a single workstation with an AMD
EPYC 7R32 processor (2.80GHz) and 128 GB RAM. The work-
station is equipped with a NVIDIA A10G GPU. Our calibration
is not meant to run in real-time, and only needs to be performed
once per actor-rig combination. The Simon-Says calibration (Sec-
tion 8) takes around 1 minute to run and the full multi-stage fine-
tuning (Section 9) takes around one hour on our machine. Calibrat-
ing rigs with a very high number of internal parameters such as
the MetaHuman Animator will have a larger memory requirement;
our code sample minimizes this impact by masking out irrelevant
parameters.

11. Conclusion

Unfortunately, many trackers produce animation curves that require
significant cleanup effort by artists to obtain results that can be used
effectively for retargeting. Our mathematical analysis illustrated
that a tracker can be thought of as geometric reconstruction fol-
lowed by rig inversion, highlighting the fact that those who merely
stress the efficacy of their geometric reconstructions overlook a key
component of the problem. Moreover, we showed that it can even
be beneficial to relax the accuracy of the geometric reconstruction
as a tradeoff for obtaining better and more usable animation curves
via the rig inversion.

We showed that the rig parameters could be modified to obtain
improved results for person-to-person or virtual character retar-
geting. To do this, we utilized a Simon-Says calibration process
to personalize the performer’s animation rig before modifying the
tracker parameters via our implicit differentiation approach. This
implicit differentiation is critical to be able to apply the method to
optimization-based trackers. Although we show the efficacy of our
approach, further research may be able to refine our optimization
strategies or propose new ones based on the tools we provide.

Because our methods can be used to improve the realism of facial
animation on digital doubles, it is important to consider the ethical
implications of such technology. We condemn the use of our tech-
niques and those related to ours for malicious intent, the spread of
disinformation, or intent to cause harm. We have explicit consent
from the actors in this paper for use of their likeness and encour-
age others to similarly respect the privacy and identity of actors,
contractors, and users.

One important limitation of our work is the sensitivity to cal-
ibration quality. If the user does not accurately separate out one
expression during the Simon-Says capture, it can pollute the rig
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Sparsity (↓) Tweakers (↓)
Rig Tracker Baseline Ours Baseline Ours

R
O

M

MetaHuman OS1 0.1209 0.0939 0.0131 0.0128
FLAME OS2 0.1628 0.1237 0.0538 0.0173
FLAME OS3 0.1681 0.0868 0.0562 0.0077

MetaHuman MHA 0.1251 0.0904 0.0299 0.0291
Game OS1 0.2044 0.2333 0.1067 0.0777

Pa
ng

ra
m

MetaHuman OS1 0.1112 0.1046 0.0139 0.0125
FLAME OS2 0.1782 0.1695 0.0695 0.0315
FLAME OS3 0.1568 0.1799 0.0472 0.0215

MetaHuman MHA 0.0956 0.1064 0.0018 0.0012
Game OS1 0.2448 0.2394 0.1057 0.0639

Table 5: Animation-centric metrics. OS1: L-BFGS tracker us-
ing MetaHuman Animator [Epi25] for geometry reconstruction.
OS2: L-BFGS tracker using [ZBT22b] for geometry reconstruc-
tion. OS3: L-BFGS tracker using [RFD∗24] for geometry recon-
struction. MHA: MetaHuman Animator. The metrics, which are de-
scribed in Section 10.5, are averaged over all frames.

solve and tracker fine-tuning. This can be somewhat remedied by
detecting and factoring out extraneous expressions, but further re-
search is required in that area. Even with excellent calibration, ex-
treme, highly asymmetrical expressions might not fare as well after
our symmetric-only calibration, which is an interesting avenue for
follow-up work. In addition, since our approach does not consider
temporal consistency, artifacts such as tracking jitter or dirty ani-
mation curves would not be ameliorated by our approach (some of
which is visible in the supplementary video).

Another key limitation of the methods presented here is the re-
stricted domain of only trackers which are conditioned upon rig
parameters, like the MetaHuman Animator. The exploration of ap-
plying rig calibration to neural trackers which skip the rig inversion
process, and therefore are not conditioned upon any rig parameters,
can be of great interest, especially as those methods improve to a
high enough quality to be used in production. We hope that this
paper may constitute a basis for future work into high efficacy re-
targeting and encourage those in the field to consider rig calibration
as a component in the retargeting process.
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