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Abstract

Human pose forecasting predicts future human poses from
past observations for applications including action recogni-
tion, sports analysis, and human-robot interaction. However,
progress in the field is difficult to assess because reported
results often rely on heterogeneous preprocessing, incon-
sistent metric implementations, and partially released ar-
tifacts. This paper re-examines human pose forecasting
as an evaluation problem by auditing a wide range of re-
cent forecasting methods, identifying several reproducibility
issues, and introducing a unified training and evaluation
pipeline for absolute pose forecasting. Under this unified
protocol, mature cross-domain sequence models adapted
[from speech recognition provide strong baselines and obtain
the lowest errors among the evaluated models. To study
deployment-relevant noise, a paired clean/detector-noisy
dataset variant is introduced using poses generated by a
pose-estimation model. The experiments show that detector-
generated poses cause substantial performance degradation
compared with clean motion-capture inputs, but that part of
this degradation can be recovered by adapting the forecaster
on detector-generated pose sequences.

1. Introduction

Human pose forecasting represents observed motion as
sequences of body-joint coordinates and predicts future
joint trajectories from past observations (see Figure 1).
Such forecasts can support applications such as predicting
pedestrian movements or replanning robot motions in
collaborative settings.

Although many methods report rapid progress, the state
of the field remains difficult to assess. Results are often pro-
duced with heterogeneous preprocessing, inconsistent metric
implementations, partially released artifacts, and sometimes
evaluation errors. Comparisons across papers are therefore
unreliable, and claimed improvements can vanish once con-
sistent protocols are applied. Prior evaluations also tend to
compare only against specialized pose-forecasting baselines,
leaving unclear whether mature sequence models from neigh-
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Figure 1. Example of an absolute pose forecast of a walking
person. The green skeletons visualize the input sequence of the
prediction model, the red ones the predicted future poses, and the
blue ones the ground-truth labels.

boring domains already provide strong baselines. At the
same time, evaluations rarely reflect deployment conditions.
In practical systems, input poses often come from marker-
less human pose estimators, since outfitting pedestrians or
factory workers with tracking suits is usually infeasible. The
errors of such estimators differ from synthetic noise used in
prior studies and remain underexplored for pose forecasting.

This paper addresses these issues with a practice-oriented
evaluation study of absolute pose forecasting, making three
contributions: (1) a broad reproducibility audit of recent
forecasting methods; (2) a unified absolute-pose evaluation
showing that prior rankings do not necessarily transfer and
that mature cross-domain sequence baselines obtain lower
errors than the evaluated specialized models under the same
protocol; (3) a paired clean/detector-noisy evaluation for
measuring pose-estimator-induced degradation, together
with pseudo-label adaptation to recover part of the lost
performance. Taken together, these contributions are
intended to provide a repeatable and application-targeted
benchmark protocol that enables future research to better
compare and evaluate pose-forecasting methods.

To support subsequent work in these directions, model
and preprocessing code, evaluation tools, and proposed-
model checkpoints are released at: https://gitlab.
com/Percipiote/


https://gitlab.com/Percipiote/
https://gitlab.com/Percipiote/

2. Related Work

Most recent pose forecasting approaches have specialized
into two categories: (1) Relative pose forecasting, which
predicts a future pose relative to the last input pose, and
therefore does not include global human motion trajecto-
ries (HisRepltself [38], STSGCN [31], SPGSN [20], PG-
BIG [21], MotionMixer [5], siMLPe [11], EgMotion [41],
DePOSit [28], AuxFormer [40], GMFnet [30], GCNext [37],
DeformMLP [13]). (2) Absolute pose forecasting, which
predicts a future pose in absolute coordinates, and there-
fore also includes global human motion trajectories (So-
MoFormer [34], TBiFormer [27], JRTransformer [42],
IAFormer [39], EMPMP [43]). Appendix A provides ad-
ditional architectural details.

The mean per joint position error (MPJPE, Equation 1)
is the most commonly used metric to compare different ap-
proaches. It computes the distance between each predicted
joint position and the ground-truth position. Afterward, those
distances are averaged across all joints and persons to obtain
a single score. When considering a forecast with multiple
timesteps, the MPJPE score is only calculated for the predic-
tion of a specific timestep. MPJPE is reported in millimeters
throughout this paper.
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Depending on the two different categories, the commonly
used datasets and evaluation protocols differ as well. For
relative pose forecasting, the standard dataset is the Hu-
man3.6M [14] dataset, where actors are recorded by 4 cam-
eras placed in the room corners while performing 15 different
actions. Most relative approaches build upon the source-
codes from [24, 25] and reuse their preprocessed datasets
and evaluation metrics. The absolute pose forecasting ap-
proaches, on the other hand, are usually evaluated on the
3D Poses in the wild (3DPW) dataset [35], which consists
of 60 action sequences in a real-world setting, or the CMU-
MoCap [12] dataset, in which the actors have been captured
by twelve cameras in a 3m x 8m room.

Most of those approaches have focused on using ground-
truth pose labels from the dataset, and only a few ap-
proaches [0, 28] also added artificial errors. For several
reasons, which are explained in more detail in Section 8,
such artificial errors differ from the pose estimation errors.
Therefore, the impact of such errors will be investigated
later on, using paired clean and detector-generated pose se-
quences, which allow the detector-induced forecasting error
to be measured against ground truth.

3. Reproducibility Audit

Before constructing a unified benchmark, the reported re-
sults of recent relative and absolute pose-forecasting meth-
ods were audited using the authors’ released artifacts where
available. The goal of the audit is not only to check whether
numbers can be rerun, but also to identify which evaluation
assumptions make reported comparisons fragile.

For each method, the audit recorded whether source code,
checkpoints, preprocessing scripts, and evaluation scripts
were available. It then tested whether the reported numbers
could be reproduced without modifying the released evalua-
tion procedure (allowing differences of up to 1mm). When
reproduction was unsuccessful, the dominant discrepancy
source was categorized as a metric implementation issue,
missing or partial artifacts, checkpoint-only reproducibil-
ity, training mismatch, unit or scale ambiguity, timestamp
ambiguity, or environment failure. When a released evalua-
tion procedure contained an identifiable metric bug, both the
original reproduced behavior and the corrected result were
recorded. Table | summarizes the observed failure modes,
while detailed numerical comparisons and per-method notes
are provided in Appendix B.

Method Reproduction outcome Main issue

MotionMixer [5] corrected result lower — averaging/counting bug

STSGCN [31] corrected result lower MPJPE implementation bug
GMFnet [30] checkpoint reproduced training/checkpoint mismatch
SPGSN [20] retrained result lower  unresolved training mismatch

HisRepltself [38]
AuxFormer [40]

reproduced by code -
checkpoint reproduced training/checkpoint mismatch

PGBIG [21] reproduced by code -

EqMotion [41] checkpoint reproduced training/checkpoint mismatch
GCNext [37] reproduced by code -

CSCNet [19] no code to reproduce  missing artifact

DePOSit [28] checkpoint reproduced training mismatch unresolved
siMLPe [11] reproduced by code -

DeformMLP [13]
TAFormer [39]

reproduced by code -
partially reproduced missing H36M implementation

TRiPOD [1] metric discrepancy partial code, unintended metric be-
havior

MRT [36] ambiguous partial code, metric unit ambiguity

SoMoFormer [34]  ambiguous partial code, metric unit ambiguity

TBiFormer [27] ambiguous partial code, metric unit ambiguity

T2P [15] not evaluated partial code, environment setup
failure
EMPMP [43] ambiguous partial code, metric unit ambiguity

JRTransformer [42] ambiguous partial code, metric unit ambiguity

Table 1. Summary of reproducibility audit. The table reports the
dominant issue observed for each method. “Checkpoint repro-
duced” means that the released checkpoint matched the reported
result, but training from the released code did not reproduce the
same performance. “Reproduced by code” means that the model
was successfully trained and evaluated using the publicly released
code. “Corrected result lower” means that an evaluation issue was
identified and the corrected score was worse than the originally
reported score. Detailed numerical comparisons and forensic notes
are provided in Appendix B.



The audit showed that reproducibility problems are not
limited to missing code. Several discrepancies arised from
evaluation design choices that directly affect scientific con-
clusions, including metric implementations, preprocessing
conventions, unit conversions, and forecast timestamps. In
particular, correcting metric errors changed the apparent
ranking of some methods, while incomplete preprocess-
ing releases and ambiguous scale conventions made several
absolute-pose benchmarks difficult to compare across papers.
Overall, substantial reproducibility or evaluation issues were
found across many of the examined methods. Reported im-
provements therefore cannot be interpreted reliably unless
preprocessing, metric implementation, units, timestamps,
and released artifacts are controlled. These findings motivate
the unified protocol in Section 5 and highlight the need to
release complete preprocessing and evaluation code together
with trained checkpoints where possible.

4. Latency-Aware Metrics

Many uses of pose forecasting are latency-sensitive, but stan-
dard forecasting metrics ignore the time required to compute
a forecast (measured by forecasts per second (FPS) at batch-
size 1). For example, a model that requires more than one
second to forecast the next second of motion has limited
value in a real-time system, because the predicted interval
has elapsed before the forecast is available. To measure how
inference time affects the usefulness of a forecast once pose
inputs are already available, two new latency-aware metrics
are introduced. These metrics are intended to complement
MPJPE when comparing forecasting models under a fixed
upstream sensing pipeline.

The forecast after delay error (FADE, Equation 2) focuses
on average forecasting performance while accounting for in-
ference delay. The idea is that if a prediction takes some
amount of time to compute, the forecast must effectively
reach that much further into the future. Because changing
the output sequence length of every model would be imprac-
tical, FADE uses a simpler approximation that assumes linear
error growth with time. Appendix D validates the linearity
assumption in more detail.

1000 ms 1
— Fps ?
The fast change estimate (FCE, Equation 3) is a con-
servative forecaster-side latency measure for abrupt motion
changes. Using the human limb speed from ISO 13855, it
estimates how far a limb could move during one model in-
ference interval. After an unexpected motion change, the
system relies on a prediction conditioned on outdated ob-
servations until a new forecast is computed. Lower FCE
indicates faster reaction to sudden motion changes.

FADE, = MPJPE,+ MPJPE; -

1

In real applications, the image-to-pose system also intro-
duces latency. This latency is excluded from FADE and FCE
because it is deployment-specific and depends on the cam-
era and hardware systems as well as on the pose-estimation
method. For a fixed upstream pipeline, this latency is shared
across forecasters and therefore does not affect their relative
comparison. End-to-end deployment evaluations should add
upstream sensing and pose-estimation latency separately.

5. Unified Absolute-Pose Benchmark

Forecasting absolute human poses can be important for a
variety of applications such as motion planning, virtual re-
ality or human-robot interaction. If a person moves around,
their absolute position in the world can contain important in-
formation that is not captured by relative pose forecasts, for
example future distances between human joints and objects
or devices in the environment, and therefore would require
an additional trajectory prediction model.

Rather than building a more complex two-model system
that stacks trajectory and relative forecasting models, and
then also their prediction errors, this work evaluates whether
the already existing relative forecasting algorithms can be
adapted to directly predict absolute poses as well.

To use the relative algorithms with absolute poses, the
input pipeline was replaced. Instead of reusing the prepro-
cessed data without global motion, which all approaches took
from [24], the absolute poses were extracted directly from
the Human3.6M dataset. This avoids potential sources of
error introduced by repeated conversions between absolute
and relative pose representations and additionally simplifies
the overall data processing pipeline.

To improve the training generalization, the input and tar-
get pose sequences were moved to a central location by
subtracting the mid-hip joint of the last input pose from
all joint coordinates. For inference, the already known
last input hip position is added again, to obtain global co-
ordinates. The subtraction ensures that the model learns
location-independent motion patterns, even though it might
be interesting in some usecases to keep this information, for
example, if movements only happen at certain locations.

For the main comparison, the Human3.6M [14] dataset is
used, downsampled to 25H z by skipping every second step,
as in previous works. The models are trained on 50 input and
25 output timesteps, resulting in 1s of motion forecast, and
only use 13 joints (2 hips, 2 shoulders, 1 nose, 2 knees, 2 an-
kles, 2 elbows, 2 wrists) to simplify usage with other datasets
that have fewer ground-truth joint labels. The MPJPE is
calculated action-agnostically by averaging over all dataset
samples. All models are trained from scratch and evaluated
on the same data, using released default hyperparameters
whenever possible (required compatibility modifications are
documented in Appendix C, and code and configuration files
are included in the open-source repository).



| Method | Type | Size | MPJPE | FPS | FCE | FADE |
Repeat last frame - - 301 - - 301
Last delta average - - 264 - - 264
Ridge Regression - - 185 - - 185
TBiFormer ’2023 | abs | 5.64M | 301 293 7| 302
PGBIG 2022 | rel | 2.65M | 279 35| 57| 287
GMFnet 2024 | rel | 11.3M | 279 51 39| 284
SPGSN 2022 | rel | 52IM | 262 19 | 105 | 276

STSGCN 2021 | rel | 202K 275 1405 1| 275
HisRepltself ’2020 | rel | 2.93M 233 142 | 14| 235

DePOSit 2023 | rel | 1.17TM 197 6| 333 | 230
GCNext 2024 | rel | 4.95M 175 381 53| 180
siMLPe ’2022 | rel 129K 178 158 | 13| 179

SoMoFormer 2022 | abs | 4.88M 179 586 3 179
MotionMixer ’2022 | rel | 37.2K 168 632 3 168
TAFormer 2024 | abs | 2.53M 158 28 71 164
AuxFormer 2023 | rel | 1.27M 164 403 51 164
JRTransformer’2023 | abs | 3.74M 162 595 3 162
DeformMLP °2024 | rel | 1.29M 159 512 41 159
EMPMP 2025 | abs | 314K 150 215 91 151
EqMotion ’2023 | rel | 3.36M 148 45| 44| 151

Table 2. Unified comparison of absolute and relative methods in
the task of absolute pose forecasting on Human3.6M. MPJPE and
FADE are measured at timestep 1000 ms. The error metrics are in
millimeters. FPS is tested on a computer with an AMD-9900X and

a single Nvidia-RTX4080. A batch-size of 1 was used for testing.

Note that the size and speed of some models depends on the number
of input and output timesteps (here: 50 in, 25 out).

Table 2 shows that several relative forecasting models
can be adapted successfully to absolute pose forecasting.
A new static approach was added for comparison as well,
last delta average repeats the average of the last input pose
delta, so all joints keep moving in the direction of the last
general movement (the average delta is used to preserve the
human shape over the time). As an additional classic method
baseline, a simple Ridge Regressor was trained.

An interesting finding is that most models using graph
neural networks (HisRepltself, STSGCN, SPGSN, PGBIG,
GMFnet) perform worse in this unified setting than the
others using a different network structure. This suggests
that conclusions drawn from the original protocols may not
directly transfer to this absolute-forecasting protocol, but
it should not be read as evidence that graph-based models
are generally inferior. At the same time, the results show
that the general idea of switching the task of the relative
models was successful, because some of those adapted
implementations obtain lower errors than several evaluated
absolute-pose implementations, including SoMoFormer,
JRTransformer, and EMPMP.

6. Cross-Domain Sequence Baselines

The results in Table 2 show that diverse architectures obtain
similar results and that several relative-pose models transfer
to the absolute-pose protocol. From this observation, it
remains unclear to what extent pose-forecasting performance
depends on specialized architectures. This motivated testing

whether mature generic sequence architectures, originally
introduced years earlier, can match or outperform recent
pose-specific models after minimal adaptation. The goal
was not to identify the best possible architecture, but to test
whether current baseline comparisons are incomplete.

6.1. Scriboora

The idea behind Scriboora is the question: Can speech-to-
text models be retasked as well? At a high level, both speech
recognition and pose forecasting transform an observed
numerical sequence into a target sequence, although the
target spaces differ and are either character-tokens or joint
coordinates. Furthermore, speech recognition provides
many mature sequence models with diverse architectures
that emphasize efficient inference while capturing local
temporal patterns and long-range sequence structure, all of
which are relevant to pose forecasting. For the experiments
with different speech-to-text models (DeepSpeech [26],
QuartzNet [18], Conformer [10], Squeezeformer [16]), the
implementations from Scribosermo [2] were used, which
also motivated the first part of the paper title, Scriboora.

6.2. Performance Results

The main change needed was to adapt the data pipeline,
so that motion instead of audio sequences could be loaded.
The models themselves only required minor changes. Ap-
pendix E provides details on the model changes and training
procedure. Table 3 shows that the converted speech models
are strong baselines under the unified protocol, with several
matching or surpassing specialized models from Table 2.
The Conformer models combine convolutional, linear, and
attention layers to capture both local and global patterns
and are therefore among the leading approaches in speech
recognition. This relatively generic architecture also appears
to adapt well to the new task.

| Method | Size | MPIPE | FPS | FCE | FADE |
DeepSpeech  °2014 | 2.35M 198 653 3 198
QuartzNet ’2020 | 3.17M 168 1300 2 168
Squeezeformer’2022 | 3.31M 149 960 2 149
Conformer 2020 | 3.22M 147 1049 2 147

| MotionConformer | 923M | 143 | 929 | 2| 143 |

Table 3. Results of converted speech models on Human3.6M.

As can be seen in Table 3 as well, most models are very
fast, so this leaves room to further increase the size of fu-
ture models. With that in mind, the Conformer model was
further improved by increasing the layer dimensions, and
as another change, because the motion sequence length is
notably shorter than the average audio sequence length, the
time downsampling at the start of the model was moved to
the end of the model, so that information is retained longer
in the model (see Appendix E). The resulting model is called



MotionConformer in the following. Although it is the second-
largest model overall, the training time of 1k on the Nvidia-
RTX4080 is at the lower end among the compared architec-
tures. As shown in Table 3, it obtains the lowest reported
error among the models evaluated under the unified protocol,
while maintaining a very high inference speed as well.

7. Further Forecast Benchmarks

The previous benchmark evaluated a broad set of methods on
the unified Human3.6M protocol. To test whether the main
trends persist beyond this dataset, this section reports addi-
tional experiments on CMU-MoCap and CHI3D. Because
retraining every audited model on every additional dataset
would be computationally expensive, these experiments fo-
cus on the strongest methods from the unified benchmark
and on representative baselines.

7.1. Single-person Forecasts

For the single-person evaluation, the CMU-MoCap [12]
dataset was selected as an additional absolute-pose forecast-
ing benchmark. The labels were extracted from the original
dataset again, and are different to the ones used in MRT,
SoMoFormer, JRTransformer and EMPMP. The processing
script of MRT adds a randomly chosen global position offset,
and also combines single actor sequences with other se-
quences to get sequences containing three actors, which are
then cut to fixed sized 4s sub-sequences. Since for this exper-
iment only single-actor sequences are evaluated, sequences
with two actors are split into two. The performance of the
models trained and tested on CMU-MoCap can be found in
Table 4. The relative performance between the models is
similar to the one on Human3.6M, with MotionConformer
again obtaining the lowest errors.

. MPJPE FADE
Method Size | 40071000 | FPS | 400/ 1000
Repeat last frame - 201 /408 - 201 /408
Last delta average - 167 /398 - 167 /398
Ridge Regression - 130/ 296 - 130/ 296
JRTransformer 3779M | 99.0/245 610 | 99.4/245
DeformMLP 1.29M | 98.3/242 | 462 | 98.8/243
EqMotion 3.37M | 90.6/217 41 | 96.1/222
EMPMP 447K 93.1/216 | 213 | 94.2/217
MotionConformer | 9.23M | 88.6/201 909 | 88.8/201

Table 4. Comparison of single person forecasting on CMU-MoCap
dataset. The models were trained to predict a maximum time-
range of 1000ms, the forecast error was measured at the timesteps
400ms and 1000ms.

The second experiment in Table 5 evaluates the models on
a longer time-range of 3000 ms. Especially for systems with
longer reaction times, like robots or cars, longer forecasts can
help to plan their actions better. Here a larger gap between
the models can be observed. Specifically at the longer time-
range, DeformMLP also seems to suffer from the too short

10 possible input timesteps, whereas the other models could
predict the motion from 180 input frames. Apart from that,
the relative performance between the models is similar to
the previous experiments again.

MPJPE FADE

Method Size 1 1000120003000 | FFS | 100012000/3000

356/562/ 706
373 /773 /1198
276/507/ 692 -
2417454/ 656 226

356/562/ 706
373 /773 /1198
2767507/ 692

Repeat last frame

Last delta average
Ridge Regression -
DeformMLP 1.29M

24271455/ 657
JRTransformer 4.38M | 255/446/ 602 562 | 255/446/ 602
EMPMP 39IM | 233/385/ 489 201 2347386/ 490
EqMotion 3.42M | 218/354/ 469 13 | 235/368/ 481

MotionConformer 9.23M | 211/351/ 462 777 211/351/ 462

Table 5. Comparison of single person forecasting on CMU-MoCap
dataset. The models were trained to predict a maximum time-
range of 3000ms, the forecast error was measured at 1000ms,
2000ms and 3000ms. Again, twice the output duration was used
as input duration. The reason for the difference of repeat last frame
method at timestep 1000ms to the table before is the windowing
of the dataset. Here, the window is much larger, resulting in fewer
samples, because the windows start later and end earlier.

7.2. Multi-person Forecasts

The previous benchmarks in this work focused on single-
person forecasting. In many applications, like human-robot
interactions, there is only one main actor, or the persons
are unrelated to others. In such cases, the forecasts can
be run independently per person. However, in some cases
the persons can interact closely and influence each other’s
movements. Therefore, the following small experiment is
intended to show the support for multi-person inputs.

In the previous works of JRTransformer [42], and
EMPMP [43] the multi-person dataset CMU-MoCap fol-
lowed the preprocessing of MRT [36], including the scale
problems, and partially missing preprocessing source-codes
explained in more detail in Appendix B. Besides that, the
multi-person interactions are partially synthetic, because
the dataset combines different sequences to three person se-
quences, as mentioned earlier as well. Therefore, CHi3D [7]
is used instead for the experiment. It shows two persons
interacting closely with each other, and has a recording setup
very similar to the one of the Human3.6M dataset, using four
cameras in the room edges.

The results in the upper part of Table 6 show that the
single-person models of EgMotion and MotionConformer
can successfully be extended to multi-person forecasts. Tech-
nically the model inputs just need to be extended to 26 in-
stead of the original 13 joints. The general idea behind this
simple approach is, that if the model can learn some connec-
tion between arm and leg movements of one person from
input coordinates, it should be able to learn some connection
between two hands of different persons as well. In the pa-
per of IAFormer [39] this dataset was already used as well,



and a MPJPE of 218 mm, and 233 mm for TBiFormer were
reported. The results could not be replicated though, for
unknown reasons there was no notable learning progress.
However, the reported MotionConformer error is lower than
their original published results.

‘ Method ‘ Size ‘ MPIJPE ‘ FPS ‘ FCE ‘ FADE ‘
Repeat last frame - 272 - - 272
Last delta average - 318 - - 318
Ridge Regression - 277 - - 277
EqMotion 3.37M 234 16 125 249
EMPMP 314K 227 209 10 228
MotionConformer 10.2M 207 853 2 207

MC (chi3d+h36m) | 102M | 191 | 853 | 2 | 191 |

Table 6. Forecasting close two-person interactions on CHi3D,
errors at timestep 1000 ms.

Since the dataset is very small (the trainset only has
around 0:13h of movements), especially the larger models
suffer a bit from the data sparsity. Besides the iterative fine-
tuning on live data, which will be explored in more detail in
the next section, one also could enhance the training dataset
with synthetically created pair motions, or by adding similar
single person motions to it. In a short experiment, which sim-
ply added the Human3.6M dataset to the training sequences,
the results of the MotionConformer in the lower part of Ta-
ble 6 notably improved. This also shows transfer capabilities
of the model from single to multi-person motions.

7.3. Further Suggestions

As a last note in this section, as a suggestion for future work,
it should be beneficial to also add positions of objects and
obstacles into the model inputs. The current forecasting
datasets are normally object and obstacle free, but in realistic
environments this is seldom the case. Often humans interact
with objects as well, like in a soccer game in which the ball
will notably guide the future movement direction, or try to
avoid obstacles, like in buildings with doors. But this is out
of scope for this work, and will be left for future research.

8. Noisy Pose Evaluation

While recent pose forecasting methods report strong results
on clean motion-capture data, deployment systems often rely
on poses estimated from images. The resulting detector noise
can introduce spatially structured and temporally correlated
errors that are not captured by clean-label evaluation.

8.1. Previous Approaches

With [6] and [28] there already are two works that inves-
tigated the impact of artificially generated noise. Both of
them randomly dropped some of the joints and also added
Gaussian noise to the joint positions. Only DePOSit [28]
open-sourced their code for further usage. Dropping ran-
dom joints is a type of noise that normally does not occur

in markerless settings, because most pose estimators always
attempt to estimate joints that are not visible, without ex-
plicitly marking those estimated joints (which would allow
dropping them afterward). Regarding the Gaussian noise,
across multiple frames (as in the model inputs) random noise
averages around the true location, while pose estimators
rather have more structural errors (like forearm too short
in all frames) in which the noise doesn’t follow a Gaussian
distribution. Due to those reasons, this work will investigate
a more realistic type of error, namely the one caused by a
preceding pose estimation network.

8.2. Detector-Noisy Data

To simplify the comparison between the performance with
and without such noisy joint labels, a dataset is needed which
also contains ground-truth labels. While the authors of [29]
already have created a pose forecasting dataset with pre-
dicted joint labels (using VoxelPose [33]), it has no ground-
truth labels. Furthermore, it contains almost no global move-
ments of the persons as they are standing at a fixed position
in front of a robot and mostly only move their arms.

Therefore, a new variant of the Human3.6M dataset is
generated. The joints are predicted by a state-of-the-art
multi-view multi-person model, namely RapidPoseTriangu-
lation [3]. Tt achieves strong zero-shot performance on the
previously unseen Human3.6M dataset of 52mm MPJPE. In
the very rare cases (0.1%) that the person was not detected,
or only with a score below a threshold (of 0.1 in a range
from 0-1), the joints of this frame were replaced with the
joints of a valid previous frame, mirroring a simple real-time
tracking policy. In case multiple persons were detected, the
one with the best score was kept. The pose prediction was
very fast, with an average of 160 FPS on a single Nvidia-
RTX4080 GPU. For consistency with the main benchmark,
the data is subsampled to 25 frames per 1000ms again.

The reason for choosing a multi-view pose estimator is
that for most practical applications, multi-view systems are
expected to be a notably better choice than single-view sys-
tems. While they need some extra setup effort, this is compa-
rably small, and avoiding/reducing errors in the input skele-
ton sequences, caused for example by occlusions, depth am-
biguities, or image-to-pose estimation errors in one view, far
outweighs the small additional calibration effort. Especially
in professional or semi-professional setups in which a high
pose and forecast accuracy is important. This was investi-
gated in more depth in [4], which showed, for the related task
of skeleton-based action recognition, that by switching from
single-view to multi-view poses, the action classification
error of multiple state-of-the-art methods could be signifi-
cantly reduced, and also described why they are preferable to
lifted 2D-to-3D skeletons from single-view inputs. Since the
tasks are very similar, it seems reasonable to argue that those
results transfer to skeleton-based motion forecasting as well.



8.3. Noise Adaptation Experiments

To approximate a deployment scenario in which a forecasting
model is available before being adapted to a new application
setup, the models are first pretrained on a mixture of exter-
nal motion-capture datasets (here CMU-MoCap [12] and
BMLmovi [8], BMLrub [32], KIT [23] from the AMASS [22]
collection, which together contain around 11:30h of mo-
tions). The 13 joints from before are used again, but in the
case of CMU-MoCap the nose is replaced with the upper-
head joint position since no nose joint exists in this dataset.
The original frame-rates of those datasets are 120 fps or
30 fps, but to match the target dataset, forecast is done with
25 steps. This changes the effective motion speed for some
source datasets, but it is expected that the model should still
be able to learn the general motion patterns.

Before evaluating detector noise, Table 7 reports clean-
input zero-shot transfer to Human3.6M. Generalization to
unseen datasets is a central requirement for practical fore-
casting models, and the results are close to the supervised
Human3.6M benchmark in Table 2. This indicates that the
pretrained models have strong cross-dataset generalization
capability. Furthermore, the results provide a clean-input
reference for measuring the degradation caused by detector-
generated poses.

Method MPJPE

40ms  400ms 1000ms
EMPMP 43 59.7 165
EqMotion 4.0 52.0 156
MotionConformer 4.0 51.6 149

Table 7. Zero-shot transfer capabilities from a large mixture of
datasets to Human3.6M, at the given timesteps.

Table 8 evaluates the same pretrained models when the
input poses are produced by the 3D pose-estimation network.
The detector-target columns compare forecasts against future
detector-generated poses, corresponding to the error measur-
able in a deployed system without motion-capture ground
truth. The ground-truth-target columns compare the same
forecasts against clean future poses, measuring the true error
with respect to the actual human motion, including the up-

Method detector target ground-truth target
400ms  1000ms 400ms  1000ms
EqMotion 513 842 532 856
EMPMP 100 215 123 229
MotionConformer 94.2 214 118 228

Table 8. Influence of skeleton joints generated by a 3D-pose-
estimation network on model performance, measured as MPJPE in
millimeters at the given timesteps. The left section uses the network
predictions as inputs and targets (which would be the measurable
error in live systems), and the right one the predictions for input
and ground-truth labels as targets (which would be the real error).

stream pose-estimator error (here on average 63 mm at time
zero). Compared with the clean-input reference in Table 7,
detector-generated inputs cause a substantial performance
degradation, and the true error is consistently higher than the
detector-target error observable from detector outputs alone.

Since detector outputs can be collected without addi-
tional motion-capture labels, the forecasting model can
be adapted to the target application setup using detector-
generated pose sequences as pseudo-labels. The upper block
of Table 9 reports this adaptation for the pretrained Motion-
Conformer. This setting simulates a deployed system that
has collected observations from its target environment (here
for around 1:55h) and finetunes the forecasting model with
them. Following this approach, the detector-target error im-
proves strongly (by 25.7%), and the ground-truth-target error
also decreases (by 22.4%), indicating that pseudo-label adap-
tation reduces part of the detector-induced degradation. Al-
though training and evaluating on clean motion-capture data
still gives the best clean-input result (143 mm at 1000 ms),
the adapted detector-trained model remains competitive un-
der detector-target evaluation (159 mm at 1000 ms), sug-
gesting that detector-generated pseudo-labels can be a viable
training signal when clean labels are unavailable. Additional
experiments with artificial Gaussian-noise pretraining are re-
ported in Appendix F, showing that pretraining with artificial
noise can improve robustness to detector-generated inputs
but does not replace adaptation on the target detector outputs.

Method detector target ground-truth target
400ms  1000ms 400ms  1000ms
| MotionConformer | 66.9 159 | 94.8 177 |
EMPMP 76.4 179 104 195
EqMotion 68.5 168 96.1 185
MotionConformer 69.1 165 98.3 183

Table 9. Improvements through pseudo-label training. Finetuning
the pretrained model on noisy predictions in the upper part, training
all models from scratch in the lower part. Columns are separated
the same as in Table 8

Because finetuning implementations were not available
for the other two methods, the lower block of Table 9 reports
the performance after training all models from scratch on the
detector-generated dataset. In terms of MPJPE the results
of EqMotion and MotionConformer are similar, but Motion-
Conformer retains the runtime advantage observed in the
previous section. The comparison between the two Motion-
Conformer rows shows that pretraining on a large motion
dataset is beneficial, although the final accuracy improve-
ment over from-scratch training is moderate. Finetuning
also converges faster, and a generic pretrained model is typi-
cally required before target-environment observations in a
practical deployment scenario can be collected.



9. Limitations

The unified Human3.6M benchmark is intended as a con-
trolled reference protocol for future absolute pose forecasting
evaluations. Given the reproducibility and comparability is-
sues found in existing benchmarks, it is proposed as a more
reliable basis for future comparisons rather than merely as
an additional leaderboard. At the same time, its scope is
protocol-specific: the primary benchmark uses a 13-joint,
single-person, absolute-coordinate representation together
with fixed preprocessing, windowing, and metric choices.
Results should therefore not be interpreted as numerically
interchangeable with protocols that use different joint sets,
coordinate systems, or evaluation metrics. Additional experi-
ments on CMU-MoCap and CHI3D, as reported in Section 7,
can provide complementary cross-dataset evaluations and
should be used alongside the primary Human3.6M protocol
to assess whether observed performance trends generalize
beyond a single dataset.

The benchmarks generally follow the common practice
of the evaluated literature and report one training run per
method. This makes a broad audit of many third-party im-
plementations feasible, but it does not measure training vari-
ability of all methods. Such scores are thus best interpreted
as reproducible artifact-level comparisons under the unified
protocol. For the best three methods, ablation experiments
with multiple training runs with different random seeds were
therefore performed and reported in Appendix E.2, and show
a low variance of the reported scores. Even across the other
datasets in Section 7 (which at the same time use different
seeds) the ranking stays the same, which provides further
support for the overall ranking stability, although it does not
establish it conclusively.

The cross-domain baseline study is also not an exhaus-
tive architecture search, but rather tests whether mature
generic sequence models are missing from current baseline
comparisons. For the proposed MotionConformer models,
trained checkpoints are released together with the evaluation
code, making the reported artifact performance directly re-
producible. For third-party methods, reproducibility depends
on the artifacts released by the original authors and on the
compatibility of their training code with the unified proto-
col. Future benchmark reports should therefore addition-
ally include seed variation results when the claim concerns
method-level superiority rather than the performance of a
released checkpoint, especially when numerical margins are
comparatively small.

The detector-noisy Human3.6M variant measures robust-
ness to one multi-view pose-estimation pipeline. The se-
lected detector was reported in its original paper to perform
best across multiple datasets that were unseen during its
training, making it a strong representative source of detector-
induced noise. Nevertheless, other pose estimators may
induce different spatial and temporal error distributions. Ad-

ditionally, most commonly used datasets are captured in
controlled laboratory settings, that might not perfectly re-
flect the conditions of real-world deployment. Therefore
future work should evaluate whether the observed degra-
dation and recovery behavior generalizes across detector
families, and whether it persists under less controlled cap-
ture conditions. However, such experiments are outside the
scope of this work. The proposed protocols nevertheless
establish a reproducible and comparable framework for sys-
tematically evaluating the effects of detector noise under
controlled conditions, while providing a common basis for
future extensions.

10. Conclusion

This work re-examined human pose forecasting with a focus
on evaluation reliability, model assumptions, and deploy-
ment realism. The reproducibility audit uncovered several
issues in prior evaluation code, preprocessing pipelines, ar-
tifact availability, and metric definitions. By re-evaluating
recent approaches under a unified absolute-pose protocol,
this work provides a more controlled reference point for
future comparisons.

The results also question whether progress in pose fore-
casting should be attributed primarily to specialized forecast-
ing architectures. By viewing pose forecasting as a sequence-
to-sequence problem, architectures originally developed for
speech recognition were adapted to this setting. The adapted
Conformer models, and especially the optimized MotionCon-
former, obtained the lowest reported errors under the unified
protocol while maintaining high inference throughput. This
suggests that mature generic sequence models should be
treated as serious baselines, and that architectural claims in
pose forecasting should be evaluated under stricter and more
comparable protocols.

To move evaluation closer to deployment conditions,
this work introduced latency-aware metrics and a paired
clean/detector-noisy Human3.6M variant. The noisy-input
experiments show that models trained and evaluated only
on clean motion-capture data can suffer a substantial per-
formance drop when their inputs come from a pose esti-
mator. At the same time, adapting the forecasting model
on detector-generated pose sequences can recover part of
this degradation without requiring additional ground-truth
annotations.

Overall, this work shows that rethinking human pose
forecasting requires more than proposing new architectures.
Reliable progress depends on reproducible artifacts, clearly
specified preprocessing, consistent metrics, strong generic
baselines, and evaluation under realistic input conditions.
To support future work in this direction, all code, prepro-
cessing scripts, trained MotionConformer checkpoints, and
evaluation tools are made publicly available.
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A. Related Work

This section provides a more detailed overview of the afore-
mentioned related work methods evaluated in the exper-
iments of this paper. The selection covers the main ap-
proaches identified in the literature, with the majority having
been published at top-tier conferences. The key architectural
aspects of each method are described below.

A.l. Relative Forecasting Approaches

Most relative approaches build upon the source-codes
from [24, 25] and reuse their preprocessed datasets and eval-
uation metrics. The default dataset is Human3.6M [14]. In
the commonly used subset, 7 actors are performing 15 dif-
ferent actions. The actors are represented as skeletons with
32 joints in total, which in the case of the preprocessed
dataset, are represented as exponential maps, from which the
3D coordinates are computed. From the seven actors, the
subject S11 is used for validation, and S5 is used for test-
ing. The dataset was captured at a frame rate of 50H z, but
usually every second frame is skipped, and only 25 future
frames are predicted for the next second.

Figure 2. Example of a relative pose forecast of a walking person.
The green skeletons visualize the input sequence of the prediction
model, and the red ones the predicted future poses. Only the
predicted joints are visualized, therefore this person does not have
a hip (it is fixed to the same spot).

Out of the 32 joints 22 joints are selected for training
(see Figure 2), the others either contain the static hip joints
or are duplicated joints. To calculate the resulting mean
per joint position error (MPJPE) according to the default
protocol, the 32 target joints are copied and the values of the
22 training joints are replaced with the model predictions.
Then the mean error over all 32 joints is calculated. For each
action 256 randomly sampled sequences are used.

The relative approaches investigated in this paper mostly
use different network architectures. HisRepltself [38] uses
a motion-attention concept to attend to historical motion
sub-sequences, which are then used by a graph convolu-
tion network to predict future poses. STSGCN [31] only
uses a graph convolution network, which can separate be-
tween the space and time axis of the motions. SPGSN [20]
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splits the skeleton into separate parts and analyzes both,
parts and the complete skeleton model to extract features
and predict future poses. PGBIG [21] uses a multi-stage
graph network in which initial guesses are progressively im-
proved until the final output. MotionMixer [5] relies solely
on multi-layer perceptrons, which alternate between using
spatial and temporal channels as inputs. siMLPe [11] uses
a similar, but much simpler architecture, which in its core
has only alternating fully-connected and layer-norm layers.
EqgMotion [41] distinguishes between geometric and pattern
features and additionally creates an interaction graph for the
inputs. The model is based on fully-connected layers and
has multiple connections between the geometric and pattern
layers. DePOSit [28] uses a diffusion model to simultane-
ously predict future poses and de-noise them. In some of
their experiments, the prediction was done in two steps with
two models, one for the short-term future as an intermedi-
ate step, and the second that uses the predictions from the
first as input for the complete prediction. Its architecture
was directly designed to handle noisy inputs as well. Aux-
Former [40] uses a transformer-based architecture, which
includes auxiliary tasks in its training, to improve the fore-
casting performance. Instead of just forecasting future poses,
it also has network branches designed to repair artificially
added noise and dropout errors. GMFnet [30] developed a
two-stage model to improve the focus of attention layers for
better feature extraction. GCNext [37] improves the design
of graph convolution layers to allow them to calculate fea-
tures across space, time and channels (joints) simultaneously.
DeformMLP [13] uses a multi-layer perceptron architecture
that splits inputs into non-overlapping blocks which are also
mixed across space, time and channel dimensions.

A.2. Absolute Forecasting Approaches

Later on, there have been attempts to calculate absolute pose
motions instead of relative poses. For applications requiring
the full human movement, this has the benefit that the model
outputs can be used directly, and do not need to be combined
with models that focus on forecasting only the general mo-
tion trajectory, like [9, 17]. An earlier approach for this is
TRiPOD [1], which also created a new benchmark. For 3D
joint predictions they use the 3D Poses in the wild (3DPW)
dataset [35], which consists of 60 action sequences in a real
world setting. Another dataset often used for absolute pose
forecasting is CMU-MoCap [12]. The actors have been cap-
tured by twelve cameras in a 3m x 8m room with a frame-
rate of 120H z. Usually this rate is reduced to 15 frames per
second by skipping over frames. In most scenes there is only
one actor, but some contain a second actor as well.
SoMoFormer [34] was one of the earlier leading algo-
rithms on both datasets and is also available open-source.
The algorithm uses a transformer-based method, which
uses a learned joint and person embedding to allow move-



ment predictions for multiple persons at the same time.
TBiFormer [27] splits the persons into sequences of body
parts and then learns self- and inter-person relations using
those part features. JRTransformer [42] distinguishes be-
tween joint and relation features and has specialized lay-
ers for both, which are regularly fused with each other.
IAFormer [39] focuses on the interaction between persons
and tries to learn person-independent interaction features
to especially improve multi-person forecasts. 72P [15] fol-
lows a coarse-to-fine approach, by first forecasting global
trajectories, followed by conditioned local pose forecasts.
EMPMP [43] proposes a lightweight dual branch architec-
ture to learn local and global motions together with a cross-
level interaction module to share information between the
two branches.

B. Detailed Reproduction Notes

Before comparing all models on the same dataset, the first
question was: Can the results of the approaches described
in their respective papers be reproduced? What should
have been a straightforward reproduction exercise instead
revealed substantial issues in many of the audited methods.
This appendix provides the detailed evidence behind the
audit summary in Table 1. For each method, the reported re-
sult, available artifacts, reproduction outcome, and identified
discrepancy are described.

B.1. Relative Forecasting Approaches

For relative forecasting methods, several approaches could
be reproduced exactly or within small numerical differences,
while others showed larger discrepancies.

STSGCN [31] had an error in their MPJPE calculation,
which the authors mentioned on their linked repository. The
corrected results could be reproduced here. MotionMixer [5]
calculated both metrics, but also had an error in the old
metric (at counting items for the average calculation), which
could be corrected because they open-sourced the code, but it
resulted in significantly lower performance. The reason why
SPGSN [20] and EgMotion [41] had a lower performance
is unclear. Similar reproduction difficulties were reported
in public repository issues, but no resolved explanation was
available at the time of the audit. With DePOSit [28] and
GMFnet [30] the reason is unclear as well. The results
of EqMotion, AuxFormer, GMFnet (400 ms) and DePOSit
could be reproduced with their published checkpoints though.
The repository of JAFormer [39] did not contain the code for
the Human3.6M dataset, but their results on CMU-MoCap
could be replicated. CSCNet [19] has no published source
code. A comparison of all relative approaches, including the
corrected results, can be found in Table 10. Res. Sup. [24]
served as the basis on which the other works build upon.
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| Method | MPIPE (400/1000ms) | Replicated
Repeat last frame 88.2/136.6 -
Ridge Regression 76.5/128.2 -
Res. Sup. [24, 38] 2017 88.3/136.6 -
IAFormer [39] 2024 50.8/130.4 -
MotionMixer [5] T ’2022 59.3/111.0 65.4/117.9
STSGCN [31] F ’2021 383/ 75.6 67.5/117.0
GMFnet [30] ’2024 - /1023 64.1/114.1
SPGSN [20] ’2022 58.3/109.6 62.0/112.3
HisRepltself [38] 2020 58.3/112.1 58.3/112.0
AuxFormer [40]  ’2023 - /107.0 61.7/111.6
PGBIG [21] ’2022 58.5/110.3 58.8/110.4
EqMotion [41] ’2023 55.0/106.9 57.8/109.8
GCNext [37] ’2024 56.4/108.7 57.5/109.8
CSCNet [19] ’2025 57.4/109.4 -
siMLPe [11] ’2022 57.3/109.4 57.6/109.6
DePOSit [28] ’2023 - /1033 59.0/106.2
DeformMLP [13] 2024 57.9/105.5 57.5/105.3

Table 10. Comparing recent approaches for relative pose forecast-
ing on Human3.6M dataset, averaged over all actions. The mean
per joint position error (MPJPE) is measured in millimeters at two
frames 400 ms and 1000 ms in the future (using the same model for
both timesteps). Approaches marked with a f had errors in their
evaluation code which were fixed in the replicated column.

B.2. Absolute Forecasting Approaches

For absolute forecasting methods, the main reproducibility
problems were metric definitions, scale conversions, and
timestamp conventions.

In the absolute pose forecasting benchmark of 7Ri-
POD [1] anew metric called Visibility-Ignored Metric (VIM)
was developed, which in the case of no invisible joints,
should behave like MPJPE for each timestep (7 This met-
ric is the simple MPJPE metric except that the invisible
Jjoints (if exist) are not penalized and are simply discarded
by considering truth”), but it has an error in its formula (see
Equations (4) and (1)). Instead of calculating the distance
in 3D-space and averaging over the joints, the distance is
calculated in 3*N-dimensional joint space. It is measured in
centimeters. To calculate VIM the train/test splits of 3DPW
also need to be switched.

VIM,

joints 3
> (Z(gtm,k - predt,i,m) )

=1 k=1

For comparison on the CMU-MoCap dataset, it was
stated in SoMoFormer that the same training recipe
and evaluation metric was used as in MRT [36]. In
the MRT-paper it was described that the error unit is
0.1 meters, which already includes a dataset scaling factor
of 0.6, but following the source code of MRT, a different
unit has to be used. The error has to be multiplied by
((10%3/1.8 % si2m)/1.8) ~ 0.5226 to get a unit of 1 meter,
with si2m = ((1.0/0.45) * 2.54/100.0) ~ 0.0564, which
following the dataset description, converts the scaled inches
unit to meters. Following the large difference between the



results reported in the MRT-paper, and the ones for the
MRT-model in the SoMoFormer-paper, the latter likely
used a different metric or scale, but this could not be
validated, because the source code was not completely
open-sourced. The same also applies to TBiFormer [27],
JRTransformer [42], and EMPMP [43]. Besides that, all
papers reported different results for the same benchmark in
their own replications, sometimes resulting in older models
being better than the newer ones, or with large numeric error
differences, which shows general replicability problems
with those models (Table 11). One reason could be that often
only parts of the code are published, so some steps might
have been reimplemented differently. And for 72P [15] the
environment could not be set up completely, therefore it was
not evaluated in the main sections.

| Method | Reporting Paper | MPIPE (1000ms / 3000ms) |
HisRepltself MRT [36] 1.05/1.58
TBiFormer [27] 134 /349
SoMoFormer [34] 0.50/1.42
JRTransformer [42] 14.9/30.7
MRT MRT [36] 0.79/1.22
TBiFormer [27] 148 /352
SoMoFormer [34] 046/1.11
JRTransformer [42] 9.6/21.8
EMPMP [43] 89/189
TBiFormer TBiFormer [27] 118 /329
EMPMP [43] 98 /218
SoMoFormer SoMoFormer [34] 0.42/1.06
JRTransformer [42] 10.7/22.5
EMPMP [43] 84 /202
JRTransformer | JRTransformer [42] 8.3/18.5
EMPMP [43] 887206

Table 11. Comparing reported results of recent approaches for
absolute pose forecasting on the CMU-MoCap dataset proposed
by MRT [36]. Even though the descriptions of the experiments
are similar, the reported results differ substantially between papers,
showing general replicability problems.

The authors of TBiFormer stated to use the preprocessing
from MRT as well, but if that is correct, at least one of their
results uses wrong timestamps. In the published source-code
they used 50 input and 25 output frames for their 2s/1s ex-
periment on CMU-MoCap. The base dataset has an original
frame-rate of 120 H z, which is reduced to 30H z by MRT. If
they did not interpolate the frames (the preprocessing code
was not published), the predicted time range is too short.
The same problem could be found in the source-code of
IAFormer and T2P, and the paper of GMFnet.

C. Converting relative to absolute Forecasters

To evaluate the released relative-pose forecasting implemen-
tations under the unified absolute-pose protocol, their in-
put pipelines were replaced. Instead of reusing the prepro-
cessed data without global motion, which all approaches
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took from [24], the absolute poses were extracted directly
from the Human3.6M dataset.

The goal was to make the methods comparable at the
level of data, coordinates, joint definitions, and metrics while
avoiding full reimplementations of each architecture. When-
ever possible, models were trained with the same temporal
setup: 50 input frames and 25 output frames for Human3.6M.
Default hyperparameters from the released implementations
were otherwise retained.

Some methods required compatibility modifications. For
DePOSit the single-stage architecture without intermediate
timesteps is used, similar to its original experiments with
larger datasets, to significantly speed up training and infer-
ence (about 2x). GMFnet and DeformMLP had the 22 joints
of the old dataset deeply integrated into their architecture, so
to match their joint number, the 13 main joints are padded to
22. For the MPJPE calculation those padded joints were re-
moved again from the prediction. For DeformMLP, the origi-
nal 10-frame input length was retained because the 50-frame
variant substantially increased model size and diverged in all
attempted runs.

These modifications should be interpreted as minimal
compatibility changes needed to evaluate available imple-
mentations under a shared protocol, not as an architecture-
only comparison in which all methods were independently
re-engineered to identical input assumptions.

D. FADE Reasoning

The forecast after delay error (FADE) is intended as a
latency-aware approximation for fixed-horizon forecasting
models. If a model requires an inference time of At, then
a forecast requested for horizon ¢ is only available after
part of that horizon has already elapsed. In a deployment
system, the relevant prediction is therefore closer to hori-
zon t + At than to horizon ¢. An exact evaluation of this
delayed horizon would require each model to output predic-
tions at delay-specific horizons, or would require retraining
the models with longer output sequences. FADE avoids this
additional retraining by estimating the error at the delayed
horizon from the error measured at the original horizon.

This approximation assumes that the MPJPE grows ap-
proximately linearly in a small neighborhood after the eval-
uated timestep. Importantly, this is a local approximation
around each forecast horizon, not a claim that the full MPJPE
curve is globally linear over the complete forecast range. For
a horizon t and delay At, FADE extrapolates the delayed
error by extending the linear trend from zero error at time 0
to the measured error M PJPFE; at time t.

Figure 3 visualizes this assumption for MotionConformer.
The measured MPJPE values are shown together with short
extrapolation segments. Each segment starts at a measured
timestep and extends by one forecast step using the local
linear increase that FADE would assume at that point. The



vertical difference between the end of the segment and the
next measured MPJPE value therefore measures the local
discrepancy between the FADE approximation and the actual
forecast error curve.

For Human3.6M with 25 steps per second, this local dis-
crepancy has a mean absolute error of 0.70 mm, and a maxi-
mum absolute error of 1.07 mm. For CMU-MoCap with 30
steps per second, the mean absolute error is 0.16 mm, and
the maximum absolute error is 0.65 mm. These errors are
small compared with the MPJPE values reported in the main
experiments, supporting the use of FADE as a latency-aware
approximation for the evaluated settings.

MPJPE Error over Time
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—— local segments

175 local segments.
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Figure 3. Measured MPJPE over time for MotionConformer, to-
gether with local one-step extrapolation segments used to vali-
date the FADE approximation. Each segment starts at a measured
timestep and follows the linear increase assumed by FADE. The
small vertical offset between the segment endpoint and the next
measured MPJPE value indicates the local approximation error.

E. Scriboora Details

This appendix provides implementation details for the cross-
domain sequence baselines used in Section 6. The purpose
of these models is not to claim that speech recognition is
uniquely suited to pose forecasting, but to test whether ma-
ture sequence-to-sequence architectures from a neighboring
domain already form strong baselines under the unified pro-
tocol. Speech-to-text models are useful for this stress test
because they include diverse recurrent, convolutional, and
attention-based architectures, while also being designed for
efficient sequence processing.

E.1. Network Changes

Only minor model changes were required to adapt the speech-
to-text architectures to pose forecasting. The data pipeline
was replaced so that motion sequences rather than audio
features were loaded, and the task-specific input and output
layers were adjusted to predict joint coordinates. The hidden
dimensions and filter shapes were modified to keep layer
and model sizes comparable across variants. All BatchNorm
layers were removed because they consistently degraded
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training. For Conformer and Squeezeformer, the initial sub-
sampling layers were changed from 4x to 2x temporal
downsampling to match the required output sequence length.
As with the other models in the unified benchmark, all Hu-
man3.6M models were trained from scratch.

E.2. Ablation Studies

As can be seen in Table 3, most converted speech models are
very fast, which leaves room to increase the model size fur-
ther. With that in mind, the Conformer model was improved
by increasing the layer dimensions. As another change, be-
cause pose sequences are notably shorter than typical audio
sequences, the time reduction at the start of the model was
moved to the end, so that temporal information is retained
longer in the network. For the same reason, larger speech
models with stronger temporal compression were not consid-
ered here. The resulting model is called MotionConformer.
Although it is the second-largest model overall, its training
time of only 1/ on the Nvidia-RTX4080 is on the lower end
among the compared architectures. As shown in Table 12, it
obtains the lowest reported error among the tested models
while maintaining high inference speed.

| Method | Size | MPIPE | FPS | FADE
Conformer 3.22M 147 1049 147
increased model size 8.41M 144 932 144
moved time reduction 3.59M 146 965 146
MotionConformer 9.23M 143 929 143
no spec augmentation 144
no convolutional modules 7.89M 145 1024 145
xx1 model size 122M 145 264 146
S5-run averages
EMPMP 152.3 £ 0.94 153.0
EqMotion 148.1 £1.19 151.4
Conformer (default) 147.6 £0.24 147.7
Conformer (increased size) 145.4 £ 0.47 145.6
MotionConformer 144.0 £ 0.45 144.2

Table 12. Implemented improvements and ablations of MotionCon-
former, tested on Human3.6M.

The ablations in Table 12 are primarily intended as ex-
ploratory checks, since some observed differences are small.
The transition from the adapted Conformer to MotionCon-
former gives the clearest improvement, while the individual
effects of the later ablations are less conclusive. SpecAug-
style masking is a plausible augmentation for pose forecast-
ing and should be investigated more closely in future work.
It randomly masks contiguous parts of the input sequence
along the temporal or channel axis, encouraging the model
to handle missing timesteps or missing joints. The role
of the Conformer-specific convolutional modules was also
evaluated. Removing the convolutional modules from the
Conformer blocks only slightly changes the result in this
measurement. While this leaves open whether they provide a
small benefit, it indicates that the convolutional components



are not the dominant source of the model’s performance.
Further increasing the model size did not improve the perfor-
mance, but only reduces the inference speed, which suggests
that the model is already sufficiently large for this task. A
five-seed rerun of the final MotionConformer configuration
shows stable training. The gap between the mean and best
checkpoint is small relative to the gap to the next-best evalu-
ated models, and the best checkpoint is released for direct
artifact-level reproducibility. The multi-seed-runs of the
other models showed similar stability, and further strengthen
the comparatively better performance of MotionConformer.

F. Artificial Noise Pretraining

As a lightweight robustness baseline, this appendix evalu-
ates whether pretraining with synthetic coordinate noise im-
proves performance under detector-generated inputs. Even
though adding artificial Gaussian noise to the joint coor-
dinates does not match the errors from a pose estimation
system, it still can be used to prepare the forecasting network
for such type of input. Finetuning the networks with random
noise (std: 25mm, clip at 125mm) notably improves the
zero-shot performance for longer (1000ms) predictions, as
can be seen in Table 13. The training of EgMotion always
diverged mid-training, so no results are available for this
model here. As a first side note, further experiments with
the other two models showed that in both cases, the perfor-
mance on the clean ground-truth dataset slightly dropped
after adding noise, but this is expectable because of the then
lower train-test similarity. As a second side note, adding
random position noise directly to the joint positions is prefer-
able to using limb-rotation-based noise, because while axis
noise mathematically also just changes the joint position in
the end, it keeps the limb lengths correct, which is not true
for detector noise, and therefore not desired.

Method detector target ground-truth target
400ms  1000ms 400ms  1000ms

EMPMP 82.5 188 108 204

MotionConformer 82.4 185 106 199

Table 13. Improvements through artificial noise pre-training. The
left/right columns are separated into prediction/groundtruth targets,
as in Table 8, showing the measurable/real error.

G. Impact of Joint Errors on Forecasting

Regarding the influence of the noise, the influence of miss-
ing joints should be neglectable (less than 0.2% of the joints
have an error above 500mm, which is usually counted as
“missing”). As only around 12% of the input joints have a
displacement error above 10cm, the overall impact of very
poor joints should not the main extra MPJPE reason (as the
experiments in the RapidPoseTriangulation [3] showed this
level is also expectable (or even better) for other datasets).
The additional error caused by the noisy joints is also evenly
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distributed over most joints types (with wrist and nose a
bit higher). Regarding the actions, the ones with a notably
higher joint displacement (above 10cm, greeting, sitting-
down, waiting) have a slightly higher average difference, but
it seems in general that the errors were well tolerated as the
model can use a full sequence of 50 input frames. Most im-
pact on the MPJPE is caused by the action complexity itself.

Action-Class | MPJPE | MPJPE | above | MPJPE | Difference
Joint-Type (clean) | (input) | 10cm % | (noisy) | (noisy-clean)
Directions 140 54 5 156 16
Discussion 174 53 5 196 22
Eating 90 52 6 103 13
Greeting 235 96 37 262 27
Phoning 101 57 8 124 23
Posing 174 51 6 194 20
Purchases 179 56 8 203 24
Sitting 63 75 15 93 30
SittingDown 99 112 43 120 21
Smoking 106 55 9 125 19
TakingPhoto 227 56 6 244 17
Waiting 164 96 35 196 32
WalkDog 147 48 4 170 23
Walking 225 52 4 255 30
WalkTogether 102 49 6 116 14
Average 143 63 12 165 22
hip_right 104 91 18 125 21
hip_left 103 70 11 124 21
knee _right 111 48 7 131 20
knee_left 109 55 7 126 17
ankle_right 112 81 10 128 16
ankle_left 114 97 13 124 10
nose 146 105 42 189 43
shoulder_right 138 47 8 157 19
shoulder_left 136 43 7 152 16
elbow_right 179 45 8 194 15
elbow_left 175 47 8 189 14
wrist_right 221 45 11 248 27
wrist_left 209 45 9 235 26

Table 14. Errors of MotionConformer per action and joint type on
the Human3.6M dataset using ground-truth or detector-noisy joints.

H. Example of Pseudo-Label Adaptation

Figure 4 shows one representative forecast before and after
adaptation on detector-generated pose sequences. While
this example is only illustrative, it visualizes the same effect
observed quantitatively in Section 8.

(a) Zero-Shot
Figure 4. Example of improvements through finetuning on Hu-
man3.6M dataset. In blue the ground-truth, in orange the predic-
tion. The walking movement was already well continued in (a), but
especially the stride distances improved after finetuning. For better
visualization some intermediate timesteps are not displayed.

(b) Finetuned
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