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A. Implementation Details

A.1. Pose Representation

For the input to A4Mer, we use the same pose representa-
tion as HumanML3D [7], where body shapes are normal-
ized and poses are expressed in a local coordinate system
aligned with the gravity direction. A pose is defined as
(c, 7%, ™, j, 3%, 37), where ¢ € {0,1}* denotes the bi-
nary indicators of the ground contacts for left and right heels
and toes; 7 € R is the pelvis angular velocity along the
gravity direction; 7 € R? is the pelvis velocity on the
horizontal plane; j € R7*3, j¥ € R7*3, and 5" € R/*6
represent joint positions, velocities, and rotations, respec-
tively, where J is the number of joints. The joint rotations
j" are parameterized using the 6D continuous rotation rep-
resentation [21]. For comparison with existing methods in
our experiments, we use their original pose representations
exactly as specified in the respective papers.

A.2. Action Atom Segmentation

To determine the boundaries between Action Atom segments
based on nonlinear changes in joint trajectories, A4Mer starts
by linearly predicting local joint positions j; € R7*3 at
frame ¢. With least-squares fitting to the past w frames
{Jt—ws---,Jt-1}, alinear prediction of the joint trajectory
at 7, is computed. The prediction error is computed as the
L, difference &, € R3 for each joint 5. To eliminate joint-
specific variation in the motion range, each joint’s error is
normalized with the mean p; and the standard deviation
o; computed over all frames within the same video. The
normalized errors are averaged over joints and coordinates
to obtain a scalar error signal e; for each frame. To capture
movement transitions from this error signal, the first-order
temporal difference Ae; = e; — e;_1 and the second-order
difference A%e; = Ae; — Ae;_; are computed. While
Ae;, is effective at capturing large movement transitions, it
may fail to respond when the transition is sharp yet low in

magnitude. The second difference A%e; compensates for
this by responding strongly to abrupt accelerations in the
error signal. Based on these quantities, candidate boundary
frames are detected using the logical condition

(Aet > A A% > O) V (A26t > 7'2) , (A)

where 71 = 0.005 and 75 = mean;(]AZe;|). The first term
selects frames where the error is not only increasing beyond a
threshold but also accelerating, indicating the onset of a new
movement. The second term captures abrupt events, even
when their first-order differences remain small. To prevent
excessive fragmentation of segments, once a boundary is
identified, we suppress further boundary detection for the
subsequent 0.5 seconds, under the assumption that human
movements typically preserve coherence for at least this
duration. Note that this boundary-detection procedure is
applied to the 30 fps streams, in contrast to the 5 fps used as
input to the representation learning models.

A.3. Action Motif Segmentation

The Generalized Sequential Pattern (GSP) algorithm [13]
is used to find frequent patterns shared across sequences of
Action Atoms discretized into categorical codes by k-means.
GSP is grounded in the Apriori principle, i.e., any superse-
quence of an infrequent subsequence must also be infrequent,
and discovers frequent patterns by iteratively expanding the
current set of frequent patterns into longer pattern candidates.
At each iteration, candidates are generated by concatenat-
ing pairs of frequent patterns obtained from all previous
iterations. Candidates whose occurrence counts exceed a
threshold o are then registered as new frequent patterns. This
iterative generate-and-prune procedure enables GSP to effi-
ciently extract recurring Action Atom patterns, i.e., Action
Motifs.

For an efficient matrix-based implementation, we set the
maximum pattern length p,,.x (= 20). The minimum occur-
rence threshold is linearly decreased from oy, (= 15) to
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Table A. Architectural configuration of A4Mer and task-specific
heads.

Module Submodule Layers Token Dim. Attn. Heads
Encoder 4 256 4
AdMer LatentFormer 4 256 4
predictor g 3 256 4
Recognition Head 1 256 4
Decoding Head 4 256 4
Motion Prediction Head 4 64 4
Motion Interpolation Head - 4 256 4

Omin (= D) as the pattern length increases. To mitigate the
risk of missing patterns due to intervening trivial or minor
movements, two candidate patterns are determined as being
equivalent when their Hamming distance does not exceed
h, and their occurrences are summed when counting. The
Hamming-distance threshold £ is linearly increased from
Bmin (= 0) to hmax (= 4) as the pattern length grows. Fur-
thermore, contiguous runs of identical categorical codes are
treated as continuations of the same action, and such runs—
regardless of whether their length exceeds py,.x—are also
considered valid patterns.

A.4. Network Architectures

The task-specific heads and A4Mer including the predictor
g used for JEPA [1] are built upon Transformer [17] archi-
tectures. All self-attention layers in these networks employ
the rotary positional embeddings (RoPE) [15]. The architec-
tural hyperparameters of each network are summarized in
Tab. A.

Ad4Mer. Encoder consists of a stack of Transformer-
decoder layers, each composed of segment-wise self-
attention and cross-attention from latent tokens zj to their
corresponding input segments. Here, we detail these two
attention mechanisms. We represent the attention operator
as

Attn(Q,K, V) =
(QWq)(KWk) "
Vd

where Wq, Wk, Wv, denote learnable projection matrices
for queries Q, keys K, and values V, respectively, and d
denotes the dimensionality of the projected queries and keys.

For convenience, we restate the notation from the main
paper: the input sequence X = (z1,...,2) is partitioned
into segments X, = {z; | s(t) = k}, where s(¢) returns
the segment index that frame ¢ belongs to. Each layer first
applies self-attention within each segment k € {1,..., K}:

softmax( ) (VWwy), ®B)

SelfAttnk = Attn(Xk, Xk, Xk) 5 (C)

which restricts the receptive field to intra-segment interac-
tions, helping the model consolidate local movement infor-
mation without responding to coincidental similarities across
distant frames.

Each variable-length segment X}, is consolidated into a
single latent token through cross-attention:

CrossAttng = Attn(zk, Xk, Xk) . (D)

LatentFormer operates on the set of latent tokens
Z = (z1,...,2K) and performs standard self-attention
Attn(Z, Z, Z) to capture temporal relationships between
movements at the abstracted semantic level.

Predictor in JEPA. The predictor g4 takes a latent-token
sequence in which the positions indexed by £ C {1,..., K}
are masked out. For each k € K, a learnable mask token
M (shared across K) is inserted. Formally, we construct

Z = (%1,...,2K), where
~ M, kek,
2k = . (E)
2k, otherwise.

The resulting sequence Z is then processed using self-
attention, and the outputs corresponding to the mask tokens
are passed through a single linear layer to predict the latent
tokens at the masked positions.

A.5. Training Settings

Pretraining of A4dMer. We pretrain A4Mer in two steps:
an initial training of the first-stage model, and a subsequent
end-to-end training of the first- and second-stage models.
Both training steps are conducted for 400 epochs with a
batch size of 64. Optimization is performed using AdamW
with a learning rate of 1 x 1073 and weight decay of 0.1.
We apply a linear warm-up for the first 2,000 iterations,
followed by a cosine-annealing schedule over 100,000 iter-
ations with a minimum learning rate of 1 x 10~5. For all
downstream heads, we adopt the same optimization configu-
ration as above, except that the number of training epochs
is reduced to 200. During pretraining, the parameters of the
target feature extractor fz are updated using an exponential
moving average with a decay rate of 0.996, and 50% of la-
tent tokens are randomly masked to create the pretext task
where the model predicts masked latent tokens from visible
ones.

Action Recognition. For action recognition, a 1-layer
Transformer-encoder classification head is trained by min-
imizing the cross-entropy loss Lyccog With class-balanced
weighting to mitigate class imbalance:

C
Crecog = - Z We Ye IOg Pc (F)

c=1



where p. is the predicted probability for class ¢ €
{1,...,C}, yc is the one-hot label, and w, is the inverse
of the frequency of class c in the dataset.

Decoding. Motion prediction and motion interpolation
are realized by decoding predicted or interpolated latent
tokens into poses. For this, we train a decoding head with
a Transformer-encoder architecture. The decoding head is
trained using the objective L., which combines the joint-
position reconstruction loss £, and the velocity reconstruc-
tion 10ss Lyer:

»Cdec = )\pos»cpos + )\vel»cvel ’ G)
1 T J .
Lpos:ﬁzz jj,t_jj,t‘ 5 (H)
t=1 j=1
1 T-1 J )
Loar === >0 || 845, — | M
t=2 j=1

Ajj=13jt —Jjt—1. ADJje=Jjt — Jje—1, ()

where j; ; denotes the position of the joint j at frame ¢ and
Jj.¢ 1s the predicted one. We set Apos as 1.5 and Ay as 1.0.

Long-term Motion Prediction. For long-term motion pre-
diction, we train a prediction head for forecasting the next
latent token 2y from the preceding sequence z;.;. In addi-
tion to minimizing the latent token prediction error Lioken,
the prediction head also minimizes the joint-space recon-
struction error Lq.. computed by feeding the predicted latent
tokens into the pretrained, frozen decoder. This auxiliary
objective enables the model to focus its predictions on the
meaningful dimensions within the latent space.

Moreover, since future segments are not observable at in-
ference time, the prediction head is trained to predict not only
latent tokens but also their segment lengths, and minimizes
the segment length error Lgeqm. Since segment lengths fol-
low a long-tailed distribution where short segments are far
more common than long ones (see Fig. A), direct regression
on the raw scale might cause the loss to be dominated by
rare but large values. To alleviate this imbalance, we apply
a logarithmic transformation to the ground-truth segment
lengths and train the model by minimizing the prediction
error in log-space. This transformation compresses the dy-
namic range of the target values, reduces the undue influence
of rare long segments, and yields a more uniform target dis-
tribution. Note that the “ground-truth” segment lengths used
here are not manually annotated; rather, they are determined
by the pretrained A4Mer.

The final prediction loss L,cq is represented as

ﬁpred = ['token + Cdec + »Csegm ) (K)
K-1

Lioken = Y SmoothLl (211 — Z541) (L)
k=1
K-1 )

Lscgm = Z ’log lk+1 — Softplus (lk-+1)
k=1

;o (M)

where * denotes an estimated value by the prediction head,
and [, is the segment length of the latent token k.

For the baseline methods, we similarly train the next-
token prediction head using the representations output by
each method as input. However, since these methods except
H,OT [10] rely on fixed, predefined segment lengths, the seg-
ment length 10ss Lgegr is not applied. HoOT does not treat
consecutive frames as temporal segments. Instead, it groups
feature vectors based on their similarity with DPC-kNN [4],
producing clusters that do not correspond to fixed tempo-
ral durations. As a result, the segment length is inherently
undefined for this method. To perform motion prediction
under the same formulation as other methods, we approxi-
mate the segment length by dividing the input pose-sequence
length by the predefined number of clusters and use this
value during both training and inference.

Motion Interpolation. For motion interpolation, we train
an interpolation head that infers latent tokens of unobserved
frames from the latent tokens extracted by A4Mer from par-
tially observed pose sequences. We insert learnable tokens at
the latent positions corresponding to the unobserved frames
and feed the resulting sequence to the interpolation head.
This head is trained by minimizing a 10ss Ljatent between
the predicted latent tokens and the latent tokens extracted
by A4Mer from fully observed input sequences. Although
the primary goal is to recover the latent tokens of the un-
observed frames, partially masking the input also slightly
shifts the distribution of the latent tokens corresponding to
the observed frames. Therefore, we compute the loss not
only for the latent tokens produced from the learnable tokens
but also for the latent tokens of the observed frames, allow-
ing the interpolation head to additionally correct the output
distribution. Formally, the loss Ljatent is formulated as:

K

Liatent = Z SmoothL1 (z — ;) . N)
k=1

In addition, as in motion prediction, we introduce an
auxiliary objective in the pose space L4eoc by passing the
interpolated latent token sequences through the pretrained,
frozen decoder.



Table B. Pretraining time. Although A4Mer requires two steps for
pretraining, its overall training time is comparable to or faster than
other methods.

Method Step Time (hours)
MotionBERT [22] training 32.86
USDRL [18] training 13.45
PUMPS [11] training 2.926
MacDiff [19] training 10.32
BehaveMAE [14] training 21.83
Ist-stage training 3.096
segmentation 0.056
AdM
r end-to-end training 4.400
total 7.552
A.6. Training Time

Tab. B reports the training times of A4Mer and other rep-
resentation learning methods. Although A4Mer involves a
two-step pre-training procedure unlike the others, its over-
all training time remains comparable to, or even faster than
theirs.

A.7. Datasets

AMD. All representation learning methods, as well as
the decoding, motion-prediction, and motion-interpolation
heads, are trained on our proposed AMD, which contains
14.2 hours of footage. We split AMD into 80% for training,
10% for validation, and 10% for testing, ensuring that no
subjects overlap across splits. While the scenarios performed
by participants are shared across splits, variations exist in
the specific actions performed, the order of actions, and the
arrangement of furniture, depending on the subject. For eval-
uation of motion prediction and motion interpolation, we
automatically exclude trivial sequences where the subject
merely remains stationary by detecting them based on the
magnitude of joint velocities.

Humans in Kitchens. We train the action recognition head
on the Humans in Kitchens (HiK) dataset [16]. Following the
protocol in the original paper, recordings from Kitchen D are
used exclusively for testing, while data from Kitchens A, B,
and C are split into 90% for training and 10% for validation,
respectively. Since HiK contains fine-grained, imbalanced,
and occasionally noisy action annotations, multi-label classi-
fication is unreasonably challenging across all methods we
examined, as verified in Tab. C. Instead, we group seman-
tically related actions into coarser, single-label categories
and adopt these custom labels for our recognition experi-
ments. For this, we automatically assign new task class
labels through the following procedure:

Table C. Multi-label action recognition on HiK with its original fine-
grained labels. Although the Action Motifs extracted by A4Mer
attain slightly better performance than the others, the overall scores
are consistently low, making this evaluation setting inadequate for
assessing the utility of the learned representations. Therefore, in
the main text, we instead train and evaluate models using the single-
label classes that we annotated following the procedure described
in Sec. A.7.

Method mAP 1
MotionBERT [22] 0.113
USDRL [18] 0.087
PUMPS [11] 0.057
MacDiff [19] 0.072
BehaveMAE [14] 0.113
H,OT [10] 0.096
AdMer 0.121

1. We first define a set of task classes as shown in the first
column of Tab. D.

2. We then categorize the original action labels into four
groups: main actions, sub-actions, transition actions, and
others.

* Main actions: Actions uniquely associated with a spe-
cific task class.

* Sub-actions: Actions that accompany main actions
and may appear across multiple task classes.

* Transition actions: Movements associated with transi-
tions between actions, such as sitting down or standing
up.

¢ Others: Rarely occurring actions and state-like labels
(e.g., sitting) that do not convey task-specific semantics.

3. We next identify all frames annotated with any main
action and assign the corresponding task class label to
these frames (the first and second columns of Tab. D).

4. For each frame with task class labels, if sub-actions be-
longing to the same task class appear in its temporal
neighborhood, we propagate the task class label to cover
the entire contiguous interval containing these sub-actions
(the first and third columns of Tab. D).

5. Finally, among the remaining unlabeled frames, those
containing transition actions are assigned the task class
label associated with the corresponding transition (the
first and fourth columns of Tab. D).

Any frames that remain unlabeled after this procedure are
excluded from both training and evaluation, resulting in a
curated subset comprising 30.8% of the original data.

For motion prediction and motion interpolation evalua-
tion on HiK, we follow the same criterion as in AMD and
exclude trivial sequences in which the subject remains nearly
stationary.



Task classes

Main actions

Sub-actions |

Transition actions

open cupboard

take dish out of cupboard take dish out of cupboard
close cupboard
drink drink carry cup
phone call phone call
use smartphone use smartphone
use laptop use laptop
fussball fussball
draw on whiteboard draw on whiteboard
erase on whiteboard erase on whiteboard
remove sheet from whiteboard remove sheet from whiteboard
eat fruit eat fruit
peal fruit peal fruit
read paper read paper
open dishwasher
use dishwasher place in dishwasher
close dishwasher
open fridge )
take cake out of fridge take cake out of fridge
put cake in fridge
close fridge
open drawer
take sth. out of drawer close drawer
. pour milk
pour milk take milk

washing hands

washing hands

take water from sink

clean dish

clean dish

take water from sink

put cup in microwave

put cup in microwave

take cup out of microwave

take cup out of microwave

put teabag in cup

put teabag in cup
take teabag

put water in kettle

put water in kettle

take water from sink
take kettle

pour kettle

pour kettle

take kettle

make coffee

place cup onto coffee machine
press coffee button

take cup from coffee machine

take cup from coffee machine

mark coffee

mark coffee

prepare coffee machine

check water in coffee machine

take water tank from coffee machine

empty water from coffee machine
fill water to coffee machine

fill water tank

place water tank in coffee machine

take water from sink

cut cake

take piece of cake
place cake on plate
cut cake in pieces

place cake on table

place cake on table

eat cake

eat cake

put water in glass

put water in glass

take water from sink

throw in trash

throw in trash

sitting down

sitting down

standing up

standing up

leaning down

leaning down

kneeling down kneeling down

Table D. Our definition of the task classes on Humans in Kitchens. We first categorize the original HiK action labels into main actions,
sub-actions, transition actions (the second to fourth columns), and others, and then assigned our new task classes considering the context of
the actions (the first column). HiK action labels not listed in this table are categorized as others. This includes labels describging states
rather than actions (e.g., “standing”, “leaning”), labels that is annotated to co-occur with other actions (e.g., “start microwave” appears while

performing another action), and labels that occur only rarely (e.g., “clean countertop”). See Sec. A.7 for details.
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Figure A. Distribution of segment lengths. Compared with the
other methods that adopt fixed segment lengths (dashed lines),
Action Motif segments are substantially longer. Note that our
implementation caps the maximum length at 150, so the rightmost
bin has a relatively large count.

B. Additional Experimental Results
B.1. Segment Length Distributions

As shown in Fig. A, our Action Motif segments are sub-
stantially longer than those of existing fixed-length represen-
tations, indicating a significantly higher compression rate
of pose information. Despite this aggressive compression,
Action Motifs achieve superior performance across major
downstream tasks, as reported in Tab. 2 of the main text,
since their segments correspond to semantically meaningful
movements.

B.2. Sensitivity to Hyperparameters

We analyze the impact of A4Mer hyperparameters used dur-
ing pretraining (and, in some cases, during inference) on
downstream task performance.

71 in Action Atom Segmentation. Varying 7; in Eq. (A)
during both pretraining and inference results in different
Action Atom segments. As shown in Tab. E, although dif-
ferent choices of 71 lead to minor variations in performance,
our method generally outperforms existing methods, and
achieves comparable performance in the remaining cases.

The Number of Clusters of k-means. During pretraining
of AdMer, we first discretize the Action Atoms output by
the pretrained first-stage model using k-means clustering
to discover Action Atom patterns. Tab. F reports that k =
512 offers consistently solid performance across all tasks,
although it is not always the best. Consequently, we adopt
k = 512 in the main paper. Note that other choices of &k
achieve performance that is comparable to or exceeds that of
competing methods on most tasks.

Table E. Impact of varying 71 in the Action Atom segmentation.
Across downstream tasks and different values of 71, A4Mer out-
performs prior methods in most cases and achieves comparable
performance otherwise.

Recog (%) 1 Pred (mm) | | Interp (mm)
n E-NN (top-1/-3) head | AMD HiK | AMD  HiK
0.01 302/593 396 | le64 128 | 134 118
0.001 31.1/57.1 345|155 138 | 142 124
0.005 31.7/590 381 | 150 120 | 126 110
bestinpriors | 31.1/46.5 356 | 167 132 | 137 110

Table F. Effect of varying & in the k-means clustering. Although not
always optimal, £ = 512 offers consistently strong performance
across all tasks. We therefore adopt k¥ = 512 in the main paper.
Other choices of k remain comparable to, and in many cases exceed,
prior methods.

Recog (%) 1 Pred (mm) | | Interp (mm) |
k for k-means | | N (top-1/-3) head | AMD HiK | AMD  HiK
128 29.1/57.7 352 163 130 | 140 125
256 280/57.1 359|155 126 | 134 117
512 31.7/59.0  381| 150 120 | 126 110
1024 315/588 386 156 121 | 123 112

bestinpriors | 31.1/465 356 167 132 | 137 110

Table G. Effect of varying omax and omin in GSP. Although differ-
ent threshold choices lead to slight variations in downstream task
performance, A4Mer outperforms prior methods in most cases and
remains competitive otherwise.

o Recog (%) 1 Pred (mm) | | Interp (mm) |
Omax / Omin | k. NN (top-1/-3) head | AMD HiK | AMD HiK
30/5 32.0/60.3 38.8 | 143 116 | 130 110
20/5 31.8/60.1 39.2 | 153 116 | 128 112
1575 31.7/59.0 38.1 | 150 120 126 110
10/5 28.0/55.9 41.7 | 161 126 | 131 120
15/3 323/61.4 392 | 166 134 | 131 117
1577 30.9/58.8 38.8 | 167 131 130 114

bestinpriors | 31.1/465 356 | 167 132 | 137 110

Omax and opin in GSP.  As shown in Tab. G, varying the
occurrence thresholds op.x and o, in GSP leads to slight
performance variations, yet A4Mer achieves competitive
performance across all threshold settings and, in most cases,
outperforms prior methods across downstream tasks.

B.3. Additional Qualitative Results

We show additional qualitative results of motion prediction
in Fig. C and motion interpolation in Fig. D.

C. Details of AMD

Here, we describe the details of the SMPL annotation proce-
dure for AMD as well as the contents of the dataset.



Figure B. Foot cameras attached to subjects’ feet. These cameras
do not restrict the subjects’ movements and are small enough to
remain invisible to the room-mounted cameras.

C.1. Shape Fitting

Before recording daily activities, each subject performs an
A-pose, which is captured by four RGB-D cameras (Re-
alSense L515) separate from the room RGB cameras. We fit
a SMPL model to the obtained point cloud [2, 3] and use the
optimized shape parameters 3 as ground truth.

C.2. Foot Camera Localization

To robustly annotate SMPL parameters despite occlusions
around the legs, which frequently occur in natural indoor
environments, we attach tiny cameras (Insta360 GO3) to
the feet (Fig. B) and place ChArUco markers [5] on the
ceiling and the undersides of tables. To localize the foot
cameras with the Perspective-n-Points (PnP) algorithm, we
need to know the 3D positions of the markers in the global
coordinate system. Before recording subjects, we first cali-
brated the extrinsic parameters of the room-mounted cameras
(‘room cameras’) using Structure-from-Motion on videos
capturing a marker rig moving throughout the room. Dur-
ing this calibration, the ceiling markers observed from the
room cameras were also accurately localized. To localize
additional markers—including those placed on the underside
of tables, which are not observed by the room cameras—
we captured supplementary images from diverse viewpoints
targeting these markers. The camera poses for these newly
captured images were estimated via PnP using the already-
localized markers as reference points. We then perform
bundle adjustment to localize the previously unobserved
markers, while ensuring consistency with the already lo-
calized ones. Through this two-stage marker localization,
the 3D positions of all markers in the environment were
obtained.

During recording subjects, we estimated the pose of each

foot camera in every frame by applying the PnP algorithm to
the localized markers detected from the foot camera. Note
that the room cameras and the foot cameras were time-
synchronized using QR codes displayed at the beginning
of each session, in the same manner as Ego-Exo4D [6].

C.3. Postprocessing of Foot Camera Pose

When subjects perform rapid or large movements, the im-
ages from the foot cameras might suffer from momentary
motion blur, causing marker detection to fail. Besides, the
PnP algorithm might occasionally produce inaccurate pose
estimates. To reduce the number of frames in which the
camera pose cannot be localized and to obtain temporally
consistent trajectories, we apply the following postprocess-
ing procedure. First, we compare the raw PnP estimates with
predictions smoothed by the Rauch—-Tung—Striebel (RTS)
smoother [12] and identify frames with large discrepancies
as outliers, which are subsequently discarded. Next, we
apply an exponential moving average to the foot camera
rotations and translations to further stabilize the trajectories.
Finally, we interpolate the poses of unlocalized frames using
Kochanek-Bartels splines [9]. The resulting foot camera
poses are illustrated in Fig. E.

C.4. Fitting Objective Derivation

To achieve accurate SMPL fitting by leveraging the foot
camera poses, we augment Eq. (7) in the main text with
additional constraint terms. To prevent the fitted SMPL
model from intersecting the foot cameras, we add a loss term
FE,, to ensure that the SMPL foot vertices V.ot remain below
the foot camera plane P.,,, formed by the width and height
axes of the camera coordinate system:

Eu = Z max(’v s Meam + dcama 0) ’ (O)

vEVioot

where N, and dga.,, denote the normal vector and the
constant of Py, respectively. To fully leverage the foot
camera information, we also incorporate E; and E, into
Eq. (7). E4 constrains the SMPL foot dorsum vertices Vyysm
to lie close to the foot camera plane P.,,. F, penalizes the
SMPL foot bone b, the vector from the toe to the heel joint,
to be in the same direction as a designated axis n;, of the foot
camera coordinate frame. This angular constraint is realized
by the physical mounting of the foot camera such that one of
its coordinate axes is oriented along the toe-to-heel direction
of the foot. These loss terms are formulated as:

Ed = Z "U *MNeam + dcam| ) (P)
VEVdrsm
b- (7
Eo,=1——7. Q
Bl

In addition to the aforementioned constraints, we also
add loss terms, Er and E;, which are introduced in the



main text, to preserve the relative pose between each foot
camera and the corresponding SMPL foot. We define a
SMPL-foot coordinate system whose origin t¢,; is placed
at the toe joint. The basis vectors Rgyp1 are constructed as
follows: (i) the first axis is obtained by projecting b onto
the plane of the foot dorsum computed from Vs, with
cross product and normalizing it; (ii) the second axis is the
normal vector of this plane; and (iii) the third axis is defined
to be orthogonal to the preceding two axes. From the fitted
result of the A-pose videos, we derive a rigid transformation
(Rgg‘gl , t‘s’ﬁfgl) that maps the foot camera pose (Rcam , tcam)
to the corresponding SMPL foot pose (Rsmpl ; tsmpl)- Er
and F; enforce that the relative rotation between R,,, and
Ry,,p1, and the relative translation between tcam and ey p1,
remain consistent with these transformations:

Er= HI — diag{ (Ream BS) " Rompi}|| ;R
Ey = ||tsmpt — (ReamtSm + team) || - (S)

where I € R3*3 denotes the identity matrix. Combining
these terms with Eq. (7), the full optimization objective is
given by

E(a) = )‘JEJ + AregEreg + )\footEfoot ’ (T)
Efoot = )\uEu + )\dEd + )\aEa + )\RER + )\tEt ) (U)

where each A denotes the weight for the corresponding loss
term.

After the SMPL fitting with Eq. (T), we further improve
temporal consistency by imposing a smoothness constraint
on the SMPL joints J and the pose parameters 6 through
the velocity loss Ly and acceleration loss L,... We dy-
namically modulate the weights of these loss terms based
on the average 2D joint confidence c estimated by ViTPose
[20] across all views, assigning larger weights to joints with
lower confidence. Furthermore, for frames in which the foot
camera positions remain nearly constant, i.e., the foot is
effectively stationary, we assign larger weights to the foot
joints of these two terms. This second-stage SMPL fitting
minimizes the following objective function:

E*40) =) " E' + MNaEly + AaceElec %)
t
Bla=>_ A (|7 - 77+ 65). W)

J
Blee=Y A () =205 074 85 = 5571 ) L %)
J

5; - dgeo (0§a 0§+1) ’ (Y)
1
A= Lt — i) < o @

where j and ¢ denote the joint and time indices, respectively,
dgeo (-, ) is the geodesic distance, and 1{-} is the indicator
function. This optimization is performed every 100 frames.

C.5. Evaluation of the Effectiveness of the Foot
Camera Constraint Using 2D Masks

To quantitatively evaluate the effectiveness of the foot cam-
era constraint, we compute the IoU between the human
masks predicted by OneFormer [8], which we regard as a
pseudo ground truth mask, and the mask obtained by render-
ing the fitted SMPL mesh from the corresponding camera
viewpoint, as described in Sec. 4.2 of the main text.

For a more reliable evaluation, we further apply two pre-
processing steps to the pseudo ground truth mask: (i) re-
moving regions that extend beyond the body surface (e.g.,
clothing and hair), and (ii) interpolating missing regions in
the mask caused by occlusions.

Removal of Regions Extending Beyond the Body Surface.
The human masks predicted by OneFormer include regions
corresponding to clothing and hair, which often extend be-
yond the actual body surface. As a result, these masks tend
to be larger than the masks obtained from the SMPL model,
which represents only the body surface. To remove such
extraneous regions from the pseudo ground truth mask, we
apply a morphological erosion operation.

Interpolation of Missing Regions Caused by Occlusion.
For the evaluation, we randomly sample 10,000 frames in
which the full body is visible. This is determined based on
the confidence scores of the body joints predicted by ViT-
Pose [20]. However, even with this sampling, some frames
still contain partial occlusions by furniture or other objects,
resulting in unobserved, missing regions in the human mask.

To mitigate this issue, we render the SMPL meshes ob-
tained from the fittings with and without the foot camera
constraint. We then treat the overlapping regions of the two
rendered masks as a reliable human region, since this is
consistently supported by both fitting configurations. This
region is added to the pseudo ground truth mask predicted
by OneFormer.

This procedure not only restores human regions that were
occluded, but also compensates for regions that may have
been excessively removed by the aforementioned erosion
process.

C.6. Contents of AMD

In Tab. H, we summarize the diverse daily actions contained
in AMD. We show sample sequences of AMD in Figs. F
and G.
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Figure E. Localized foot camera poses and the images captured from these cameras. The wide field of view of the foot cameras enables
capture of many markers and accurate pose localization.
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Figure F. Samples of AMD. Our dataset contains videos of people conducting various daily activities with accurate per-frame SMPL
annotations.




Figure G. More samples of AMD.




Table H. AMD includes 129 daily actions. Actions performed in nearly identical poses are grouped under labels such as ”Do sth.” to
streamline similar movements.

Adjust electric fan direction
Answer the call
Assemble shelf

Blow nose

Carry sth to swh
Change TV channel
Check the time

Chill sth in fridge
Choose book

Choose suitable utensil
Clean

Clip clothes with pegs
Close book

Close door of sth
Close drawer

Close laptop

Close up suitcase
Collect trash

Dispose of trash

Draw line with ruler
Drink sth

Drop sth

Eat food

Eat soup

Empty shelf

End call

Erase with eraser

Fold clothes

Fold drying rack

Fold iron board

Fold newspaper

Hang clothes on hanger
Hang laundry

Heat food with microwave
Insert battery

Insert bookmark

Iron clothes

Lean sth against wall
Lie down

Lie on sofa

Listen to music with headphones

Look for sth
Make coffee

Make instant soup
Make tea

Move sth

Notice incorrect time
Notice ringing phone
Open door of sth
Open up laptop

Open up suitcase
Pack suitcase

Pause sth

Pick up sth

Place sth on swh
Play game with smartphone
Plug sth into outlet
Point sth at sth

Pour liquid into cup
Pour powder into cup
Press button

Pull open sth

Pull out drawer

Put away sth

Put lid on sth

Put on bag

Put on coat

Put on glasses

Reach for sth

Read book

Read newspaper
Remove battery
Remove hanger from clothes
Set the time on clock
Set timer

Set up drying rack
Set up iron board

Sit down

Sit on chair

Sit on sofa

Sort laundry

Spill liquid

Spread out newspaper
Spread out washed towel
Stand on chair

Stand sth up

Stand up

Stir sth

Take down laundry
Take down wall clock
Take medicine

Take off bag

Take off clothes

Take off glasses

Take off lid

Take out required dose of medicine
Take sth out of swh
Tear open packet

Tidy up

Tie plastic bag

Toast bread

Transfer trash to bag
Turn on TV

Turn on air conditioner
Turn on ceiling light
Turn on electric fan
Turn on reading lamp
Turn off TV

Turn off air conditioner
Turn off ceiling light
Turn off electric fan
Turn off reading lamp
Unclip small clothes from pegs
Unplug sth from outlet
Use lint roller on floor
Use calculator

Use laptop

Use mouse

Use phone

Use fork

Use spoon

Vacuum floor

Wait for timer

Walk

Watch TV

Wipe table

Wipe up liquid

Wrap dish

Write sth
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