CARI4D: Category Agnostic 4D Reconstruction of Human-Object Interaction

Supplementary Material

In this supplementary, we discuss in more details about
our CoCoNet architecture, joint optimization and runtime
performance. We then discuss limitations and failure cases.
Please refer to our supplementary video for 4D reconstruc-
tion results and baseline comparisons.

6. Implementation Details

We detail our implementations in this section. Note that our
code and pretrained models will be fully released with de-
tailed documentation to enable reproduction of our results.

6.1. CoCoNet Details

Network architecture. We plot the architecture diagram
of our CoCoNet in Fig. 7. We adopt DINOv2 [29] as our
image encoder and keep the base DINO for RGB image
frozen while the small DINO model for xyz map and mask
is fine tuned. We replace the first convolution layer in DI-
NOvV2 small to consume five channels (xyz + human object
masks) instead of three RGB channels and finetune it end to
end with other network layers. The attention block is spa-
tiotemporal attention module similar to SV3D [45]. Specif-
ically, given feature grid of shape (b, ¢, d, h, w), we first re-
shape and perform spatial attention on feature (bt, hw, d)
to obtain F,, followed by a temporal attention on feature
(bhw, t,d) to obtain F;. We then blend spatial feature F',
and temporal feature F; with a learnable factor « € [0,1] :
F = (1—a)F;+aF;. We use two spatiotemporal attention
blocks in our network and temporal window size is ¢ = 96.
Following the spatiotemporal attention are five MLP heads
that regress delta updates of object rotation AR, € RS, ob-
ject translation At® € R3, SMPL pose A8 € R'44, SMPL
shape A3 € R'°, and SMPL translation At" € R3.

Training details. We train our model on BEHAVE [3]
and HODome [72] dataset following the data preprocess-
ing discussed in Sec. 3.3. We use AdamW optimizer with
a learning rate of le-4 and an effective batch size of 16 for

38k steps. The training process takes about 38 hours on
8xA100@80GB GPUs.

6.2. Joint Optimization

We discuss in more details the objective function for
our contact aware joint optimization (Sec. 3.4). Given
a sequence of refined human-object poses {H;, O;}¥,
and binary hand contact labels {c;}Y; predicted by our
CoCoNet, we aim at improving its contact realism and
avoiding penetration via optimizing the pose parameters

{H;, O;} Y |. The overall objective function is defined as:
L=MXL.+ )\jZdLjZd + AL, + /\peanen + Aace Lace (3)

where L., Liz4, L, Lpen, Lacc are the contact loss, 2D body
joint reprojection loss, object mask loss, penetration loss
and acceleration loss respectively.

The contact loss L. penalizes large distances between
hand and object when there is contact: L, = Y, d(J?, O})-
c;, where d(-,-) computes the closest distance from two
hand joints J? € RS to the posed object points O’

The 2D joint projection loss Ljpq minimizes the dis-
tance between projected 2D joints w(J(H;)) and detected
2D joints J; from input image using openpose [1]: Ljq =
Do [|[J; — 7w(J(H,))||2, where J(-) regresses the 3D body
joints from SMPL mesh H; and 7(+) projects the 3D joints
to 2D image.

The 2D object mask loss L,,, is occlusion aware and de-
fined as: L,, = >_.(M—1I0S)?, where M is the input object
mask, I is a non-occlusion indicator (1 if pixel belongs only
to this object, 0 else) and S is the rendered object silhouette.
The non-occlusion indicator is derived from human and ob-
ject masks. The human and object masks may have over-
lap regions due to imperfect segmentation. To address this,
pixels that belong only to object mask are assigned value 1
for the non-occlusion indicator. This avoids computing loss
on regions where the object is occluded, see illustration in
PHOSA [75].

We define the penetration loss using Volumetric
SMPL [27] which learns a function ®gypr that predicts
a signed distance given a query point ¢ € R?, formally:
®gvpr ¢ R3 — R. The penetration loss is hence defined
as: Lpen = Y, D ,cor ReLU(=®svpi(g))?. In practice
we sample 6000 points on the object mesh surface as query
points to compute the penetration loss.

The acceleration loss L, avoids large jitters by push-
ing the acceleration to be zero. In general: Ly = ||x; —
2x;_1 + X;_2||3, here x includes 3D human body joints
J(H) and object poses.

The loss weights are A\, = 200, \pg = 0.03,A,, =
0.002, Apen = 2.0 and we use Ay = 600 for human body
joints, A, = 1000 for object poses. We use Adam opti-
mizer with linear learning rate decay (start with le-3 learn-
ing rate) to optimize the parameters for 3000 steps. For ef-
ficiency we add penetration loss only in the last 1200 steps.

6.3. Runtime Performance

We report the average runtime of different methods to
finish processing a video sequence of 300 frames using



RGB a: (b, t,3,h,w)

(b,t,768 x 2, (b,t,768,
h w h w
) )

RGB b: (b, t,3, h,w)

14’14 1414
xyz +mask a: (b, t,5,h,w) (b,t,384 x 2, (b,t,384,

h w h w
xyz + mask b: (b,t,5, h,w) ﬁ'ﬁ) 14'14

(b,t,512, (b,t,512, | §

=
rwo | Attn X L | 2y | &
14’14 14’14 §

Figure 7. CoCoNet architecture. Here b, ¢, i, w denote batch size, temporal window size, image height and width respectively. We follow

a render-and-compare paradigm, hence RGB a and RGB b denote
xyz map and mask (human and object stacked together).

one A100@80GB GPU in Tab. 5. Image based approach
PICO [10] requires the longest time as it optimizes one im-
age each time and each optimization takes almost five min-
utes to finish. Video based methods InterTrack [59] and
VisTracker [57] are faster as they leverage temporal cues
and process multiple frames in parallel. However, they are
still lower than our method due to complex multi-stage op-
timization (VisTracker [57]) or diffusion sampling process
(InterTrack [59]). Our method achieves the fastest runtime
while still producing the most accurate results.

Method ‘ PICO InterTrack VisTracker Ours
Runtime (min) | ‘ 1560 198 118 45

Table 5. Average runtime (minutes) to process one video of 300
frames. Our method is much faster than baselines while being
more accurate.

7. Further Analysis

We provide additional analysis of our method under differ-
ent conditions in this section.

Initialization and error propagation of foundation mod-
els. Our method relies mainly on FoundationPose(FP) and
UniDepth predictions. UniDepth already provides accurate
priors (9.20 cm avg. error on BEHAVE). We mitigate foun-
dation model errors via our pose hypothesis selection and
CoCoNet refinement. We now further validate robustness
by injecting noise into FoundationPose and UniDepth pre-
dictions and run full CARI4D pipeline on BEHAVE (same
test set as Tab 3). Plots below show the final chamfer dis-
tance (cm) of combined human-object mesh vs. injected
noise magnitude, together with the error of VisTracker. Re-
sults confirm CARI4D remains stable and superior to Vis-
Tracker even under significant initialization noise, being in-
sensitive to foundation model errors.

Reliability and impact of object occlusion. We assume
1st frame is mostly visible, which reduces the hallucination
for object mesh reconstruction. We plot the final object er-
ror versus the object visibility in the reconstruction frame in
the figure below. There is no clear correlation between the
visibility for reconstruction and final error because the per-
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Figure 8. Sensitivity analysis of UniDepth and FoundationPose
errors on the final performance.

formance also depends on the occlusion in other frames and
difficulty of the motion. As long as the frame used to recon-
struct is reasonably visible (> 86% in our case), it does not
significantly affect the final performance. We also provide
the object mask for mesh reconstruction and pose tracking
to identify target object.
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Figure 9. Error per seq. (left) and visibility distribution (right).

Interactions other than hand-objects. We did evaluate the
performance other than hand only interactions as BEHAVE
test set also includes sitting, leaning, shoulder carrying. We
classify sequences based on interaction types and evaluate
the performance in the table below. We can see that errors
are similar among different interaction types, demonstrating
the robustness of our method. We also show one sitting
example in Fig. 10b.

Interaction type ‘ CD-h) CD-o CD-cl. Acc-hl Acc-0 Contactt
Hand mainly 8.76 11.71 7.12 1.06 0.42 0.93
Sitting 8.16 10.10 7.23 1.01 0.32 0.95
Shoulder contact 10.24 12.39 927 1.03 0.48 0.95
Leaning 9.37 11.44 8.28 1.05 0.31 0.93

Table 6. Performance of our method per interaction type.

8. Limitation and Future Work

As the first step towards category agnostic 4D interaction
reconstruction, our method shows strong generalization per-
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Figure 10. Additional qualitative examples.

Figure 11. Failure case examples. Our method focuses on full
body interaction and the detailed hand poses are not handled,
which can be important for fine-grained object manipulation task
(top row). Our method thus failed to reconstruct realistic finger
poses for holding the plate. Under highly dynamic motion and
extreme occlusion (bottom row), FoundationPose predicts flipped
object pose for initialization. Such large rotation error is not able
to be corrected by our refinement process in subsequent steps,
leading to inaccurate reconstruction in the end.

formance to in-the-wild videos, yet there are still some lim-
itations. We show two typical failure cases in Fig. 11.

First, our method primarily targets full-body human-
object interaction; consequently, it does not explicitly
regress detailed finger articulatons. This limitation be-
comes particularly pronounced during interactions involv-
ing small-scale objects or those requiring fine-grained ma-
nipulation, such as grasping plates (Fig. 11, top row). In
such scenarios, the absence of precise finger kinematics re-
sults in physically implausible interaction configurations,
even when the full body pose is accurate. To bridge this
gap, future iterations could integrate specialized hand pose
estimators [31, 34, 74]. By solving for the hand parame-
ters separately and fusing them with the full-body kinematic
chain via optimization, one could achieve a holistic recon-
struction that respects both macro-level body dynamics and

micro-level contact physics.

Second, our method relies on FoundationPose [52] for
object pose initialization, subsequently refining these esti-
mates using human interaction cues and visual evidence. A
notable dependency bottleneck arises when the initializer
fails significantly. FoundationPose can occasionally pre-
dict flipped 180-degree poses under conditions of rapid mo-
tion or severe occlusion (Fig. 11, bottom row). In these in-
stances, the error magnitude is often too large for our refine-
ment network to correct. A promising direction is the in-
corporation of temporal priors and motion infilling, similar
to strategies employed in VisTracker [57] or GLAMR [70].
By leveraging information from visible frames to halluci-
nate motion in occluded segments, we can enforce temporal
smoothness and recover from initialization failures.
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