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1. Supplementary

We provide proofs and derivations for the results presented
in the main paper in section A.1 We provide additional im-
plementation details in section A.2. Additional studies are
provided in section A.3, additional quantitative results in
section A.4 and more results in section A.5. We also pro-
vide multi-view videos in the multimedia supplementary at-
tachment.

2. A.1 Proofs and Derivations

In this section, we provide proofs and derivations for the
theorems and definitions defined in the main paper.

2.1. Proof for Theorem 1

Theorem 1. Let xz,,.,., and x},., denote the set of views
rendered from an ideal latent 3D model (mY%e™) and an

initial 3D model (mi%t) respectively. Then the expected

absolute score of MLt w.r.t miatent is:
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where £(.) is the encoder of Stable Diffusion and a; de-
notes forward noise parameters of the diffusion model. Let
zlatent — /oy E(x? .. .) denote the mode towards which
a view (v) should converge into. Since py(2¢|y,t) is Gaus-
sian, 212" is also the mode of a locally Gaussian distribu-
tion within pg. Next we present the following lemma.

Lemma 1. The score function of a multivariate Gaussian

distribution N (x; u, X) is given as:

5(x) = =27 (x — p) 2)
where, 1 and 3 denote the mean and covariance metrics
respectively.

Proof:

Score of a probability distribution is defined as the deriva-
tive of the log likelihood as follows:
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Since p(x) is a multivariate Gaussian with dimensionality
d»

s(x) = Vx log(N (x; 1, X))
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The first term of the above equation vanishes to O since it
is independent of x. The argument of the gradient of the
second term is of quadratic form and hence it reduces to the
following:
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Next, we proceed to derive theorem 1 defined in Eq. 9.
Proof:

Since z/**™ is the mode of locally isotropic Gaussian with
Y = (v/T — a;)I at noise timestep t, the expected absolute
score at any point z; w.r.t to the local probability distribution
is given by lemma 1.
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Using . = (v/1 — @)L and p1 = zl%**" since the mean and
mode are same for Gaussian,
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Using z; = /az2o + /1 — age and zlotent = | /azwtent,
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Using a slight abuse of notations to denote E, [s(z;)] as Sy,
the expected score of initial 3D model (mg’gt), and repa-
rameterizing 2o = £(x¥,;,) and z{*" = E(x¥,.,.,) for

view v, we arrive at theorem 1 as follows:
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As argued in section 4 of the main paper, this results

shows that an ideal initial conditions minimizes the seman-

tic difference |E (Y1) — (2}, 1ene) |, Which motivates us to

use MANO based hand model for a low-score initialization.

2.2. Derivation of CHS loss weighing term

In this section, we provide derivation for the CHS loss
weighing term defined in Eq. 6 of the main paper.
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We first define A¢"* annealing as a function of optimiza-
tion iterations as follows:
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where, ¢ and 4,4, denote the current and maximum opti-
mization iterations respectively. This is similar in form to
that of square-root time annealing proposed by [16] as fol-

lows:
1
t = tmaz — (tmam - tmzn) Pa—
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Substituting Eq. 12 into Eq. 11 we get,
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As explained in the main paper, we use this equation to
adjust the weight of CHS loss function so that more weights
is given at higher noise-timesteps so that the geometry does
not degrade too much. We empirically choose A8 = \chs

max’ “‘min?

tmaz and t,,;, as 15000, 1000, 600 and 300 respectively.

3. A.2 Additional Implementation Details

3.1. Hand Shape Initialization

Obtaining hand silhouette groundtruth: As explained
in the main paper, we use hand silhouette mask obtained
from MANO mesh to initialize the NeRFs in stage 1. To
this end, we first obtain hand mesh in diverse articulations
using the code provided by MANO [9]. The hand mesh
is then placed in a virtual 3D environment using open3D
library [14]. We place virtual cameras, corresponding to
the sampled viewpoints in the same environment. Next, we
obtain the depth map of the hand mesh, as observed by the
virtual cameras using open3D APIs. Finally, we convert the
depth map into a binary map to use as the hand silhouette
ground truth from the required viewpoint.

3.2. Skeleton based SDS

We use ControlNet v1.1 model [12], conditioned on Open-
Pose skeleton [2] for SDS based optimization. We obtain
hand skeleton from a given view point using the codes pro-
vided by MANO [9]. However, this skeleton excludes the
fingertips. Hence, we add fingertip keypoints using vertex
information from MANO hand mesh, resulting in a 3D hand
skeleton of dimensionality (21 x 3). Next, we transform
this skeleton into OpenPose format and project it onto the
2D view space of the virtual camera, to generate the control
1nput.

4. A.3 Additional Studies

In section 5.2 of the main paper, we justified CHS anneal-
ing by the observation that SDS tends to perform more ge-
ometric updates at higher noise ¢ (lower iteration) and more
texture updates at lower ¢ (higher iteration). In Fig. 1 we
provide two examples on this observation. It can be seen
that the geometry of the 3D model is optimized more in
the earlier iterations and the texture in the later iterations.
This empirically justifies the proposed CHS loss annealing,
wherein we provide higher weightage to MANO prior in the
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“Hand of a half-eaten zombie”

Figure 1. During the earlier iterations, the SDS optimizes geometry more and in the later iterations, texture is optimized more. It can be
seen that the surface maps do not change much after 3200 iterations of SDS. This observation encourages us to anneal A{™® in Corrective

Hand Shape guidance loss.

earlier iterations to ensure that the geometry optimization is
stabilized.

5. A.4 Additional Quantitative Analysis

In this section, we provide analysis of both mean and stan-
dard deviation of the proposed method compared to state-
of-the-art in Table. 1. While methods such as OHTA [13]
and Fantasia3D [3] generates results with lower standard
deviation for CLIP L14, their mean scores are much lower
compared to our method. Further, state of the art method

CFD [11] achieves the second best mean scores on all the
metrics, but they have a high standard deviation in their re-
sults. It can be seen our method (HandDreamer) achieves
the best mean value for all the 3 metrics with a low standard
deviation. This shows that our method generates the best
results consistently over several prompts.

6. A.5 Additional Results

We provide additional results from our method for multiple
viewpoints for several prompts in Figures 2 to 7. It can be



seen that our method generates high fidelity 3D models for
a variety of text prompts. We have also provided videos in
the multimedia supplementary.

We also provide additional comparative studies against
state-of-the art methods ESD’24 [10], CFD’25 [11] and
dreamDPO’25 [15] in Figs. 8 to 12. It can be seen that
while ESD generates Janus artifacts with protruding fingers,
CFD and dreamDPO generates results with erroneous num-
ber of fingers and lower details. On the other hand, our
method is able to generate high-fidelity and geometrically
accurate 3D hand model outputs.
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Method CLIPLI41 FID | HPSV2 1

DreamFusion’22 [8] 25.12+£2.41  344.19+4554  0.187 £0.035
LatentNerf’23 [7] 2434 £3.61  316.42+£34.02  0.189 +0.026
Fantasia3D’23 [3] 2093 £1.21 32931 #6228  0.198 +0.013
DreamWaltz’23 [5] 23.96 £3.08  265.11 £37.32  0.222 +0.021

DreamAvatar’24 [1] 20.02 £2.12  329.85+50.02  0.215 +0.025

HumanNorm’24 [4] 23.01 £2.56  327.42+£3432  0.177 £0.021

SDI'24 [6] 26.32+£3.12  297.12+£35.32  0.192 +0.013
OHTA’24 [13] 22.59+£0.93  467.51 £21.01  0.181 £0.017
CFD’25 [11] 26.62 £5.12  262.83 +44.32  (0.223 +0.021

HandDreamer (Ours)  28.63 +1.49  254.62 +34.12  0.241 £0.012

Table 1. Quantitative comparisons. Our method outperforms the other methods on all the metrics while generating results in low standard
deviation.



Figure 2. Results from the proposed HandDreamer method. Top row: Rendered images. Bottom Row: Surface maps



“Hand of a medieval knight”

Figure 3. Results from the proposed HandDreamer method. Top row: Rendered images. Bottom Row: Surface maps
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“Hand of a stormtrooper from Star Wars”

Figure 4. Results from the proposed HandDreamer method. Top row: Rendered images. Bottom Row: Surface maps



“Hand with tattoos”

Figure 5. Results from the proposed HandDreamer method. Top row: Rendered images. Bottom Row: Surface maps



“A skeletal hand”

“Blue Robot hand”

Figure 6. Results from the proposed HandDreamer method. Top row: Rendered images. Bottom Row: Surface maps



“Hand of C3PO from Star Wars”

Figure 7. Results from the proposed HandDreamer method. Top row: Rendered images. Bottom Row: Surface maps
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Figure 8. Comparisons against state-of-the-art methods: ESD’24 [10], CFD’25 [11], DreamDPO [15]. ESD generates Janus effects (red
arrows) while CFD and dreamDPO fail to generate a hand
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Figure 9. Comparisons against state-of-the-art methods: ESD’24 [10], CFD’25 [11], DreamDPO [15]. Janus effects (ESD) and extra
finger artifacts (CFD) shown in red arrows. Missing fingers (dreamDPO) denoted in violet box.
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Figure 10. Comparisons against state-of-the-art methods: ESD’24 [10], CFD’25 [11], DreamDPO [15]. ESD generates Janus artifacts
(red arrows) and CFD generates extra fingers and arms (red arrows). DreamDPO generates low-fidelity hands with same length for all
fingers (violet box)
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Figure 11. Comparisons against state-of-the-art methods: ESD’24 [10], CFD’25 [11], DreamDPO [15]. Janus effects shown in red
arrows (ESD). Missing fingers denoted in violet box (CFD, dreamDPO).
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Figure 12. Comparisons against state-of-the-art methods: ESD’24 [10], CFD’25 [11], DreamDPO [15]. Janus effects shown in red
arrows (ESD). Missing fingers denoted in violet box (dreamDPO).
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