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1. Limitations and Future Work
Although SpinMeRound showcases high-fidelity results, it
has some limitations. More specifically, our model takes
over structural limitations presented in Panohead [1] due to
the synthetic dataset used. This means that there are some
inconsistencies in the generated eyes, hair and noses. More-
over, using the alignment pipeline sometimes results in fail-
ure cases, due to misalignment.

All in all, the fact that we do not use any captured data
limits our model’s capabilities. Hence, this is a direction
that we plan to explore in future work. Captured datasets
such as FaceScape [13], Renderme-360 [8] and NeRSem-
ble [7] can be used to further improve our results. Finally,
integrating video diffusion models [2] can be another direc-
tion for our future work, to improve the consistency of the
generated viewpoints.

2. Training Details
SpinMeRound begins training using the publicly available
Arc2Face model [10]. The Arc2Face model is built upon
Stable Diffusion 1.5 [11], meaning that it incorporates the
following preconditioning functions, according to the EDM
framework [6]:

cSD1.5
skip (σ) = 1, cSD1.5

out (σ) = −σ,

cSD1.5
in =

1√
σ2 + 1

, cSD1.5
noise (σ) = argmax

j∈[1000]

(σ − σj)

As proposed in [6], we modify the aforementioned pre-
conditioning by:

cskip(σ) = (σ2 + 1), cout(σ) =
−σ√
σ2 + 1

,

cin =
1√

σ2 + 1
, cnoise(σ) = 0.25 log σ,

Furthermore, we use the proposed noise distribution and
weighting functions logσ ∼ N (Pmean, P

2
std) and λ(σ) =

(1 + σ2)σ−2, with Pmean = 0.7 and Pstd = 1.6. We
finetune the pre-trained Arc2Face model for 31k iterations,
using the training dataset provided by the Arc2Face authors.

2.1. Shape Normals Retrieving

Algorithm 1 Shape Normals sampling using Guidance

Input: The aligned facial “in-the-wild” image Ī, the gradi-
ent scale α, the binary visibility mask m, the condition-
ing mechanism C, and encoder E .

1: c← C(Ī), zgt ← {E(Ī)|0}
2: z0 ∼ N (0, t20I)
3: for all i from 0 to N-1 do
4: ϵi ∼ N (0, S2

noiseI)

5: γi =

{
min(Schurn

N ,
√
2− 1) if ti ∈ [Stmin, Stmax]

0 otherwise
6: t̂i ← ti + γiti

7: x̂i ← xi +
√
t̂2i − t2i ϵ

8: L ← ||(zgt −Dθ(x̂i; t̂i, c))⊙m||22
9: di ← (x̂i −Dθ(x̂i; t̂i, c)− α ∂L

∂x̂i
)/t̂i

10: xi+1 ← x̂i + (ti+1 − t̂i)di

11: end for
12: return zN

As mentioned in Section 3.3, given an input “in-the-
wild” facial image, we first extract the respective shape nor-
mals N . Our proposed sampling methodology is presented
in Algorithm 1 and is inspired from Relightify [9]. Given
an aligned “in-the-wild” image, we follow the sampling al-
gorithm presented in Algorithm 1, where ⊙ denotes the
Hadamard product Ī. We guide the sampling process to
generate the respective shape normals, based on the distri-
bution of the training data. In detail, we firstly extract the
conditioning label, as described in Section 3.1, and the la-
tent feature maps of the image Ī, which gets padded. After
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Input Panohead [1] Ours

Figure 1. We compare the generated backhead between SpinMeR-
ound(Ours) and Panohead [1].

Input Eg3D [3] Ours

Figure 2. SpinMeRound and Eg3D [3] are shown at +90◦ angle.

that, we sample the input gaussian noise. For each sam-
pling step, we estimate x̂i as presented in steps 4, 5, 6 and
7. Then, we compute the guidance loss by calculating the
masked L2-distance between the ground-truth latent vector
zgt and the estimated Dθ(x̂i; t̂i, c). We calculate the Eu-
ler step from t̂i to ti+1 by applying the formula in line 9.
During sampling we set the guidance scale equal with 105

and we run for t = 50 sampling steps. The sampling pro-
cess takes about 2.4 seconds while it runs on an NVIDIA
A100-PCIE.

3. Qualitative comparison with Panohead and
Eg3D

Panohead [1] is a NeRF-based method capable of generat-
ing 360◦ views. Given an input facial image, it requires
a fitting process to produce novel views, often necessitat-
ing additional pivotal tuning. In contrast, SpinMeRound
eliminates the need for any fitting or fine-tuning steps. Ad-
ditionally, as presented in Fig. 1, Panohead frequently in-
troduces artifacts on the back of the head, a limitation
our method overcomes. On the other hand, EG3D [3] is
another NeRF-based method having similar drawbacks as
Panohead. Moreover, it only focuses on generating near-
frontal views contrary to our full-head approach as shown
in Fig 2. We present a qualitative comparison between our

Figure 3. Top row: Examples of filtered-out subjects. Bottom row:
We present the rear view of an input image (left) when given to a
model trained with the unfiltered and the filtered datasets.

method and Panohead [1] in Fig. 4. As demonstrated, our
proposed approach achieves more faithful novel view syn-
thesis of the input subjects and significantly reduces the
back-of-head artifacts commonly observed in Panohead.
Importance of the used dataset To train our method,
we utilize a synthetic dataset, acquired using Panohead [1].
Since artifacts frequently occur during sampling, a manual
filtering step is necessary. We filtered out failure cases, in-
cluding artifacts or abnormal side-heads, that could nega-
tively impact the performance of our model. We present
excluded samples in the first row of Figure 3. To confirm
this, we trained two models for 100 epochs: (a) one us-
ing the prior-filtering dataset, and (b) one using the filtered
dataset. Then, we gathered 50 images and compared their
identity similarity scores at a yaw angle of 45◦. The first
model achieved an identity similarity score of 0.651, whilst
the model trained on the filtered dataset achieved a score of
0.72. Moreover, we showcase the generated real views of a
representative subject in the bottom row of Figure 3.

4. Identity sampling
As mentioned in Section 5.1 and presented in Figure 8 of
the main paper, our method can generate multi-view human
identities, given only the input embedding. Although, this
work does not focus on multi-view identity sampling, we
explore our method’s capabilities in this section.

As SpinMeRound has been trained using the classifier-
free guidance (CFG)[5] whilst getting 0, 1 or 3 condition-
ing input images, it can be used to conditionally gener-
ate novel images depicting a similar identity as the input
one. By setting the guidance scale equal with 3.5, we
run the EDM sampler [6] for 50 sampling steps. We set



Schurn = 0, Stmin = 0.05, Stmax = 50, Snoise = 1.003
and we use the EDM [6] discretization steps, with maxi-
mum sigma equal to 700. The sampling process takes about
10 seconds while it runs on an NVIDIA A100-PCIE. We
present samples generated from our model in Figure 8.

5. More samples
We provide additional results in Figures 5, 6, 7, 9 and 10.
SpinMeRound is demonstrated under extreme viewpoints
in Figure 5 whilst Figure 6 presents a qualitative compari-
son between our method’s performance and Panohead [1],
Eg3D [3], DiffPortrait3D [4] and SV3D [12]. In Figure 7,
we showcase samples generated while using SpinMeRound,
under {±9◦,±16◦,±23◦} elevation and azimuth angles.
Additionally, samples produced from our model are pre-
sented in Figures 9 and 10, given the input images on the
left. As illustrated, our proposed methodology can be ap-
plied to a wide variety of images, including diverse identi-
ties, input angles and image styles.
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+45◦ +90◦ +135◦ +180◦ +225◦ +270◦ +315◦

Figure 4. We present a qualitative comparison between SpinMeRound and Panohead [1] at yaw angles from +45◦ to +315◦. Contrary to
Panodhead, our method faithfully generates novel views of the input subjects, without any artifacts on the backhead.

Input image Novel view Input image Novel view Input image Novel view Input image Novel view

Figure 5. SpinMeRound is showcased under extreme angles.



Input image Ground-truth SpinMeRound (Ours) Panohead [1] Eg3D [3] DiffPortrait3D [4] SV3D [12]

Figure 6. Qualitative comparison on NeRSemble dataset [7]. As showcased, SpinMeRound shows superior results over Panohead [1],
Eg3D [3], DiffPortrait3D [4] and SV3D [12].

−23◦ −16◦ −9◦ Input +9◦ +16◦ +23◦

Figure 7. We showcase samples under {±9◦,±16◦,±23◦} elevation and azimuth angles.



Input Images Generated samples

Figure 8. Samples generated using SpinMeRound using only the input identity vector.



Input Images Generated samples

Figure 9. Samples generated with our method, using the images on the left as input (1/2).



Input Images Generated samples

Figure 10. Samples generated with our method, using the images on the left as input (2/2).
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