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Abstract
Versatile 3D tasks (e.g., generation or editing) that distill from
Text-to-Image (T2I) diffusion models have attracted signifi-
cant research interest for not relying on extensive 3D train-
ing data. However, T2I models exhibit limitations resulting
from prior view bias, which produces conflicting appear-
ances between different views of an object. This bias causes
subject-words to preferentially activate prior view features
during cross-attention (CA) computation, regardless of the
target view condition. To overcome this limitation, we con-
duct a comprehensive mathematical analysis to reveal the root
cause of the prior view bias in T2I models. Moreover, we
find different UNet layers show different effects of prior view
in CA. Therefore, we propose a novel framework, TD-Attn,
which addresses multi-view inconsistency via two key com-
ponents: (1) the 3D-Aware Attention Guidance Module (3D-
AAG) constructs a view-consistent 3D attention Gaussian for
subject-words to enforce spatial consistency across attention-
focused regions, thereby compensating for the limited spatial
information in 2D individual view CA maps; (2) the Hier-
archical Attention Modulation Module (HAM) utilizes a Se-
mantic Guidance Tree (SGT) to direct the Semantic Response
Profiler (SRP) in localizing and modulating CA layers that
are highly responsive to view conditions, where the enhanced
CA maps further support the construction of more consistent
3D attention Gaussians. Notably, HAM facilitates semantic-
specific interventions, enabling controllable and precise 3D
editing. Extensive experiments firmly establish that TD-Attn
has the potential to serve as a universal plugin, significantly
enhancing multi-view consistency across 3D tasks.

Introduction
Text-driven 3D generation (Ding et al. 2024; Hong et al.
2022; Metzer et al. 2023; Michel et al. 2022; Guo et al.
2023) and editing (Wu et al. 2024; Koo, Park, and Sung
2024; Li et al. 2024b) are increasingly applied in industrial
design, VR/AR, and digital content production. These tech-
nologies allow the creation and modification of 3D assets
based on natural language input. Constrained by the com-
plexity of 3D representation learning and the scarcity of 3D
data, current text-driven 3D technologies (Liang et al. 2024;
Li et al. 2024c,a; Di et al. 2025) typically combine 3D Gaus-
sian Splatting (3DGS) (Kerbl et al. 2023) representation
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Figure 1: (a) Subject-word CA map anomalies corrupt
denoising outputs with layer-varying bias intensity. (b)
Overview of our TD-Attn framework integrating HAM and
3D-AAG modules for consistent 3D generation and editing.

with distillation from text-to-image (T2I) models. Specifi-
cally, training-free distillation techniques eliminate the de-
pendency on 3D data, while the differentiable 3DGS repre-
sentation replaces Neural Radiance Fields (NeRF) (Milden-
hall et al. 2021) by enabling high-quality rendering with sig-
nificant acceleration during inference.

However, a fundamental and pervasive challenge persists
across existing 3D generation and editing frameworks: the
inability to guarantee multi-view consistency. This mani-
fests most prominently as the Janus problem (Armandpour
et al. 2023; Hong, Ahn, and Kim 2023; Poole et al. 2022),
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where 3D objects have conflicting faces or orientations when
rendered from different angles. This issue significantly un-
dermines the realism and coherence of the text-to-3D output.
Therefore, ensuring view consistency in 3D tasks is crucial
for high-quality results, which is the motivation for this pa-
per.

Previous studies (Armandpour et al. 2023; Zhang et al.
2024; Liu et al. 2023; Huang et al. 2024) attribute this in-
consistency to the view bias of T2I diffusion models, which
arises from training datasets with skewed view distributions
and sparse view annotations. We theoretically validate and
visualize the impact of prior view bias, as shown in Fig. 1(a).
Under a “back view” condition, we input the prompt token
with view annotations and its corresponding view-rendered
result into the frozen UNet (Ronneberger, Fischer, and Brox
2015). The token-level attention maps show that the subject-
word token (e.g., “squirrel”) activates frontal-view features,
and the spatial distribution of these activations correlates
with the distortions observed in the conditional result. This
phenomenon demonstrates that the imbalanced training data
of T2I models fundamentally shapes the inductive biases of
subject-word token cross-attention (CA) scores, which rep-
resent the attention regions of words in prompts across spa-
tial features of noisy images. Since high attention scores cor-
respond to regions where generation and editing are con-
centrated, this bias directly affects the spatial distribution
of generated content. Specifically, the abundance of train-
ing samples without view annotations paired with prior view
images causes subject-words to have higher similarity scores
with prior view images, making prior view features activate
more easily. When processing prompts without explicit view
cues, the network defaults to generating prior view content
due to these learned associations. Even when processing
prompts with explicit view cues, this prior view preference
dilutes or overrides the view conditions, leading to the Janus
problem in 3D tasks. Additionally, Fig. 1(a) shows CA maps
across multiple UNet layers, which highlights the layer-wise
heterogeneity of prior view preference within the UNet.

To address this prior view preference-dominated inconsis-
tency, we first provide a mathematical analysis of how prior
view preference in T2I models compromises 3D generation
consistency. The analysis reveals that the inherent view bias
in T2I models causes conflicts between subject-word and
view control conditions, resulting in significant negative gra-
dients during the 3D generation process. Therefore, we pro-
pose TD-Attn, a novel framework shown in Fig. 1(b), which
comprises two modules: the 3D-Aware Attention Guidance
Module (3D-AAG) and the Hierarchical Attention Modu-
lation Module (HAM). First, 3D-AAG constructs a 3D at-
tention Gaussian for subject-word tokens significantly in-
fluenced by view preference, which accumulates multi-view
2D attention maps through inverse rendering. The Gaussian
effectively dilutes erroneous attention patterns dominated by
prior view preference and compensates for the limited spa-
tial information in CA maps from independent 2D denoising
processes.

Furthermore, to address the prior view preference differ-
ences across different UNet layers, we construct a hierarchi-
cal Semantic Guidance Tree (SGT) containing rich semantic

words with the assistance of large language models (LLMs).
HAM then utilizes the SGT to guide a Semantic Response
Profiler (SRP) to localize UNet layers and CA heads with
high-response view semantics, and modulates these CA lay-
ers to obtain multi-view consistent CA maps, which further
support the construction of the 3D attention Gaussian. In
particular, HAM not only tracks view semantics, but also en-
ables effective localization and control of other semantics,
such as color and material, providing fine-grained control
over target semantics in 3D editing tasks. In summary, this
paper makes the following contributions:

• We provide a comprehensive mathematical analysis
demonstrating how prior view preference affects 3D
tasks, with CA mechanism analysis serving as visual val-
idation of this principle. The CA maps reveal that prior
view preference from subject-word tokens override the
view information from view description tokens, lead-
ing us to formulate an optimization objective centered
on suppressing prior view preference in subject-word to-
kens.

• We propose 3D-AAG, which accumulates 2D CA maps
from different views to construct a 3D attention Gaus-
sian for subject-word tokens. 3D-AAG then constrains
anomalous 2D CA scores to guarantee multi-view con-
sistency.

• We propose HAM, which uses the semantic guidance
tree to guide SRP in tracking and weighting CA layers
that are highly responsive to view semantics. Then view-
enhanced CA maps are further used to construct a more
consistent 3D attention Gaussian.

• Proposed HAM enables targeted, semantic-specific inter-
ventions during 3D editing, giving precise control over
semantics such as color, and material.

Related Work
3D Gaussian Splatting
3D Gaussian Splatting is an explicit and efficient 3D scene
representation that models environments using anisotropic
3D Gaussians. Each Gaussian is characterized by its 3D po-
sition µ ∈ R3, covariance matrix Σ ∈ R3×3, opacity η, and
view-dependent color c represented through spherical har-
monics coefficients. The representation enables real-time,
differentiable rendering (Huang et al. 2025; Lin et al. 2025;
Li et al. 2025; Zhou et al. 2025; Qu et al. 2025), through
a splatting technique that projects these 3D Gaussians onto
2D image planes while preserving their geometric proper-
ties. During optimization, the covariance matrix is factorized
into rotation R and scaling S components to ensure numer-
ical stability. A key advantage of 3D Gaussian Splatting is
its adaptive densification strategy, where Gaussians dynam-
ically split or clone during training to capture fine scene de-
tails while preserving computational efficiency.

Text-driven 3D Generation
Early text-to-3D generation methods (Jain et al. 2022) lever-
age the cross-modal capabilities of CLIP (Hong et al. 2022)
but suffer from limited alignment precision. The emergence
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Figure 2: T2I model generation results demonstrating view
bias effects. Top: results without view annotations show pre-
dominant prior view generation. Bottom: results with “back
view” condition exhibit three phenomena: Prior View (red),
successful Target View (green), and Feature-Contaminated
View (orange).

of diffusion models (Rombach et al. 2022) establishes a
new paradigm (Poole et al. 2022; Tang et al. 2023) where
2D diffusion priors guide differentiable 3D representations
through distillation techniques, significantly improving gen-
eration quality. However, existing methods still face view
inconsistency issues where generated 3D objects exhibit the
multi-face Janus problem. While some approaches (Shi et al.
2023; Xie et al. 2024; Hong, Ahn, and Kim 2023) fine-tune
diffusion models with multi-view datasets or employ geo-
metric constraints and prompt engineering, they either re-
quire additional training overhead or lack precise view con-
trol.

Method
In this section, we present our innovative framework, TD-
Attn, which is developed based on the theoretical analysis
of prior view bias in the first section. The pipeline of TD-
Attn is illustrated in Fig. 3. In the subsequent sections, we
explore the two primary components of our methodology,
which effectively guarantee view consistency in 3D tasks.

Theoretical Analysis of View Inconsistency
In T2I diffusion models, image generation can be formu-
lated as the conditional probability distribution pθ(x|Y ),
where θ represents the parameters of the model that
govern the generation process, and x represents the
generated image given a text prompt Y . The text
prompt Y = ⟨yobj, v

∗⟩ consists of object description com-
ponents yobj and view conditions v∗. The training
dataset D = {⟨xi, Yi⟩}Ni=1 typically exhibits significant
view distribution bias and sparse view annotations, which
can be formalized as: pD(vprior|yobj) ≫ pD(vother|yobj)
and pD(Yv∗ = ∅) ≫ pD(Yv∗ ̸= ∅). During training, when
the model learns from text prompts without view

annotations, i.e. Y = ⟨yobj, ∅⟩, the view information
solely derives from the prior view distribution, i.e.
p(v|Y ) = p(v|yobj, ∅) ∝ pD(v|yobj), this reveals that when
processing text without view annotations, T2I models im-
plicitly tend to favor prior view preference generation as the
optimal solution. As shown in the upper part of Fig. 2, when
generating from prompts such as “A photo of PIKACHU”,
the model generates images based on the prior view prefer-
ence.

When processing prompts containing view conditions, the
ideal view prior should be p(v|Y ) = δv,v∗ , where δv,v∗ is
the Dirac delta function, and the model’s training objective
is pideal

θ (x|Y ) = pθ(x|yobj, v
∗). However, the learned view

distribution deviates from the ideal Dirac distribution due to
training data bias, causing subject-word tokens to respond
strongly to prior view features. We model this deviation us-
ing a bias coefficient ϵ where 0 < ϵ ≪ 1:

p(v|Y ) = (1− ϵ)δv,v∗ + ϵpD(v|yobj), (1)

we then analyze the probability ratio by substituting vprior
and v∗ into p(v|Y ):

R =
p(vprior|Y )

p(v∗|Y )
=

ϵpD(vprior|yobj)

(1− ϵ) + ϵpD(v∗|yobj)
, (2)

Eq. (1) identifies three distinct generation phenomena:
When R ≪ 1, the target view v∗ dominates, enabling
successful “back view” generation (green square marks in
Fig. 2); when R ≫ 1, prior view bias overwhelms the target
condition, resulting in frontal Pikachu generation despite the
“back view” condition (red triangle marks); when R ≈ ϵ,
comparable view probabilities cause feature contamination,
where the model simultaneously responds to both prior and
target view conditions, producing images with mixed char-
acteristics such as back-view poses with frontal facial fea-
tures (orange circle marks).

In 3D tasks, these anomalous CA scores between subject-
word tokens and prior view features accumulate across the
multi-view optimization process. Specifically, the model op-
timizes a 3D representation ϕ by leveraging multiple 2D su-
pervision signals from different views. It can be formulated
as :

P̃3D(ϕ) =
∏
v∗∈Λ

p2D(zϕ|yobj, v
∗), (3)

where Λ represents the set of camera views, and zϕ denotes
the rendered 2D image from the 3D representation ϕ at view
v∗. The gradient with respect to the 3D parameters is:

∇ϕ log p3D(ϕ)

= |Λ|Ev∗∈Λ[∇zϕ log p2D(zϕ|v∗, yobj)
∂zϕ
∂ϕ

]

= |Λ|Ev∗∈Λ[(∇zϕ log p2D(zϕ)

+∇zϕ log p2D(v∗, yobj|zϕ))
∂zϕ
∂ϕ

],

(4)

to focus on the influence of view priors bias in gen-
eration, we can safely neglect the unconditional term
∇zϕ log p2D(zϕ). While the unconditional term captures the
global structure of the generated image, its effect on local
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Figure 3: Overview of the TD-Attn framework. HAM guides the CA layers in UNet towards target semantics by weighting them
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3DGS to generate a 3D attention Gaussian with spatial consistency. Finally, the newly rendered subject-word CA maps from
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features such as view is minimal in this context. Conse-
quently, we further decompose the conditional term:

∇zϕ log p2D(v∗, yobj|zϕ) = ∇zϕ log p2D(v∗|zϕ)
+∇zϕ log p2D(yobj|zϕ) +∇zϕ logC,

(5)

where C =
p2D(v∗,yobj|zϕ)

p2D(v∗|zϕ)p2D(yobj|zϕ) =
p2D(v∗|yobj,zϕ)
p2D(v∗|zϕ) . Based

on our previous analysis, when certain object descriptions
become overly common under prior views, strong depen-
dencies emerge between yobj and vprior. In this case, when
v∗ approaches vprior, i.e, C → 1, the term ∇zϕ logC
does not significantly interfere with gradient computa-
tion. However, when v∗ is far from vprior, we have
p2D(v∗|yobj, zϕ) ≪ p2D(v∗|zϕ), resulting in C → 0. Con-
sequently, ∇zϕ logC ≪ 0, resulting in large negative gradi-
ent effects that significantly impact the generation process.

Eq. (5) directly explains the empirical observations in
Fig. 1(a), where the large negative gradients from the
∇zϕ logC term correspond to the anomalous attention fo-
cus regions we observe in practice. This mathematical cor-
respondence reveals why subject-word tokens consistently
activate frontal-view features under “back view” conditions,
creating the distortions visible in the conditional results. To
mitigate this issue, we suppress the prior view preference in
subject-word token attention, as shown in Fig. 3.

3D-Aware Attention Guidance Module (3D-AAG)
During each denoising step through CA layers in UNet, 2D
CA maps are inversely mapped back to the 3DGS represen-
tation (Chen et al. 2024) to accumulate multi-view 2D atten-
tion weights. This enables us to construct a view-consistent

3D attention Gaussian, which compensates for the limited
spatial information in CA scores computed from indepen-
dent views. Thanks to the explicit nature of 3DGS, the ac-
cumulated attention weight for each Gaussian i can be com-
puted as:

wi =
∑
v∈Λ

∑
p∈I(Sv

2D)

[oi(p)T
v
i (p)I(S(p)v2D)], (6)

where oi(p) is the opacity of Gaussian i, T v
i (p) denotes the

transmittance along the ray from pixel p to Gaussian i at
view v, I(S(p)v2D) is the interpolated attention score of the
subject-word token at pixel p, and Sv

2D denotes the CA map
of the subject-word token at view v defined as:

Sv
2D = Softmax

(
QvK

T
sbj√
d

)
, (7)

where Qv is the query matrix projected from the spatial fea-
tures of the noisy image with dimension d at view v and
Ksbj is the key corresponding to the subject-word token.
Since the 2D attention maps have different resolutions from
the rendered images, bilinear interpolation I(·) is applied to
match Sv

2D to the rendering resolution, which ensures that
each Gaussian accumulates attention weights from multiple
views, effectively diluting the prior view bias and promoting
view-consistent 3D parameter updates.

During 3D optimization, 3DGS performs adaptive densi-
fication and pruning (Kerbl et al. 2023) to adjust Gaussian
distributions. The 3D attention Gaussian synchronizes with
these operations, which ensures view-consistent attention
patterns throughout optimization while maintaining align-
ment with the evolving geometric representation.
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Since the 3D attention Gaussian integrates CA informa-
tion from multiple views, it contains more accurate view in-
formation compared to any individual 2D CA map obtained
from a single optimization step. Therefore, the accumulated
3D attention Gaussian acquires the capability to guide 2D
attention maps. Specifically, to emphasize the focus regions
of the rendered attention map S̃v

2D at view v, we apply soft-
max normalization and employ KL divergence loss (Kingma
et al. 2014) to constrain the discrete 2D CA maps. The at-
tention loss Lattn can be formulated as:

Lattn = KL
(

Softmax(S̃v
2D) ∥ I(Sv

2D)
)
. (8)

Hierarchical Attention Modulation Module (HAM)
Eq. (5) demonstrates that 3D tasks suffer from gradient in-
terference due to prior view preference when distilling T2I
models, where the conditional gradient term is compromised
by anomalous CA scores between subject-word tokens and
prior view features. Therefore, we aim to enhance target
view semantics in UNet CA layers to minimize the prefer-
ence ratio R in Eq. (2), ensuring R ≪ 1 and guaranteeing
that the posterior probability p(v|Y ) in Eq. (1) conforms to
the target view v∗.

We adopt a multimodal perspective to examine the inter-
action patterns between subject-word token keys and image
queries within the CA mechanism. As shown in the bottom
right of Fig. 3, inspired by HRV (Park et al. 2024), SRP
concatenates enriched concept words to form a key matrix
KT , which is then matched against extensive image query
matrices Q to identify the highest CA scores among seman-
tic words, thereby defining the primary conceptual focus of
each attention head. Unlike HRV, we consider the inherent
polysemy in natural language, where concept words often
carry multiple semantic meanings. For instance, “match”
can refer to a football match, a perfect pairing, or a striking
tool for lighting, while “light” can denote physical illumi-
nation, object weight, or conceptual simplicity. To mitigate
this ambiguity, we construct a semantic guidance tree using
LLMs (Brown et al. 2020). As depicted in Fig. 1(b), the SGT
employs a three-level hierarchical structure: the root level
encompasses M distinct Semantic-Classes (e.g., Object, At-
tribute); the intermediate level contains F Sub-Classes that
belong to each Semantic-Class; and the leaf level comprises
F specific Instances, randomly selected from each Sub-
Class set. Given the hierarchical relationships between CA
heads and UNet layers, we compute separate scores for CA
heads and UNet layers to correspond to different semantic
granularities in the SGT. To precisely localize layers corre-
sponding to prior view preference, we incorporate view con-
ditions into the majority of these prompts.

For semantic localization, similarity matrices between the
obtained query matrix Q and randomly selected instance-
words key matrix KT are computed. For H CA-Heads, the
relevance score W f

h of F Sub-Classes in head h and subclass
f is computed as:

W f
h = argmaxf

(
AvgPool

(
QhK

T

√
d

))
, (9)

and for L UNet layers, the relevance score Wm
l of M

Semantic-Classes in layer l and class m is computed as:

Wm
l = argmaxm

( ∑
u∈Um

∑
h∈Hl

AvgPool
(
QhK

T
u√

d

))
,

(10)
where Um represents the set of Instances belonging to
Semantic-Class m, and Hl denotes the set of attention heads
in layer l. This produces one-hot relevance scores that are
accumulated into layer-wise weights WM

L ∈ RM×L and
head-wise weights WF

H ∈ RF×H .
The HAM then modulates the UNet’s attention computa-

tion by applying these learned weights for target semantic
f∗:

Âh = λWm∗

l W f∗

h Ah, (11)
where f∗ ∈ m∗ and h ∈ Hl, λ is the modulation coefficient,
Wm∗

l represents the layer-wise weight for Semantic-Class
m∗ at layer l, W f∗

h represents the head-wise weight for Sub-
Class f∗ at head h, Ah is the original attention computation
at head h, and Âh is the modulated attention computation.

Through this semantic-aware weighting mechanism, the
model’s sensitivity to target semantics can be selectively en-
hanced while suppressing prior biases. Notably, the view-
enhanced CA maps produced by HAM further support the
construction of the more consistent 3D attention Gaussian,
and the improved attention consistency helps Lattn more ef-
fectively suppress prior view preference, creating a synergis-
tic effect between our two proposed components that jointly
ensures multi-view consistency in 3D tasks. For different 3D
tasks, we employ task-specific loss combinations:

L = LGen + λ1Lattn for generation tasks, (12)
L = LEdit + λ2Lattn for editing tasks, (13)

where λ1 and λ2 are attention balance coefficients.

Experiments
In this section, we provide a systematic evaluation of TD-
Attn through a dual approach integrating qualitative visual
analysis and quantitative benchmarking. First, we conduct
qualitative comparisons in the first section, followed by
comprehensive quantitative analysis in the second section.
Finally, we provide ablation experiments to validate the ef-
fectiveness of each module in our framework. All experi-
ments were conducted using a single NVIDIA RTX 4090
GPU. Additionally, we employ Stable Diffusion (Rombach
et al. 2022) v2.1 base model for distillation in generation
tasks, and adopt InstructPix2Pix (Brooks, Holynski, and
Efros 2023) based on Stable Diffusion v1.4 to obtain edit-
ing results in editing tasks. More implementation details can
be found in the appendix.

Qualitative Comparisons
As a universal plugin, TD-Attn can be seamlessly integrated
into existing 3D generation and editing frameworks. Fig. 4
demonstrates our method’s performance across diverse sce-
narios. For generation tasks, we integrate TD-Attn into base-
line methods including DreamScene (Li et al. 2024a), Lu-
cidDreamer (Liang et al. 2024), and GCS-BEG (Li et al.
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CA Maps of token “apricot” 
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HAM (“face” : Material ↑)

Figure 4: Qualitative comparisons. Top: 3D generation results comparing baseline methods with TD-Attn-enhanced versions,
eliminating multi-view inconsistencies and visual artifacts. Right: Ablation study showing progressive improvements. Bottom:
3D editing results demonstrating semantic consistency and multi-view coherence improvements.

Methods User Study ImageReward ↑ CLIPsim↑ Frequency of Inconsistency

Quality ↑ Consistency ↑ fmf(%) ↓ finc(%) ↓
DreamScene 4.52 3.51 -0.725 0.299 46.7 66.7
DreamScene + Ours 6.26 5.44 -0.229 0.306 33.3 53.3
LucidDreamer 5.34 4.02 -0.386 0.309 26.7 60.0
LucidDreamer + Ours 7.27 6.67 0.124 0.320 13.3 33.3
GCS-BEG 6.13 4.18 0.158 0.312 33.3 60.0
GCS-BEG + Ours 7.81 7.68 0.397 0.317 6.7 26.7

Table 1: Quantitative comparison on 3D generation task.

2024c), with results shown in the second row of Fig. 4. Com-
pared to baseline approaches, our method successfully elim-
inates extraneous limbs and facial features that plague exist-
ing methods, such as additional ears in Pikachu and Batman,
or extra faces in Mario, Ironman, and Squirrel.

For 3D editing tasks, we employ state-of-the-art (SOTA)
EditSplat (Lee et al. 2025) as our baseline, with improve-
ments demonstrated in the lower portion of Fig. 4. When
processing prompts such as “Transform this bonsai’s flow-
ers into apricot color”, baseline methods often misinterpret
“apricot” as a botanical entity rather than a color descrip-
tor. We visualize the CA maps of token “apricot” during
the 2D editing process. As shown in Fig. 4, the baseline
method’s attention maps exhibit erroneous activations on
plant-related regions (marked with red crosses), indicating
that the model incorrectly associates “apricot” with botani-
cal entities despite the contextual cue “color”. This seman-
tic misinterpretation translates to inconsistent editing results
across multiple views. Similarly, when handling “Turn his
face into Ironman, Marvel”, editing results exhibit hybrid

states combining human facial features with armor charac-
teristics. TD-Attn provides a way to modulate semantic in-
tensity of specific words within prompts. As visualized in
the lower-left portion of Fig. 4, we enhance the “color” se-
mantics of “apricot” while suppressing its “plant” semantics,
ensuring semantic consistency of “apricot” throughout the
editing process. The HAM module successfully redirects at-
tention toward color-relevant regions, as demonstrated in the
corrected CA maps. In contrast, baseline methods frequently
exhibit semantic materialization of “apricot” entities, which
conflicts with the editing intent. Furthermore, baseline re-
sults suffer from multi-view editing inconsistencies, exem-
plified when processing “Make his face resemble that of a
marble sculpture”, where different viewpoints exhibit incon-
sistent facial textures, a phenomenon that TD-Attn success-
fully mitigates.

Quantitative Comparisons
To intuitively demonstrate TD-Attn’s performance, we com-
pare baseline methods with their TD-Attn integrated coun-
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Methods CLIPsim↑ Frequency of Inconsistency

fmf(%) ↓ finc(%) ↓
Janus issue 0.318 100.0 100.0
Baseline 0.307 35.6 62.2
+ HAM 0.311 20.0 57.8
+ 3D-AAG 0.313 24.4 44.4

TD-Attn 0.314 17.8 37.8

Table 2: Ablation study for generation task.

Methods CLIPsim↑ CLIPdir↑ User Study ↑
Baseline(EditSplat) 0.253 0.101 4.18
+ HAM 0.272 0.112 5.26
+ 3D-AAG 0.261 0.102 4.73

TD-Attn 0.277 0.114 6.34

Table 3: Ablation study for editing task.

terparts. For generation tasks, we employed standard eval-
uation metrics ImageReward (Xu et al. 2023) and CLIPsim
(Radford et al. 2021) as objective measures. Additionally,
we evaluated the percentage of generated results exhibit-
ing Inconsistency, denoted as finc. We extended the tradi-
tional Janus problem definition to encompass broader incon-
sistencies including extra limbs and other implausible ar-
tifacts. For comprehensive evaluation, we selected diverse
prompts involving objects with distinct front-back differ-
ences (e.g., portraits, animals, vehicles). The quantitative re-
sults are summarized in Tab. 1, where fmf denotes the fre-
quency of Janus problem. As shown in the table, our method
achieves the highest scores across all metrics, with partic-
ularly notable improvements in mitigating the Janus issue,
where our method outperforms the baseline average by ap-
proximately 50%.

We conducted a user study comparing our method with
the SOTA approaches for subjective evaluation. Using a 1-
to-10 scale, participants assessed models based on two key
criteria: “Generation Quality” and “3D Consistency.” All
samples were randomly selected without cherry-picking. As
shown in Tab. 1, our method achieves the highest average
scores across both evaluation metrics. These results demon-
strate that 3D content generated by our approach consis-
tently exhibits superior visual appeal and view consistency.

Ablation Studies
As shown in Fig. 4, both HAM and 3D-AAG effectively
improve multi-view consistency, with their combination
achieving the best performance. For generation tasks, as
shown in Tab. 2, the combination yields the most signif-
icant improvements, surpassing baseline methods by 50%
and 39.2%.

However, we observed that CLIPsim metric yields higher
scores for generation results with the Janus problem, as
shown in Tab. 2. Fig. 5 presents the CLIP similarity dis-
tribution between prompts and rendered results for differ-
ent methods. Under normal conditions, similarity scores de-
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Figure 5: CLIP similarity distribution across different az-
imuth angles. The plot reveals how multi-view inconsisten-
cies affect similarity scores, where results with the Janus
problem exhibit abnormally high scores, while our approach
produces a more natural distribution pattern.

crease progressively from front view to back view, with back
views scoring lowest due to reduced information content.
However, when the Janus problem occurs, prior preference
view features appear across multiple angles, resulting in ab-
normally high similarity scores. This observation motivates
exploring more suitable evaluation methods. Analyzing sim-
ilarity score distributions across views proves more effec-
tive than relying solely on average similarity scores. Results
demonstrate that our method produces similarity distribu-
tions more closely aligned with the ideal pattern.

For editing tasks, we employ CLIPsim and CLIPdir (He
et al. 2024; Koo, Park, and Sung 2024; Wu et al. 2024) as ob-
jective evaluation metrics, where CLIPdir measures the con-
sistency between image editing direction and text instruction
in CLIP feature space. Tab. 3 demonstrates that our method
improves the quality of edited 3DGS. The results of the user
study for editing tasks show similarly that our method pro-
duces more favorable results. Additional HAM applications
in T2I models can be found in the appendix.

Conclusion
We address multi-view inconsistency in 3D tasks by iden-
tifying prior view bias as the root cause. Our mathematical
analysis reveals that subject-word tokens preferentially ac-
tivate prior view features, compromising consistency across
different perspectives in both generation and editing tasks.
TD-Attn provides an effective solution through two key
components: a 3D-Aware Attention Guidance Module that
constructs view-consistent attention Gaussians by accumu-
lating multi-view cross-attention maps, and a Hierarchical
Attention Modulation Module that uses a semantic guid-
ance tree to modulate cross-attention layers for enhanced tar-
get semantic awareness. Extensive experiments demonstrate
that TD-Attn serves as a universal plugin, significantly re-
ducing inconsistency artifacts in both generation and edit-
ing scenarios while maintaining high quality. The frame-
work advances multi-view consistent 3D synthesis and en-
ables fine-grained semantic control across diverse 3D tasks.
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