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Supplementary Material

6. Appendix
6.1. Code and Dataset Examples

We provide example implementations of the key com-
ponents of our method, ForgeDreamer—including the
LoRA distillation pipeline and the cross-view hyper-
graph enhancement module—in the supplementary ma-
terials to facilitate reproducibility. In addition, sample
data from our multi-view industrial dataset are also in-
cluded in the supplement to illustrate the data format and
preprocessing workflow.

6.2. Limitations of Existing Public 3D Datasets

Although widely used in industrial anomaly detection
and 3D perception, existing public datasets such as
MVTec 3D-AD and Real-IAD are not well suited for
our LoRA distillation framework. MVTec 3D-AD pro-
vides RGB images paired with depth or point cloud data;
however, these point clouds are often incomplete. When
generating a front-view image, the lower portion of the
geometry is frequently missing, making it impossible to
obtain a consistent and fully visible front-view observa-
tion required for LoRA training.

Real-IAD suffers from a different limitation: the
dataset supplies only two viewpoints for each ob-
ject—an oblique 45° view and a strictly top-down
view. Since no true front-view images are available, the
dataset cannot support the dual-perspective (front and
up) supervision that our method relies on to ensure sta-
ble and geometry-consistent LoORA adaptation.

To validate these limitations empirically, we con-
ducted experiments using both datasets. As shown in
Figure 9a and Figure 9b, models trained on MVTec
3D-AD and Real-IAD exhibit degraded 3D generation
quality, including incomplete geometry reconstruction,
unstable texture synthesis, and inconsistent cross-view
appearance. These results further demonstrate that the
characteristics of existing datasets prevent them from
providing the clean, multi-view supervision required by
our framework, thereby motivating the construction of
our own dataset.

6.3. Dataset Construction and Specification

To train and evaluate our LoRA distillation framework,
we constructed a multi-view dataset comprising ten ob-
ject categories: six mechanical components (screw, nut,
bearing, gasket, nail, hexagonal stud) and four elec-
tronic components (ceramic capacitor, resistor, red LED,

Figure 8. Our data capture apparatus (left) and collected
dataset samples (right). The setup utilizes controlled light-
ing and fixed mounts to acquire consistent front and top-down
view images for each industrial component.

green LED). The dataset contains more than 200 high-
resolution images (512x512 pixels), with 20 images per
category evenly captured from front and up view per-
spectives. The data were collected using a standardized
imaging setup equipped with a uniform ring-light illumi-
nation system, as illustrated schematically in Figure 8.

For each object category, we captured 10 front view
images with objects positioned to show their primary
functional surface, and 10 up view images photographed
from directly above to reveal structural details. All
images were acquired under controlled studio lighting
with diffused illumination against a neutral white back-
ground, using fixed camera settings to ensure consistent
quality and exposure. The standardized acquisition pro-
tocol enables comprehensive feature learning by provid-
ing dual perspectives that capture both surface textures
and geometric characteristics essential for robust LORA
training.

The dataset underwent rigorous quality control in-
cluding sharpness verification, exposure consistency
checks, and annotation accuracy validation. This bal-
anced multi-view configuration allows LoRAs to recog-
nize objects from multiple perspectives while capturing
fine-grained differences between similar categories. The
equal distribution across categories and viewpoints pre-
vents bias during LoRA adaptation and ensures stable
training for the distillation process.
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(a) Results on the Real-IAD dataset. Our method successfully identifies and localizes industrial defects.
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(b) Comparison on the MVTec 3D-AD dataset. Our approach provides superior defect coverage compared to prior methods.

Figure 9. Qualitative results on two public industrial datasets. (a) Real-IAD: our method accurately detects and localizes defects.
(b) MVTec 3D-AD: our framework achieves improved defect completeness and surface consistency.

6.4. Implementation Details

6.4.1. Distillation Phase Configuration.

The distillation process is structured as a two-stage train-
ing pipeline, designed to systematically transfer knowl-
edge from the teacher experts to the unified student
model. Both Stage 1 and Stage 2 follow identical train-
ing configurations. Each stage is trained for 5,000 it-
erations to ensure sufficient convergence of the stu-
dent’s features while maintaining computational effi-
ciency. We employ Low-Rank Adaptation (LoRA) with
a rank parameter set to 16. This rank provides an op-
timal balance between parameter efficiency and model
expressiveness, allowing the adapter to capture nuanced,
domain-specific features without introducing excessive
parameters. This LoRA configuration allows for effec-
tive fine-tuning while reducing the number of trainable
parameters compared to full fine-tuning approaches.

6.4.2. ForgeDreamer Training Protocol.

The ForgeDreamer training process follows a schedule
spanning 5,000 iterations. The training begins with a
warm-up phase covering the initial 1,500 iterations, dur-
ing which the learning rate increases to its target value.
This warm-up strategy helps stabilize the early stages of
training and prevents potential optimization instabilities
from aggressive initial learning rates. Following this sta-
bilization period, the remaining 3,500 iterations proceed
with the training protocol.

During ForgeDreamer training, we maintain a batch
size of 4 throughout the entire training process. This
batch size was selected to achieve maximum train-
ing efficiency by utilizing the available VRAM on the
NVIDIA RTX 4090 24G GPU, while also ensuring sta-
ble gradient updates and maintaining reproducible re-
sults across different experimental runs.
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Figure 10. Qualitative Comparison with State-of-the-Art Methods.

approach (remaining categories).

6.4.3. Hardware and Computational Environment.

All experimental procedures, including both the LoRA
distillation phases and the complete ForgeDreamer
training pipeline, are conducted on a single NVIDIA
RTX 4090 24G GPU. This hardware configuration pro-
vides sufficient computational resources for the train-
ing requirements while maintaining accessibility for re-
search purposes. The use of a single GPU setup ensures
consistent experimental conditions and eliminates po-
tential variations that might arise from distributed train-
ing configurations.

6.5. Additional Industrial Scene Results

We present further analysis under different industrial
settings to thoroughly evaluate our method’s capabili-
ties. This includes examining the performance when
processing varying numbers of industrial objects, simu-
lating real-world scenarios that range from single-object
synthesis to more complex, populated scenes. To pro-
vide a more intuitive understanding of the generation
quality differences, we visualize the detailed compara-
tive results across these different experimental configu-
rations.

As shown in Figure 10, which complements the vi-
sual results in the main paper, we include extended com-
parisons with additional baseline methods. This fig-
ure focuses on the remaining five industrial categories:
bearing, ceramic capacitor, gasket, nail, and hexag-
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Visual results demonstrate the superior performance of our

onal stud. These visual results clearly demonstrate the
robustness and generality of our approach in industrial
object generation. Across these categories, our method
consistently produces higher-fidelity geometry, more ac-
curate structural details (such as the threading on studs
or contacts on capacitors), and avoids common failure
modes like surface oversmoothing or disconnected parts
that are visible in baseline results. The comprehen-
sive analysis reveals consistent performance improve-
ments across these different experimental configurations
within the industrial domain.

6.6. Detailed LoRA Fusion Analysis

Detailed analysis of the LoRA fusion mechanisms re-
veals significant insights into the behavior of different
fusion strategies across varying configurations. Through
systematic evaluation of 2, 4, and 6 LoRA configura-
tions, we investigate both quantitative performance met-
rics and underlying representational changes.

The visualizations in Figure 11, Figure 12, and Fig-
ure 13 present these analyses. The cosine similarity
analysis (subplot a) provides a direct measurement of
how well fused LoRAs preserve individual component
characteristics, while PCA decomposition (subplot b)
offers geometric insights into the structural relationships
within the learned representation space.

To further quantify these findings, Table 3 provides a
detailed comparison of concept preservation scores for



Table 3. Concept Preservation Scores by Fusion Method and
LoRA Configuration

Method Two Four Six
(CLIP-ViT-L/14) LoRAs LoRAs LoRAs
Individual Concepts

Embl (Addition) 0.899 0.793 0.658
Embl1 (Distillation) 0.927 0.934 0.904
Emb2 (Addition) 0.886 0.779 0.653
Emb2 (Distillation) 0.915 0.963 0.963
Emb3 (Addition) — 0.855 0.708
Emb3 (Distillation) — 0.972 0.968
Emb4 (Addition) — 0.827 0.691
Emb4 (Distillation) — 0.927 0.936
Emb5 (Addition) — — 0.630
EmbS5 (Distillation) — — 0.969
Emb6 (Addition) — — 0.458
Emb6 (Distillation) — — 0.970

Overall Performance

Average (Addition) 0.938 0.814 0.633
Average (Distillation)  0.965 0.949 0.952

our distillation method versus simple additive fusion.
The data shows that our distillation method consistently
and significantly outperforms additive fusion across all
configurations (e.g., 0.952 vs. 0.633 average for six
LoRAs), demonstrating its effectiveness in preventing
catastrophic interference.

6.7. LLM-Based Qualitative Evaluation

To provide an objective and detailed qualitative assess-
ment, we employed a Large Language Model (LLM) to
evaluate and compare our method against the baselines.
This qualitative feedback was then distilled into a quan-
titative ranking by tallying the LLM’s preferences across
all comparisons, as summarized in Table 4. Table 4 de-
tails these results, where a lower rank indicates better
user preference. Our method achieved the best possi-
ble rank (1.0) in 6 out of 10 categories for an average
rank of 1.6, significantly outperforming all baselines and
confirming its superior perceptual quality. The follow-
ing Figures 15 to 18 present the complete, verbatim re-
sponses from the LLM evaluator, which form the basis
of this analysis. This evaluation provides a comprehen-
sive and unbiased analysis of the geometry, texture, and
prompt adherence of the generated results across all ten
industrial categories and additional prompts.

6.8. Natural Scene Generation Evaluation

To evaluate the generalizability of our approach beyond
its primary industrial applications, we conducted a com-

parative analysis on common natural scene generation
tasks. While ForgeDreamer is specifically designed and
optimized for industrial object synthesis, we demon-
strate that our unified LoRA fusion strategy still main-
tains highly competitive performance in these distinct
natural scene contexts.

Figure 14 presents qualitative comparisons between
our method and baseline approaches on “bagel” and
“hamburger” objects. The results indicate that our fu-
sion mechanism successfully preserves the critical se-
mantic coherence and high visual quality necessary for
natural image generation. Crucially, the specialized
industrial-focused training does not unduly compromise
the model’s ability to handle general-purpose genera-
tion tasks. This cross-domain evaluation validates that
ForgeDreamer achieves its domain-specific optimization
without sacrificing broader applicability, making it suit-
able for mixed industrial-natural generation scenarios
that are commonly encountered in practical applications.

6.9. Per-Category T3Bench Scores

Table 5 presents the full breakdown of T3Bench quality
scores across all ten industrial categories. This detailed
data substantiates the findings from the main paper. It
shows that our method not only achieves the highest av-
erage score (50.88) by a significant margin over the next-
best competitor (47.10), but also secures a top-two result
(best or second-best) in 7 out of the 10 categories.

Specifically, our method achieves the number one
rank in four distinct categories: G. LED, Screw, Bear-
ing, and Gasket. It also secures the second-best rank in
three others: R. LED, Hex Stud, and Nail.

This demonstrates a high degree of robustness. It is
particularly noteworthy that while some baselines (e.g.,
LucidDreamer w/o LoRA) achieve exceptionally high
scores in a few specific categories where our method
does not lead (such as Nut and Capacitor), they ex-
hibit significant performance drops in others. In con-
trast, our method avoids catastrophic failures and main-
tains a high-quality baseline across the entire spectrum.
This balance between high peak performance (achiev-
ing lst place in 40% of categories) and strong consis-
tency (placing in the top-two 70% of the time) is what
drives the superior overall average score, confirming its
robust generation quality for diverse industrial compo-
nents. However, we believe this automated metric, while
useful, does not fully reflect all perceptual nuances of
generation quality and should be considered a strong ref-
erence rather than a complete assessment.

6.10. Cross-Configuration Analysis.

Comparing across all configurations (Figures 11, 12, and
13), we observe several consistent patterns that demon-
strate the robustness of our approach:
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Figure 11. Analysis of Six LoRAs Configuration: (a) Cosine similarity comparison between addition fusion and ablation fusion
methods. (b) PCA visualization showing the representational space distribution and relative distances to the original LoRA.

Comparison of Concept Preservation by Fusion Method LoRA Concept Feature Space Analysis (PCA)

@ Original LoRA
W Additi Ft . .
= Do i A B sddtion s
= 555 0.3 A Distillation Fusion
z E
s S
E. yaay
[} 0.2
] B v
G E A
o & L
2
So S o1
=3 o
£ 2
© m
> o~
g 0. ~ 00
w O :
[ a
o
=
Q
3o 0.1
=
(s}
[}
-0.2
E2 .. E3 -0.3 -0.2 -0.1 0.0 0.1 0.2 0.3
Original Concept ID PC1 (47.2% variance)
(a) Cosine Similarity (b) PCA Analysis

Figure 12. Analysis of Four LoRAs Configuration: (a) Cosine similarity metrics demonstrating the effectiveness of addition
fusion over ablation fusion. (b) PCA decomposition revealing the structural relationships between fused LoRAs and the original
representation.
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Figure 13. Analysis of Two LoRAs Configuration: (a) Cosine similarity comparison showing the fundamental differences between
fusion approaches. (b) PCA analysis illustrating the simplest case of LoRA fusion and its impact on representational geometry.



Table 4. Quantitative user study ranking across ten object categories. Lower ranks are better. Best (rank 1) and second-best (rank
2) results in each column are highlighted in bold and underlined, respectively.

Method \ G.LED Nut R.LED Resistor Screw Bearing Capacitor Hex Stud Nail Gasket \ Average
ProlificDreamer [43] (w/o LoRA) 7 7 7 7 7 7 7 7 7 6 6.9
RichDreamer [34] (w/o LoRA) 6 6 6 6 6 4 6 6 4 3 53
DreamFusion [33] (w/ LoRA) 3 5 2 2 2 2 4 2 1 1 24
DreamFusion [33] (w/o LoRA) 5 4 5 5 5 1 1 5 5 4 4.0
LucidDreamer [20] (w/LoRA) 2 3 3 3 4 6 5 4 3 5 3.8
LucidDreamer [20] (w/o LoRA) 4 2 4 4 3 5 2 3 6 7 4.0
Ours \ 1 1 1 1 1 3 3 1 2 2 \ 1.6

Table 5. Quantitative comparison across ten object categories on T3Bench quality scores. Best and second-best results in each
column are highlighted in bold and underlined, respectively.

Method ‘ G.LED Nut R.LED Resistor Screw Bearing Capacitor Hex Stud Nail Gasket ‘ Average
ProlificDreamer [43] (w/o LoRA) 27.19 22.34 24.49 26.60 34.85 31.64 20.48 7.85 26.39 2945 25.13
RichDreamer [34] (w/o LoRA) 17.21 42.26 15.58 42.31 38.33 21.24 17.83 24.38 3990 23.70 28.27
DreamFusion [33] (w/o LoRA) 32.62 69.72 29.92 28.49 46.59 28.38 35.45 36.66 52.27  59.02 41.91
DreamFusion [33] (w/ LoRA) 48.27 63.31 31.98 38.40 56.29 22.76 21.12 50.61 62.27 5327 44.83
LucidDreamer [20] (w/o LoRA) 44.46 71.37 31.24 53.23 53.97 36.86 45.51 58.93 39.66  35.72 47.10
LucidDreamer [20] (w/ LoRA) 48.45 64.62 53.98 30.16 57.31 20.60 22.45 54.23 57.39 58.30 46.75
Ours ‘ 51.68 65.13 47.23 38.59 58.42 45.15 28.63 57.12 57.55 59.25 ‘ 50.88
ProlificDreamer (vSD) RichDreamer DreamFusion (SDS) LucidDreamer (ISM) Ours

‘A delicious hamburger. "

Figure 14. Qualitative comparison with state-of-the-art methods on natural scenes. Visual results demonstrate the superior perfor-
mance of our approach.

* Scalability: Our distillation fusion (labeled ”Addi- original LoRA space. The geometric analysis re-
tion” in the charts) consistently outperforms ablation veals that our fusion strategy preserves essential direc-
fusion across all LoRA quantities, with performance tional characteristics while creating meaningful com-
advantages becoming more pronounced as complex- binations, evidenced by tighter clustering patterns and
ity increases. Our method effectively handles multi- reduced variance in principal components.

LoRA integration without suffering from interference The cross-configuration analysis reveals our fusion
effects that typically plague naive fusion strategies. method’s performance advantage over ablation fusion

* Stability: The cosine similarity scores remain stable becomes pronounced as the number of LoRAs increases.
as the number of LoRAs increases, indicating robust This suggests the benefits our approach are not merely
fusion behavior. Unlike traditional methods that ex- additive, but are amplified when tackling complex,
hibit degradation with increased complexity, our ap- high-demand fusion scenarios. These quantitative find-
proach maintains consistent performance even when ings, when combined with the comprehensive qualita-
integrating six different LoRAs. tive comparisons presented in Figure 10, provide strong

* Representational Coherence: PCA analysis shows evidence for the effectiveness and the superior general-

that our fusion maintains better alignment with the izability of our proposed LoRA fusion strategy.
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& Q: These are the results generated by seven different text-to-3D methods with the prompt "A professional
& product photo of a precision hex <nut> with bright stainless steel surface, polished metallic finish, clean hexagonal

edges.". Please rate the overall quality and details of the generated results from best to worst, and provide your
reasons. Explain in a coherent paragraph.

(a) Nut
@ Q: These are the results generated by seven different text-to-3D methods with the prompt "A highly detailed,
& industrial-grade metallic <screw> with sharp helical threading and a polished steel surface.". Please rate the overall
quality and details of the generated results from best to worst, and provide your reasons. Explain in a coherent

paragraph.

(b) Screw
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@ Q: These are the results generated by seven different text-to-3D methods with the prompt "A professional close-
& up photograph of a clear <red_LED> with transparent dome-shaped epoxy casing and visible internal semiconductor

chip". Please rate the overall quality and details of the generated results from best to worst, and provide your
reasons. Explain in a coherent paragraph.

(c) Red LED

Figure 15. LLM-based qualitative evaluation (Part 1-3).



&) Q: These are the results generated by seven different text-to-3D methods with the prompt "A professional close-
& up photograph of a clear <green_LED> with transparent dome-shaped epoxy casing and visible internal

semiconductor chip. ". Please rate the overall quality and details of the generated results from best to worst, and
provide your reasons. Explain in a coherent paragraph.

(a) Green LED
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€ Q: These are the results generated by seven different text-to-3D methods with the prompt "A detailed close-up
%o photograph of a cylindrical <resistor> body only, with blue ceramic material and black color code bands wrapped

around its surface. ". Please rate the overall quality and details of the generated results from best to worst, and
provide your reasons. Explain in a coherent paragraph.

(b) Resistor
PO @@ @B
@ Q: These are the results generated by seven different text-to-3D methods with the prompt "A photo of a great
& <bearing>. . Please rate the overall quality and details of the generated results from best to worst, and provide your

reasons. Explain in a coherent paragraph.

(c) Bearing

Figure 16. LLM-based qualitative evaluation (Part 4-6).



Q: These are the results generated by seven different text-to-3D methods with the prompt "A professional close-
up photograph of a <ceramic_capacitor> with flat rectangular ceramic body and metallic end terminals. Precision

electronic component with red ceramic dielectric material and silver terminations. ". Please rate the overall quality
and details of the generated results from best to worst, and provide your reasons. Explain in a coherent paragraph.

(a) Ceramic Capacitor
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Q: These are the results generated by seven different text-to-3D methods with the prompt "A professional
photograph of an ultra-thin flat <gasket>, circular shape with center hole, precision-engineered, stainless steel,

industrial component, extremely thin profile, sharp details.". Please rate the overall quality and details of the
generated results from best to worst, and provide your reasons. Explain in a coherent paragraph.

(b) Gasket

%
Q: These are the results generated by seven different text-to-3D methods with the prompt "A professional close-
up photograph of a precision-manufactured <nail> with smooth cylindrical shank, flat circular head, and sharp
tapered point. Polished steel construction with slight metallic sheen, high-quality hardware fastener. Studio

lighting highlighting the metallic texture and form against neutral background. . Please rate the overall quality and
details of the generated results from best to worst, and provide your reasons. Explain in a coherent paragraph.

(c) Nail

Figure 17. LLM-based qualitative evaluation (Part 7-9).
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@ Q: These are the results generated by seven different text-to-3D methods with the prompt "A professional close-
& up of a short-shaft <nut_screw> with bold, well-defined threading and a crisp hexagonal head. Polished stainless
steel surface under directional lighting reveals sharp edges and metallic texture.". Please rate the overall quality
and details of the generated results from best to worst, and provide your reasons. Explain in a coherent paragraph.

(a) Hexagonal Stud

!" } Q: Please use a short paragraph to evaluate the overall effectiveness of these seven models and rank them.

(b) Overall Comment

Figure 18. LLM-based qualitative evaluation (Part 10-11).



