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Abstract. Recent advancements in 3D generation have significantly en-
hanced the fidelity and geometric details of synthesized 3D assets. How-
ever, due to the inherent ambiguity of single-view input and the lack
of robust global structural priors–caused by limited 3D training data–
the unseen regions generated by existing models remain stochastic and
difficult to control. This often results in geometries that are either phys-
ically implausible or misaligned with user intent. In this paper, we pro-
pose Know3D, a novel framework designed to incorporate rich knowl-
edge from Multimodal Large Language Models (MLLMs) into 3D gen-
eration processes. By leveraging latent hidden-state injection, Know3D
supports language-controllable generation of the back-view for 3D as-
sets. We utilize a VLM-diffusion-based architecture: the Vision Language
Model (VLM) is used to provide high-level semantic understanding, while
the diffusion model serves as a bridge, transferring semantic knowledge
into the 3D generation model. Extensive experiments demonstrate that
Know3D effectively bridges the gap between abstract textual instruc-
tions and the geometric reconstruction of invisible regions. By trans-
forming the traditionally stochastic back-view hallucination into a se-
mantically controllable process, Know3D offers a promising direction for
highly plausible and user-friendly 3D generation in the future. Project
page: https://xishuxishu.github.io/Know3D.github.io/.
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1 Introduction

High-quality 3D assets are essential to modern workflows across gaming, film,
and embodied AI. Because manual modeling remains prohibitively labor-intensive,
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Fig. 1: We propose Know3D, a knowledge-guided 3D generation framework that en-
ables semantic control over the back-view of target objects. As shown in the coffee-cup
scene, by simply varying the text, Know3D can synthesize diverse and structurally
consistent back-view components. The bottom-row results demonstrate the potential
of our method to improve the structural plausibility of unseen parts in 3D generation.

automating 3D asset generation has become a critical challenge for the vision
and graphics communities. Recently, 3D generative modeling [5, 8, 10, 17, 20, 24,
30, 57, 59, 60, 67] has advanced at a rapid pace. These breakthroughs have sig-
nificantly enhanced both the fine-grained geometric details and visual fidelity of
3D assets.

Despite these advancements, generating 3D assets from a single image re-
mains a fundamentally ill-posed problem due to the inherent ambiguity of single-
view observations. Image-to-3D generative models [20, 59, 60] learn to map 2D
observations to 3D shape by modeling the distribution of their training data.
Since the input image only contains the information of the visible part, the syn-
thesis of invisible parts relies on the model’s internalized priors. While existing
models are capable of hallucinating the occluded back-view, the synthesis re-
mains predominantly stochastic and uncontrollable, and prone to two critical
failure modes: (1) producing outputs that deviate from the user’s creative or se-
mantic intentions, as existing models inherently lack the ability to align the unob-
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served region synthesis with user-specified semantic constraints; (2) generating
geometrically implausible structures that violate basic semantic commonsense
constraints, as shown in Fig. 1. These failure modes can be largely attributed
to data constraints. Compared to the internet-scale abundance of images, text,
and videos, 3D datasets [11, 12, 21, 68] are relatively limited in both quantity
and diversity. Consequently, the world knowledge and structural common sense
internalized by 3D generation models are naturally constrained. Further, high-
quality, semantically aligned text-3D paired data remains less abundant.

Bridging this gap requires going beyond visual priors by incorporating ad-
ditional knowledge, enabling models to infer unobserved structures from visible
evidence. In particular, modern vision-language models (VLMs) have already
learned rich semantic knowledge and commonsense reasoning from internet-scale
multimodal data. If such knowledge can be effectively transferred to 3D gener-
ation models, it may provide valuable guidance for inferring unobserved object
structures.

However, effectively prompting VLM knowledge into 3D generation presents
its own challenges. A naive approach would be to directly use LLMs or VLMs
to generate 3D representations in an autoregressive manner, as explored by re-
cent shape LLM works [14, 54, 65]. Yet, these methods have thus far underper-
formed compared to dedicated 3D generative models. Moreover, this autoregres-
sive paradigm alters the model’s pretrained knowledge priors. Forcing them into
a constrained 3D generation task disrupts their original semantic capabilities.

Another possible strategy is to directly feed VLM representations into 3D
generation networks. However, such representations are typically highly abstract
and lack explicit geometric grounding. As a result, they do not align well with
the spatially structured feature spaces required for accurate 3D shape synthesis.

To address this challenge, we propose Know3D, a novel framework that
prompts 3D generation with knowledge by leveraging the rich semantic un-
derstanding and commonsense reasoning capabilities of vision-language models
(VLMs), thereby achieving enhanced controllability and better plausibility in
3D generation. Instead of directly injecting abstract VLM representations, we
leverage a multimodal diffusion model as an intermediate bridge that translates
semantic knowledge into image-space structural priors.

Specifically, we utilize a VLM-diffusion-based model (Qwen-Image-Edit [56]),
where the VLM [2] is responsible for semantic understanding and provides guid-
ance for image generation, and the diffusion model is responsible for generat-
ing images of the unobserved parts based on this guidance. The image-space
structural priors serve as a medium to provide both semantic and structural
information, thereby enabling semantically controllable 3D generation.

Although the Qwen-Image-Edit model demonstrates strong semantic under-
standing and can generate novel views based on prompts, it has two notable
shortcomings: first, it often misinterprets spatial orientation, such as failing to
accurately generate a “back-view” of an object; second, it frequently alters the
subject’s original pose or action in the output. Thus, we fine-tune Qwen-Image-
Edit to improve the spatial awareness for better stability. Note that we annotate
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the corresponding textual description of the back-view for training to enable the
generation control of the back-view.

We explored how to use the image-space structural priors as an intermedi-
ate medium to prompt the knowledge from VLMs into 3D generation models,
experimenting with different designs for connecting them. Specifically, we ex-
perimented with (1) directly using the fully denoised VAE latent from MMDiT,
(2) decoding this fully denoised VAE latent into an image and then extracting
features via DINOv3 [41], and (3) directly using the hidden states from the inter-
mediate layers of MMDiT during the denoising process. Among these, directly
using the hidden states from the intermediate layers of MMDiT demonstrates
better spatial and semantic awareness and consequently achieves the best overall
performance.

Evaluations on HY3D-Bench [21] show that Know3D achieves competitive
performance against state-of-the-art single-view 3D generation methods in se-
mantic consistency with the conditional image. Moreover, our framework enables
language-controllable generation of unseen backside regions, as shown in Fig. 1.

2 Related Works

2.1 Native Single-view 3D Generation

In recent years, native single-view 3D generation based on diffusion models has
entered a period of rapid evolution, driven primarily by the advancement of 3D
latent representations which have converged into two dominant paradigms: the
Vector Set (VecSet) [20, 23, 25, 27–29, 66, 67, 70] approach that prioritizes global
perception and high compression rates, and the Sparse Voxel approach [17, 30,
38, 57, 59, 60, 64] that excels in local control and complex topological expres-
sion. Recent works have begun exploring the complementary fusion of these two
paradigms. For instance, some approaches employ decoupled "coarse-to-fine" re-
finement frameworks to resolve the conflict between global structure and local
geometry [8,22,24], LATTICE [24] introduces semi-structured hybrid representa-
tions that inject spatial anchors into latent sets to enhance detail fidelity. Driven
by these outstanding works, current models have achieved significant break-
throughs in both geometric and appearance fidelity. However, existing single-
view 3D generation methods still have limitations in generating unobserved re-
gions. This is mainly due to the limited information from a single view and the
constraints of 3D training data.

2.2 Text-to-3D Generation

As a groundbreaking work in text-to-3D generation, DreamFusion [36] pioneers
score distillation from pre-trained 2D diffusion models to optimize 3D assets,
with numerous subsequent works [32,33,36,44,45,55] further refining this distil-
lation pipeline for better generation performance. Native text-to-3D methods en-
able end-to-end generation directly in 3D representation spaces, with remarkable
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Fig. 2: Text annotation pipeline. Given paired front and back views of a 3D asset,
a VLM generates initial part-level descriptions.

progress achieved in recent works [27�29,57,60,69,70]. Nevertheless, the control-
lability and �ne-grained geometric accuracy of such paradigms still lag behind
those of image-guided image-to-3D approaches. Some works [7,9,14,37,40,54,65]
explored Multimodal large language models for 3D generation, yet these meth-
ods are constrained by limited representation resolution, failing to achieve high-
�delity 3D content generation.

2.3 Uni�ed Multimodal Models

Recent research has focused on uni�ed multimodal models for joint image un-
derstanding and generation. Existing methods fall into these paradigms: uni-
�ed autoregressive models [6, 15, 16, 42, 47, 50, 53, 58], uni�ed di�usion mod-
els [31,39,43,52,63], decoupled LLM-di�usion frameworks [3,4,35,56], and hybrid
AR-di�usion architectures [13,61,71]. While the 3D generation �eld has also been
progressing rapidly in recent years, its overall development timeline lags behind
that of the multimodal domain. Achieving semantic control in 3D generation re-
mains challenging due to the limitation of 3D training data, which restricts the
scale of multimodal pre-training compared to 2D domains. Furthermore, while
text descriptions are highly abstract and lack geometric constraints, 3D genera-
tion requires explicit spatial, textural, and structural priors. To bridge this gap,
we explore leveraging multimodal di�usion models as an intermediate bridge be-
tween vision-language knowledge and 3D generation. Instead of directly injecting
abstract VLM representations, we observe that the intermediate hidden states
of di�usion transformers encode rich spatial and structural information during
the denoising process.

3 Method

Overview. Given a single input image I and a textual description T of the target
object's back-view, our goal is to synthesize a complete 3D representationV. To
provide semantic cues for the unseen side, we �ne-tune Qwen-Image-Edit on
paired front-back view data to generate a plausible back-view image conditioned
on both I and T (Section 3.1). Then, we propose Know3D (Section 3.2), a
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knowledge-guided 3D generation framework that enables semantic control over
the back-view of target objects. The overall pipeline is illustrated in Fig. 3.

3.1 Semantic-Aware Front-Back View Generation

In this section, we aim to �ne-tune Qwen-Image-Edit-2511 [56] to generate rea-
sonable back-view images from a given image. Even though the Qwen-Image-Edit
model already shows a strong semantic understanding of the input image and
can generate novel view images following the prompt. It still lacks a strong spa-
tial awareness to understand the �back-view� and often generates images from
incorrect viewpoints. In addition to viewpoint inaccuracies, it also tends to alter
the subject's original pose during generation. Thus, we �ne-tune Qwen-Image-
Edit to improve the spatial awareness for better stability. Note that we annotate
the corresponding textual description of the back-view for training to enable the
generation control of the back-view.

Dataset Construction We construct the training data from high-quality 3D
assets. For each asset, we render 2N images using uniform azimuth sampling
with random elevation. We select N views as front views and pair each with its
opposite view to form front�back pairs (I front ; I back ). To enable semantic control
for back-view generation, we annotate textual descriptions for each front�back
image pair. For each front�back pair (I front ; I back ), we annotate a set of textual
descriptions for the salient components visible in the back-view. The output is
a description set D = fd 1; d2; : : : ; dm g, where eachdi describes one back-view
component, as shown in Fig. 2.

Training Strategy and Objective. To achieve stable back-view generation
with text prompt control, we design a stochastic prompting strategy and opti-
mize the model using the Conditional Flow Matching (CFM) objective [34,49].

Stochastic Prompt Construction. To enable controllable generation, we construct
the conditioning prompt:

P = P view � P back ; (1)

Pview is a �xed prompt describing the 180� camera rotation, while Pback is ran-
domly sampled from the component-level description set D with probability 0:5.
This stochastic prompting strategy enables the model to learn both uncondi-
tional back-view generation and semantically controlled generation.

Training Objective. Following Qwen-Image-Edit [56], we extract multimodal hid-
den states H vlm = Qwen2.5-VL(I front ; P ) from the vision-language model [2],
and obtain the spatial latent condition Z front = E(I front ) via a VAE encoder [51]
E. Let Zback = E(I back ) denote the target latent of the back-view. Given a noisy
latent Z t = (1 � t)Z back + t� at timestep t 2 [0; 1], the vector �eld estimator
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Fig. 3: Overview. Given an input image and a text prompt, Know3D leverages
Qwen-Image-Edit-2511 [56], which integrates Qwen2.5-VL with a Di�usion Trans-
former (DiT). Qwen2.5-VL [2] encodes the multimodal inputs to guide a latent de-
noising process, enabling semantically aligned backside generation. The latent hidden
states from intermediate DiT layers, which embed rich semantic and structural priors,
are subsequently injected as conditioning signals into the 3D generation model to guide
complete shape synthesis.

v� is optimized to predict the velocity �eld via the Conditional Flow Matching
objective [34,49]:

L CFM (�) = E t;Z back ;� kv� (Z t ; t; H vlm ; Z front ) � (� � Z back )k2
2: (2)

3.2 Prompting 3D Generation with VLMs

In this section, we introduce how to use image features as an intermediate
medium to prompt knowledge from vision-language models (VLMs) for 3D gener-
ation models. The more straightforward approach is to directly inject the images
generated by Qwen-Image. However, this process involves VAE decoding and the
re-extraction of features by DINOv3 [41], making the work�ow relatively cumber-
some. Moreover, it relies on high-precision pixel-level restoration. If the quality of
the generated images is insu�cient, erroneous results will directly impact the 3D
generation process. An ideal feature should possess the following characteristics:
(1) su�cient spatial awareness to facilitate learning by 3D generation models,
and (2) a certain degree of semantic awareness and robustness. We found that
the hidden states of the intermediate layers of MMDiT inherently possess strong
spatial awareness and rich semantic information [19,26], enabling them to better
guide 3D generation.

Knowledge Extraction and Prompting. Qwen2.5-VL [2] encodes the input
front-view image and text prompt into high-level semantic features, while the
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VAE encoder extracts visual features from the front-view input. These repre-
sentations guide the MMDiT through the full iterative denoising process. We
extract intermediate latent hidden states from n MMDiT layers at a speci�c
denoising timestep t [1,19,46], and concatenate these layer-wise features to form
the structural-semantic conditioning signal HDiT = Concat(h (1) ; h(2) ; : : : ; h(n) ).

Building upon TRELLIS2 [59], we design a parallel cross-attention branch
for HDiT injection. We retain the backbone's original self-attention and image-
conditioned cross-attention layers intact to avoid interference with pre-trained
3D generation priors. HDiT is �rst linearly projected and then layer-normalized
to obtain the projected feature H 0

DiT , which serves as keys and values for the
new cross-attention layer. Its output is scaled by a zero-initialized linear layer
for stable training. The modi�ed residual fusion process is formulated as:

Fsa = Self-Attn(F );

�F img = Cross-Attn(F sa; Fimg ; Fimg );

�F dit = ZeroLinear(Cross-Attn(F sa; H 0
DiT ; H 0

DiT ));

Fout = F + �F img + �F dit :

(3)

3D Geometry Generation With the structural-semantic signal HDiT and
front-view feature Ffront as dual conditioning signals, our 3D generation follows
the two-stage paradigm of TRELLIS2 [59]:

Vss = D ss (Gss (z; �; F front ; HDiT )) ;

Vgeo = D geo (Ggeo (z; �; F img ; HDiT j Vss)) ;
(4)

where z is standard Gaussian noise,� is the di�usion timestep. The �rst stage
generates a coarse sparse structureVss to model the global topological prior, and
the second stage recovers high-�delity �ne geometryVgeo conditioned on Vss.

Training Objective. Both stages are optimized with the Conditional Flow
Matching (CFM) objective [34,49],

L 3D = E �;x 0 ;� kv� (x � ; �; F img ; HDiT ) � (� � x 0)k2
2; (5)

where x0 is the ground-truth 3D geometric latent, and � � N (0; I) is standard
Gaussian noise.

4 Experiments

4.1 Experiment Setup

Dataset. For Semantic-Aware Front-Back View Generation Training, we use 5k
high-quality 3D assets selected from the TexVerse dataset [68]. For each asset,
the �eld of view (FoV) is sampled from f35 � ; 50� ; 85� ; 105� ; 135� g and eleva-
tion from [�15 � ; 45� ], with both �xed per asset but randomized across assets.
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We render 12 uniformly spaced azimuthal views over 360� per mesh, forming
6 front-back pairs, and annotate all of them. For 3D generation training, we
use 60k meshes from TexVerse. For each mesh, we render two sets of views:
a perturbation-free set and a perturbed set. In the perturbation-free set, az-
imuth views are spaced every 45° and grouped into four front�back pairs. In
the perturbed set, we apply random FoV scaling and small angular o�sets to
simulate viewpoint perturbations, forming four perturbed pairs. For evaluation,
we conduct quantitative analysis and comparisons with baselines on the HY3D-
Bench [21] dataset. For the ablation study, we randomly selected a subset of 100
3D assets in TexVerse [68] dataset that not in our training data.

Training Details. In Semantic-Aware Front-Back View Generation, we adopt
Qwen-Image-Edit-2511 [56] as our foundational pre-trained model, and �ne-tune
it using Low-Rank Adaptation(LoRA) [18]. All experiments are conducted on
32 NVIDIA A800 GPUs with a global batch size of 32. We set the rank of the
LoRA adapter to 64 for all trainable attention layers of the backbone model.
For 3D generation, we freeze the parameters of the pre-trained Qwen-Image-
Edit-2511 [56] to preserve its generalizable visual priors. For the original Trellis2
network, we apply LoRA [18] �ne-tuning with a rank of 64. In contrast, the
newly added condition layers, which are designed to integrate semantic-aware
front-back view signals, are fully �ne-tuned to ensure e�ective modulation of the
3D generation process. This stage is trained on 32 NVIDIA A800 GPUs with a
global batch size of 64.

Metrics. To compare with baseline, we use ULIP [62] and Uni3D [72] to measure
the semantic consistency between images and generated meshes. For the ablation
study, we only trained the �rst stage (sparse voxel generation). Therefore, we
evaluate the performance using IoU and Chamfer Distance (CD).

4.2 Generation Controllability and Quality

In this section, we present a comparison of Know3D with current state-of-the-art
methods, as well as a qualitative analysis of its semantic controllability.

Comparison with Baselines. We evaluate the generation quality of Know3D
by comparing with single- and multi-view 3D generation methods.

Comparison with Single-Image-to-3D Generation Methods. We conduct compar-
ative experiments with several state-of-the-art, open-source single-image-to-3D
generation methods, including Hunyuan3D-2.1 [20], TRELLIS.2 [59], TREL-
LIS [60], Step1X-3D [28], Hi3DGen [64], and Direct3D-S2 [57]. As shown in
Tab. 1, Know3D achieves competitive ULIP and Uni3D scores, indicating e�ec-
tive semantic alignment between the generated meshes and input images. Fig. 6
presents the qualitative comparison of back-view geometry between Know3D
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