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Abstract

The three-dimensional bin packing problem (3D-BPP) is a challenging NP-hard1

task with real-world applications in logistics and manufacturing. Traditional ap-2

proaches rely on manually designed heuristics and lack flexibility in handling3

complex, customizable preferences. We introduce a diffusion-based offline frame-4

work that operates in a continuous solution space and supports test-time integration5

of human preferences. We utilize pretrained large language models (LLMs) as6

preference interpreters and interaction mediators. LLMs can help understand and7

interpret natural language preferences into guidance functions and inpainting rules.8

Our method enables zero-shot adaptation to user-defined requirements, achieving9

efficient, high-quality packing without retraining. We view this as a step toward10

agentic systems that unite multimodal planning and human-AI collaboration for11

real-world decision-making tasks.12

1 INTRODUCTION13

The regular three-dimensional bin packing problem (3D-BPP) is a fundamental and challenging14

combinatorial optimization problem. It involves packing a set of cuboid-shaped items into bin(s),15

usually optimizing for high packing density. This problem is crucial in various industries, including16

logistics, manufacturing, and supply chain management. Practical applications require not only high17

packing density but also support for safety considerations and user preferences. For instance, A18

warehouse manager may require fragile glassware to be placed above sturdier items like books to19

prevent breakage. They may also prefer glassware to be grouped for easier handling. Such mixed20

scenarios are vital in practice but hard to model in traditional methods.21

A classical 3-D Bin Packing Problem (BPP) involves arranging multiple cuboid items within bin(s)22

while satisfying constraints such as avoiding overlaps and staying within bin boundaries. The23

objective of bin packing typically involves maximizing the utilization rate (UR) [Martello et al.,24

1998]. The Bin Packing problem has two popular forms: 1) Online: items arrive sequentially and25

decisions must be made quickly with a relatively limited action space, and 2) offline: where all items26

are known in advance, allowing for global optimization but significantly expanding the planning27

space, requiring consideration of both the item sequence and their placement positions. Incorporating28

human preferences introduces additional complexity. Our work targets offline packing into a single29

bin, guided by user preferences communicated in natural language.30

Exact methods, such as the branch-and-bound [Schepler et al., 2022], solve the Bin Packing Problem31

via mixed-integer programming, yielding optimal solutions given enough time. However, they become32

painstakingly slow when scaling and are challenging to adapt to incorporate custom preferences.33

Consequently, the field has largely relied on heuristic and approximation algorithms. Although34

numerous approaches have been proposed [Dósa, 2007], [Johnson, 1974], their effectiveness is35

limited due to local decision-making. Conventional heuristics typically treat problem instances36
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in isolation, overlooking shared structural patterns. Moreover, their rigid, handcrafted rules and37

dependence on discrete placement spaces make it difficult to accommodate custom preferences. These38

limitations highlight the strong need to exploit such patterns through data-driven and learning-based39

methods.40

Learning-based 3D bin packing methods [Zhao et al., 2022a] outperform traditional approaches under41

complex constraints like stability. Deep RL has been applied to offline 3D BPP by decomposing42

it into sequencing and placement tasks [Zhang et al., 2021]. However, RL methods are difficult43

to train due to the large continuous action space and face two key challenges: designing effective44

reward functions and balancing exploration with exploitation. Supporting custom packing preferences45

often requires retraining, and models usually adapt only to preferences seen in the training data.46

While stability is well studied, preferences such as placing fragile items on top or grouping similar47

items are still difficult to model. Constraint-aware training can help, but generalizing to new, unseen48

preferences remains a challenge.49

Recently, Diffusion models [Ho et al., 2020] have been applied to combinatorial optimization50

problems, including the Travelling Salesman Problem and Maximum Independent Set [Sun and Yang,51

2023], [Sanokowski et al., 2024]. Building on these advances, we propose learning the distribution of52

complete packing configurations directly from supervised data. We formulate the 3D Bin Packing53

Problem as a conditional generation task, where a diffusion model predicts the joint positions of all54

cuboids given their dimensions. This differs from most learning-based methods, which typically55

decompose the offline problem into two separate stages: Sequence selection followed by Position56

prediction. Diffusion models also offer practical advantages, including simpler training compared to57

reinforcement learning approaches. While diffusion models effectively capture overall arrangement58

and order, they lack placement accuracy(see Fig.2). We employ keypoints as projection guides to59

ensure feasible placements. Our method combines diffusion-based generation with keypoint-guided60

projections to produce valid packing configurations. We train on the cutting stock dataset [Laterre61

et al., 2018], and we show that the trained model generalizes well to other data distributions. Moreover,62

as demonstrated in Section X, our method handles complex user preferences at test time without63

constraint-specific training.64

While LLMs are effective at understanding natural language and decomposing complex tasks, they65

are not well-suited for direct application to NP-hard problems such as bin packing. This is due to66

the very large optimization space and the strict constraints involved. Instead, we use their strengths67

in language understanding, problem formulation, and code generation to translate user preferences68

into optimization objectives. These objectives are then passed to a diffusion-based planner, allowing69

preferences to be added flexibly at test time.70

Our key contributions are:71

• A novel bin packing planner that uses diffusion models to predict the object placement72

directly to ensure feasible and valid packings.73

• A flexible framework for integrating human preferences directly at inference, and74

• We enable natural language–based packing by integrating large language models, making75

this the first bin packing approach with a natural language interface, to our knowledge.76

2 Related works77

2.1 Offline Bin Packing78

Exact Methods and Heuristics-based Approaches:79

Classic algorithms such as those by [Martello and Toth, 1992], [Lysgaard et al., 2004] systematically80

explore the search space, pruning branches based on bounds to find near-optimal solutions. Integer81

Linear Programming (ILP): ILP-based techniques have been utilized since [Dyckhoff, 1981], with82

more recent improvements by [Cambazard and O’Sullivan, 2010] and [Salem and Kieffer, 2020].83

[Crainic et al., 2008] proposed a heuristics-based method where each new item is placed at container84

corners (“extreme points”), aiming to maximize space utilization. [Fanslau and Bortfeldt, 2010]85

introduced block-building strategies, wherein items are combined into rectangular blocks, which are86

subsequently stacked to improve packing efficiency. Diverse strategies such as genetic algorithms,87

tabu search, and guided local search (e.g., [Faroe et al., 2003]; [Crainic et al., 2009]; [Kang et al.,88
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2012], [Prasetyo et al., 2018]) have addressed the combinatorial complexity by exploring solution89

spaces using stochastic or adaptive rules. Due to the complexity of exact methods, heuristics are used,90

but they are rigid and poorly adapted to custom preferences. Our approach uses a learning-based91

framework in continuous space, enabling constraint integration at test time.92

Learning based Methods:93

[Hu et al., 2017] proposed a two-stage method combining deep reinforcement learning for packing94

order and heuristics for placement. This decomposition strategy has since been widely adopted in95

subsequent studies (e.g., [Duan et al., 2019]; [Hu et al., 2020]; [Zhang et al., 2021]). Ranked Reward96

(RR) [Laterre et al., 2018] applies self-play reinforcement learning on the full combinatorial action97

space. [Jiang et al., 2021] have proposed a multimodal architecture for offline BPP. More recently,98

[Boliang et al., 2024] integrated generative adversarial networks (GANs) with genetic algorithms to99

enhance exploration–exploitation balance. All of these approaches treat packing order and placement100

as separate subproblems, which constrains their capacity for joint preference optimization. Moreover,101

they typically employ masking strategies to restrict the action space. In contrast, our diffusion-based102

framework predicts item positions directly, enabling more effective utilization of the continuous103

action space. Recent works such as [Liu et al., 2023], [Wei et al., 2023], and [Wu et al., 2022] show104

that diffusion models can implicitly learn spatial layouts for object rearrangement. [Xue et al., 2023]105

and [Xue et al., 2024] apply diffusion to 2D irregular packing via learned gradient fields, but neither106

extends to full 3D bin packing nor incorporates human preferences.107

2.2 Bin Packing with Custom Preferences108

Most prior work on bin packing emphasizes geometric compactness, with some addressing stability,109

load balancing, or stacking preferences. Rule-based methods impose precedence or hierarchy110

constraints for items to be packed into different bins [Wojciechowski et al., 2024] or use mixed-111

integer programming for load balancing [Erbayrak et al., 2021]. Learning-based approaches have112

been utilized to encode these preferences. [Zhu et al., 2024] employs an encoder–decoder model113

along with branching for stacking constraints. [Zhao et al., 2022b] uses reinforcement learning for114

online bin packing with stability constraints using packing configuration trees. [Yang et al., 2023]115

incorporates preferences via energy functions but scales only to small 3D cases(5- 6 objects). These116

methods are rigid, requiring retraining for every new preference. In contrast, our framework flexibly117

integrates diverse human preferences at test time without any retraining.118

3 Methodology119

We address offline bin packing in a single container, representing placements by cuboid centroids.120

Orientations are not considered, and all cuboids are assumed to be axis-aligned. The objective is121

to place all cuboids, given their dimensions (l1, w1, h1), (l2, w2, h2), . . . , (lN , wN , hN ), into the bin122

(L,W,H) such that: 1) every cuboid lies entirely within the container, and 2) no two cuboids overlap.123

We model the bin packing problem as a conditional generation task, in which centroids are produced124

based on their dimensions. All cuboid centroids are determined jointly using a diffusion-based125

optimization process. Importantly, the training process does not involve explicit reward optimization;126

instead, the model learns to generate placements by imitating teacher-provided data.127

3.1 Diffusion Model For Our Approach128

Diffusion models transform a sample from a data distribution x0 ∼ q(x0) into white Gaussian129

noise via a forward Markovian diffusion process q(xt|xt−1, t) = N (xt;
√
1− βtxt−1, βtI), where130

t = 1, . . . , T is the diffusion time step, N is the total number of steps, and βt denotes the noise scale131

at time step t.132

The marginal distribution of the diffusion process at time t can be expressed in closed form as133

q(xt|x0, t) = N (xt;
√
ᾱtx0, (1− ᾱt)I), where αt = 1− βt and ᾱt =

∏t
i=1 αi. This closed form134

enables direct sampling of noisy centroid positions xt without running the full forward process. The re-135

verse process aims to recover the centroid distribution by transforming Gaussian noise back into struc-136

tured centroid sets through a learned denoising model: p(xt−1|xt, c, t) ≈ N (xt−1;µθ(xt, c, t),Σt),137

where only the mean µθ is learned, and the covariance is fixed as Σt = β̃tI , with β̃t =
βt(1−ᾱt−1)

1−ᾱt
.138

Following [Ho et al., 2020], instead of learning the posterior mean directly, the model is trained to139
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Figure 1: Overview of the proposed framework. (1) Training: The diffusion model learns to denoise
cuboid centroids with MSE loss. (2) Inference: Candidate packings are generated through iterative
denoising, projection, and inpainting. (3) Preference Integration: User preferences expressed in
natural language are translated by an LLM into cost functions and inpainting rules. (4) Denoiser
Architecture: Attention-based network enabling permutation-invariant packing.

predict the noise ε, with the mean expressed as µθ(xt, c, t) =
1√
αt

(
xt − 1−αt√

1−ᾱt
εθ(xt, c, t)

)
, and140

optimized using the simplified objective L(θ) = Et,ε,x0

[
∥ε− εθ(xt, c, t)∥22

]
, where t ∼ U(1, N),141

ε ∼ N (0, I), and xt =
√
ᾱtx0 +

√
1− ᾱtε.142

The sampling step in the reverse diffusion process refers to iteratively drawing samples from p(xt−1 |143

xt, c, t) until we reach x0.144

xt−1 =
1
√
αt

(
xt −

1− αt√
1− ᾱt

εθ(xt, c, t) +

√
β̃t z

)
(1)

We model each packing instance using a conditioning vector c = {c1, c2, . . . , cN}, where ci ∈ R3145

encodes the dimensions of the i-th cuboid, and a data sample x0 = {p1,p2, . . . ,pN}, where pi ∈ R3146

denotes its centroid. We employ an attention-based architecture that treats each cuboid as a token,147

enabling the denoiser to capture global contextual information. The training and inference pipelines148

are illustrated in Fig. 1:1&2, and the denoiser architecture is shown in Fig. 1 3.149

3.2 Diffusion-Guided Packing With Projections150

While diffusion models effectively generate content aligned with the data distribution, enforcing151

strict predefined constraints remains challenging due to their inherent stochasticity. Training on152

constraint-satisfying data may help, but it does not ensure constraint adherence. Projected Diffusion153

Models[Christopher et al., 2024] address this by introducing a projection operator,154

PC(x) = argmin
y∈C
∥y − x∥22,

which maps a point x to its nearest feasible counterpart in the constraint set C. To maintain feasibility,155

each sampling step from Eq. 1 during the inference step is modified as:156

xt−1 = PC

(
1
√
αt

(
xt −

1− αt√
1− ᾱt

εθ(xt, c, t) +

√
β̃t z

))
(2)
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Figure 2: Step-by-step 2D illustration of projection using key-
points. Keypoints are shown in green, projected cuboids in dark,
and remaining cuboids in light.

While [Christopher et al., 2024]157

uses a gradient-based projection,158

we introduce a projection opera-159

tor that adjusts predicted place-160

ments to the nearest valid pack-161

ing keypoints. Such keypoints,162

widely used in the literature (e.g.,163

corner-point [Martello et al.,164

2000], extreme-point [Crainic165

et al., 2008]), guide towards166

collision-free placements within167

the container. The projec-168

tion function incrementally ar-169

ranges cuboids to avoid overlaps170

while respecting inpainting pref-171

erences. It begins by placing the172

cuboid closest to the origin at the173

coordinate (0, 0, 0). Subsequent cuboids are positioned iteratively: for each unplaced cuboid, a174

set of candidate points is generated from the already placed cuboids. These candidates are then175

filtered through feasibility checks, ensuring they satisfy spatial constraints and user-defined inpainting176

rules. Among the feasible options, the cuboid is projected to the location that remains closest to177

its originally predicted centroid. This process repeats until all cuboids are assigned or no valid178

configuration exists. Section 4.4 provides an analysis of keypoint strategies. A simplified 2D example179

using corner-point heuristics as a key point proposal is shown in Fig. 2. For a detailed algorithm,180

check the supplementary(Algorithm 1).181

3.3 Selection and Pruning182

We sample multiple cuboid configurations by iteratively refining them, removing predicted noise at183

each step using a trained diffusion model. The projection operator ensures that cuboids fit inside184

the unit cube without overlapping. We found that applying the projection operator only during the185

last step of the diffusion process gives the best results in practice(Refer to 4.4). After the final step,186

each configuration is evaluated using two metrics: support area (indicating physical plausibility)187

and packing density (measuring space efficiency). Configurations violating spatial feasibility or188

inpainting preferences are pruned, and the best ones are selected based on high support area and189

utilization rate. The complete algorithm is detailed in 2.190

3.4 Applying preferences for Human-Guided Bin Packing191

Diffusion models enable the integration of custom cost functions during sampling. A straightforward192

mechanism for imposing hard constraints is inpainting, where regions subject to fixed preferences193

are overwritten after each denoising step. This operation can be expressed as194

xt−1 = (1−M)⊙ x̃t−1 +M⊙ y0, (3)

where M is a binary mask that specifies which cuboids are associated with hard inpainting constraints,195

ensuring that their values are preserved during the diffusion process. x̃t−1 is the unconstrained output196

from the diffusion update, and y0 denotes the reference values used to enforce the hard constraints.197

Another popular approach is to guide the sampling towards optimizing a specific cost function.198

Following the motion planning diffusion framework [Carvalho et al., 2023], the transition probability199

from xt to xt−1, conditioned on time t and cost O, given as,200

log p(xt−1 | xt, t, O) = logN (z;µt +Σtg,Σt), (4)

where the guidance term g = ∇xt−1 log p(O | xt−1)
∣∣
xt−1=µt

is the gradient of the log-likelihood of201

the cost O with respect to xt−1, evaluated at xt−1 = µt.202

Assuming the cost functions ci ∈ O are locally differentiable, the guidance term g becomes:203
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g = −
∑
i

λi∇xt−1ci(xt−1)
∣∣∣
xt−1=µt

, (5)

where λi are scalar weights for each cost, and the costs ci are differentiable with respect to the204

trajectory. We combine both methods described above and apply custom human preferences by205

combining in-painting for hard preferences and cost functions for soft preferences.206

3.5 Test-time preference integration using LLMs207

We enable user preferences to be expressed in natural language. Using LLMs, these preferences are208

translated into formal constraints and cost functions, which are then integrated into the diffusion-209

based planner. Our approach proceeds as follows: users specify preferences (e.g., “Cuboid 1 should210

be on top of Cuboid 4” or “heavier cuboids should be at the bottom”). The LLM, prompted with211

these constraints and general instructions, generates Python code encoding both cost functions and212

inpainting rules (Eq.3). Preferences are then represented in two forms: Hard preferences, enforced213

through inpainting after each denoising step using in-painting rules, and Soft preferences, expressed214

as differentiable cost functions for gradient-based guidance (Eq. 4 & 5). Candidate solutions produced215

by the diffusion model are presented to the user. If a solution does not meet user expectations, the216

instructions can be refined, and the LLM updates the cost functions and inpainting rules, as shown in217

Fig. 1 (3). Prompts used can be found in Appendix A.4.2 & A.4.1 and example generation by LLM218

can be found in Appendix A.3 & A.2. We run all experiments with GPT-4o, fixing the temperature at219

0.2.220

4 Experiments and Results221

In this section, we present a thorough analysis of our proposed approach. Our evaluation is structured222

to address the following key questions:223

1. Does the proposed approach generate valid and space-efficient packing configurations?224

2. How effectively can it incorporate custom constraints specified at test time?225

3. What is the contribution of the Diffusion backbone and projections in the overall pipeline?226

4.1 Dataset227

Public benchmarks for 3D bin packing are limited and often lack cognitive relevance. To evaluate228

our approach, we use two widely recognized datasets: the Cutting Stock Dataset (CSD) and the229

Randomly Sampled Dataset (RSD). All cuboid dimensions are normalized relative to the container230

size (1, 1, 1) to ensure generalizability across different container configurations.231

Cutting Stock Dataset (CSD): Following Laterre et al. (2018), Section 3.2, we generate spatially232

efficient layouts by recursively splitting the container into smaller cuboids, with a bias toward longer233

dimensions and a minimum size constraint. We train on this dataset. Notably, CSD allows for a 100%234

occupancy upper bound, providing a clear benchmark for evaluating packing efficiency. CSD-16 and235

CSD-32 denote datasets with 16 and 32 cuboids, respectively. We employ variable container splits236

(with cutting dimensions selected from 1–10) to ensure the model learns efficient packing rather than237

simple filling.238

Randomly Sampled Dataset (RSD): To assess generalization, we evaluate on an unseen dataset of239

randomly sampled cuboids, not used during training. Each cuboid dimension is uniformly sampled240

from the integer range [2, 5], within a container of size 10 × 10 × 10. To avoid trivial packing241

configurations, we constrain the sampled cuboid dimensions such that min(L,W,H)
10 ≤ lt, wt, ht ≤242

min(L,W,H)
2 . The dimensions are then normalized to fit within the unit container (1, 1, 1). RSD-16243

and RSD-32 denote packing sequences containing 16 and 32 sampled cuboids, respectively.244

4.2 Model details and Training245

We adopt a standard DDPM framework with cosine variance schedule, where the denoiser predicts246

added noise at each diffusion step and is trained via mean squared error against the true noise. Inputs247
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Table 1: Performance comparison across different methods and settings. Each setting reports
Utilization Rate (UR) and the number of stable configurations generated (SCG). Diffusion-CP, -EP,
and -EMS correspond to our approach with CP, EP, and EMS projection functions.

Method CSD-16 CSD-32 RSD-16 RSD-32

UR SCG UR SCG UR SCG UR SCG

Heuristic
First Fit (EP) 56.5±0.4 100.0 48.2±0.6 100.0 44.0±0.2 100.0 44.7±0.2 100.0
Best Fit (EP) 55.0±0.9 100.0 54.4±1.0 100.0 58.6±0.1 100.0 67.3±0.2 100.0
Key Point 60.7±1.0 100.0 60.1±1.2 100.0 63.0±1.1 100.0 79.9±0.3 100.0
DBLF 59.1±0.2 100.0 58.6±0.4 100.0 61.1±0.1 100.0 69.1±0.1 100.0

Learning-based
BRKGA 52.6±0.9 100.0 51.2±1.0 100.0 67.4±0.2 100.0 71.1±0.2 100.0
DBLF + GA 61.3±0.4 100.0 56.4±0.5 100.0 68.5±0.3 100.0 77.5±0.1 100.0
Diffusion-CP 86.2±0.4 99.7 70.8±0.7 99.6 65.5±0.2 98.6 75.7±0.1 99.6
Diffusion-EP 89.3±2.7 99.8 79.2±2.5 98.9 65.5±1.7 99.3 79.7±0.8 98.8
Diffusion-EMS 89.3±2.6 99.1 80.2±0.1 99.8 69.0±1.5 99.9 81.0±0.3 99.3

consist of cuboid centroids and dimensions, together with the diffusion timestep. Our backbone is a248

modified DiT, adapted to structured 3D inputs for the packing task. Each cuboid is represented by249

its corner vertices, while dimensions are separately embedded and injected through cross-attention250

at every block, enforcing geometric consistency. Temporal embeddings are incorporated through251

sinusoidal encodings and FiLM modulation [Perez et al., 2018], enhancing temporal awareness across252

layers. The network outputs denoised centroids via a shared MLP head, with no positional encoding253

applied to preserve permutation invariance. The model comprises six DiT layers with hidden size 256254

and eight attention heads. Each cuboid is converted to eight corner vertices, flattened, and projected255

via a linear layer. Dimension embeddings act as key–value pairs in cross-attention layers, providing256

geometric conditioning throughout the network. Sinusoidal timestep embeddings γ(t) are added to257

token embeddings and used for FiLM modulation, applying learned scaling and bias parameters to258

normalized activations. Training is conducted on 1M samples for 500k steps using AdamW (learning259

rate 3 × 10−5, batch size 2048). We use 500 training diffusion steps and 250 inference steps. At260

inference, 128 candidate sequences are generated via DDPM sampling, followed by pruning and261

selection (see Sec. 3.3). The model predicts denoised centroids independently for each cuboid token262

through a shared MLP head. All experiments are performed on an Intel i9 CPU with an RTX 6000263

Ada GPU (48 GB VRAM). An overview of the architecture is shown in Fig. 1(4). Unless noted264

otherwise, we adopt a 70:10:20 split for train, validation, and test sets.265

Figure 3: Packing results for up to 32 cuboids Our method aims to produce compact arrangements,
even when the total cuboid volume does not fully span the container, yielding dense configurations.
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Figure 4: Packing results with human-defined preferences Panels A and B apply hard preferences
via inpainting, while Panels C and D use guidance functions to steer the packing process iteratively.
We present a limited set of cuboids here to keep the illustration clear and concise.

4.3 Evaluation266

This subsection focuses on two aspects: (i) the effectiveness of DiffusionPack as a bin-packing267

planner, and (ii) its ability to integrate preferences into planning. We evaluate our method on two268

subsets (see Subsection 4.1): an unconstrained setting measuring utilization rate, and a constrained269

setting emphasizing human-imposed preferences. Utilization rate as UR =
∑N

i=1 Vi

Abase·Hmax
, where Vi is270

the volume of cuboid i, Abase is the container base area, and Hmax is the maximum packing height.271

Each evaluation set contains 1000 sequences, and results are averaged over 2 random seeds. We also272

report the number of stable generations(SCG) (where the support area for each cuboid must be >70/273

4.3.1 3D bin packing without preferences274

We compare our method against heuristics, genetic algorithms, and learning-based approaches (Ta-275

ble 1). Our method effectively learns global packing layouts across both full and partial sequences(Fig.276

3, highlighting its ability to capture features critical for global optimization. Our method outperforms277

or matches most baselines. CSD provides a more reliable benchmark, as all items are guaranteed278

packable, unlike RSD, which may include infeasible sequences. Results are reported for 16 and 32279

cuboids to evaluate the generalization variable number of cuboids.280

4.3.2 3D bin packing with custom human preferences281

We evaluate our method’s ability to integrate custom preferences, defining success by constraint282

satisfaction. Using 100 unseen samples in each dataset from 4.1, we test zero-shot generalization283

across diverse constraint scenarios. This set includes human preferences, such as preferred placement284

regions, heavier items at the bottom, grouping similar items, and avoiding stacking on fragile ones.285

It also includes relative spatial constraints like proximity, alignment, and separation. Quantitative286

results are in Table 2. Fig. 4(A&B) show hard constraint enforcement, while (C&D) illustrate results287

guided by soft preferences.288

Table 2: Performance on constraints dataset

Dataset Success Rate (%) Utilization Rate (%)
CSD-16 81% 70.4± 1.1
RSD-16 72% 61.2± 2.0
CSD-32 76% 69.6± 1.8
RSD-32 68% 52.3± 2.2

Table 3: Ablations on projection after diffusion steps

Method CSD-16 CSD-32 RSD-16 RSD-32
Last-2 steps 83.2± 3.7 60.6± 3.7 64.3± 1.8 74.2± 0.4
Last-5 steps 70.4± 1.8 51.4± 0.2 62.3± 1.1 69.3± 0.6
Last-10 steps 61.1± 0.5 44.3± 1.3 58.2± 1.3 63.2± 0.0
Each step 51.0± 0.2 41.0± 4.2 54.1± 2.3 59.5± 2.3
Final step 87.3± 0.2 70.8± 4.2 64.9± 1.8 75.5± 0.1

4.4 Ablation Studies289

Additional ablation studies are conducted to thoroughly analyze the impact of various components in290

our method. These components include the effect of the projection operator. When and how many291

times to apply the projection operator (Table 3). Also, we explore different keypoint generating292

methods that can be used for the projection operator (Table 1).293
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Ablations on Projection Operator294

1. Every step: Apply projection at all t.295

2. Last k steps: Apply projection for t ∈ {T − k + 1, . . . , T}296

3. Final step only: Apply projection only at t = T .297

For these ablations, we adopt EMS as the projection operator. Applying projection at every step298

biases the sampler, reduces diversity, and overconstrains placements, resulting in lower densities.299

Applying projection from the beginning is less sensible because early in sampling, cuboid positions300

have a large variance. The late-projection strategy aims to let the diffusion model explore broadly,301

and then perform small, local feasibility corrections once samples are near-converged. Projection302

during the last k steps may disrupt the diffusion process by pushing samples outside the Markov chain303

distribution. Restricting projection to the final step preserves guidance from the diffusion process304

while providing valid corrections with minimal interference.305

Variants of projection-point selection.306

We evaluate the effect of different selection strategies for candidate projection points (used inside the307

projection operator). We explore the following methods for getting the keypoints.308

1. Corner points(CP): Points are axis-aligned corners generated from already-placed309

cuboids.[Martello et al., 2000]310

2. Extreme-point (EP): Points formed by surfaces of already placed cuboids and container311

boundaries. [Crainic et al., 2008]312

3. Empty Maximal Space (EMS): Candidate placements are proposed within the set of313

maximal empty spaces, defined as the largest axis-aligned rectangular regions that remain314

unoccupied after previous placements.[Ha et al., 2017]315

EMS proves most effective as a projection operator, likely due to guidance towards unoccupied316

regions. This property is often exploited in heuristic methods. In contrast, CP and EP are not that317

efficient: EP explores fewer waypoints, while CP behaves greedily, restricting placements to corner318

alignments.319

4.5 Discussion and Limitations320

The strong performance of our hybrid approach is an outcome of combining the global planning321

strength of diffusion models with the precision of heuristic-based projection. Diffusion models322

capture overall order and placement distribution but lack fine-grained accuracy. Heuristics, while323

suboptimal alone, offer fast, valid placements aligned with container boundaries. Together, they yield324

more effective results than either method individually. Additionally, the continuous nature of diffusion325

enables flexible constraint integration. However, the method has limitations. Training becomes costly326

when scaling beyond 32 items, making scalability a key area for future work. In addition, LLM-327

generated costs may be incorrect or non-differentiable, leading to suboptimal handling of preferences.328

Performance also depends on how users phrase instructions, and conflicting constraints can prevent329

all requirements from being satisfied.330

5 Conclusion331

We propose a diffusion-based bin packing framework that directly generates feasible, constraint-aware332

layouts with support for custom human-defined rules. Unlike two-stage methods, our permutation-333

invariant model learns global layouts end-to-end. The ability to adapt to new preferences in a334

zero-shot manner without retraining is a key contribution. This makes the approach well-suited for335

dynamic, real-world applications where user requirements can change frequently. This work serves336

as a proof of concept, with future directions including scaling to more objects, supporting a wider337

range of preferences, and benchmarking against stronger baselines.338
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A Technical Appendices and Supplementary Material467

A.1 Algorithms468

Algorithm 1 PROJECTION FUNCTION OUTLINE

Require: C ∈ RBS×L×3 (centroids), D ∈ RBS×L×3 (dimensions), P = inpainting preference set
Ensure: Ĉ ∈ RBS×L×3 (adjusted centroids, no overlaps)

1: Initialize Ĉ← 0
2: for b ∈ {1, . . . , BS} do
3: B ← ∅ ▷ Placed cuboids set
4: U ← {1, . . . , L} ▷ Unplaced indices
5: Place initial cuboid:
6: i∗ ← argmini∈U ∥Cb,i∥2
7: Ĉb,i∗ ← (0, 0, 0)
8: B ← B ∪ {i∗}, U ← U \ {i∗}
9: Place other cuboid:

10: while U ̸= ∅ do
11: Q ← candidate points generated from B
12: F ← SelectFeasible(Q)
13: for j ∈ U do
14: for q ∈ Q do
15: p← ProjectCuboid(j,q)
16: if p respects P then
17: F ← F ∪ {(j,p, ∥p−Cb,j∥2)}
18: end if
19: end for
20: end for
21: if F is empty then
22: Mark remaining U as unplaceable
23: break
24: else

▷ Select cuboid j∗ with minimal distance d
25: (j∗,p∗)← argmin(j,p,d)∈F d

26: Ĉb,j∗ ← p∗ ▷ Assign p∗ to cuboid j∗

27: B ← B ∪ {j∗}, U ← U \ {j∗}
28: end if
29: end while
30: end for
31: return Ĉ
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Algorithm 2 Diffusion-Guided Bin Packing with preferences

Require: Number of Samples B, Dimensions c, Denoising Model εϑ, total steps N , Guidance costs
G, Guidance weights λ, projection operator PC , Hard preferences H

Ensure: Final feasible cuboid configuration x0

1: Candidates← [ ]
2: for i = 1 to B do
3: Sample noise xT ∼ N (0, I)
4: for t = N to 1 do
5: µt ← 1√

αt

(
xt − 1−αt√

1−ᾱt
εθ(xt, c, t)

)
6: g ← −

∑
k λk∇xt−1

Gk(xt−1)
∣∣∣
xt−1=µt

7: µt ← µt +Σtg
8: Sample z ∼ N (0, I)

9: xt−1 ← µt +

√
β̃t · z

10: xt−1 ← Inpaint(xt−1, H)
11: if t < Tproj then
12: xt−1 ← PC(xt−1, H)
13: end if
14: end for
15: Candidates[i]← x

(i)
0

16: end for
17: Evaluate metrics for each candidate x

(i)
0 :

18: – Compute support area for each cuboid
19: – Compute Utilization rate (UR)
20: Prune: Discard unstable configurations
21: Select best:

x∗
0 ← arg max

x
(i)
0 ∈Stable Candidates

UR
(
x
(i)
0

)
22: return x∗

0

A.2 Example Cost Functions generated by LLMs469

Soft constraints are incorporated into our framework by defining cost functions that quantify how well470

a packing configuration satisfies certain preferences or requirements. Below, we provide examples of471

such cost functions generated by LLMs, illustrating how different types of soft constraints can be472

mathematically formulated and integrated into the model.473

A.2.1 Push heavier objects to the bottom and lighter items towards the top474

This cost penalizes large (heavy) items placed high along the vertical (z) axis. The goal is to encourage475

heavier items to be positioned closer to the bottom of the bin.476

Let:477

• ci = (xi, yi, zi) denote the centroid of item i,478

• di = (wi, hi, li) denote the dimensions (width, height, depth),479

• vi = wi · hi · li be the volume (proxy for weight) of item i.480

Then the cost for item i is given by:481

costi = zi · vi

This penalizes high-z placement of large-volume items. The total cost over a sequence of n items is:482

TotalCost =
n∑

i=1

zi · (wi · hi · li)
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A.2.2 Group items of similar shapes together483

This cost encourages items with similar dimensions to be spatially close, penalizing configurations484

where similar items are far apart.485

Let:486

• ci ∈ R3 denote the centroid of item i,487

• di ∈ R3 denote the dimensions (width, height, depth) of item i,488

• d̂i =
di

∥di∥ be the normalized dimension vector of item i,489

• sij = d̂⊤i d̂j be the cosine similarity between dimensions of items i and j,490

• d2ij = ∥ci − cj∥2 be the squared Euclidean distance between centroids of items i and j.491

The pairwise grouping cost between items i and j is defined as:492

costij = α · sij · d2ij

where α is a scaling factor (set to 10 in our implementation).493

The total cost for item i is:494

costi =
n∑

j=1

costij

And the total cost over all n items is:495

TotalCost =
n∑

i=1

n∑
j=1

α · (d̂⊤i d̂j) · ∥ci − cj∥2

This penalizes configurations where similar items (high sij) are placed far apart (high d2ij).496

A.3 Example of inpainting rules generated by LLMs497

Following the instructions, inpainting enforces specific data points at each sampling step. Examples498

demonstrate how inpainting the positions of cuboids effectively applies hard constraints.499

A.3.1 Place Magenta immediately below Red, Pink immediately behind Magenta, and500

Orange immediately above Blue.501

Given:
Centroids {ci} and dimensions {di} for each object
Let ci = (xi, yi, zi) and di = (wi, hi, di)

Apply Constraints:
• Place Magenta below Red:
cMagenta ← cRed − (0, 0,

hRed+hMagenta

2 )

• Place Pink behind Magenta:
cPink ← cMagenta − (0,

dMagenta+dPink

2 , 0)

• Place Orange above Blue:
cOrange ← cBlue + (0, 0,

hBlue+hOrange

2 )

502
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A.3.2 Place Green on the origin, Orange and Magenta aligned to the right wall, Yellow at the503

bottom.504

Given:
Centroids {ci} and dimensions {di} for each object
Let ci = (xi, yi, zi) and di = (wi, hi, di)
Unit cube bounds: x, y, z ∈ [0, 1]

Apply Constraints:
• Place Green at origin:
cGreen ←

(
wGreen

2 , dGreen
2 , hGreen

2

)
• Align Orange to right wall:
cOrange,x ← 1− wOrange

2 (keep y, z unchanged)
• Align Magenta to right wall:
cMagenta,x ← 1− wMagenta

2 (keep y, z unchanged)
• Place Yellow at bottom:
cYellow,z ← hYellow

2 (keep x, y unchanged)
505

A.4 PROMPTS506

A.4.1 INPAINTING RULES PROMPT507

AI Code Generation Task

You are an AI code generation assistant. Your task is to generate a Python function that updates
3D centroids of cuboids based on natural language spatial commands.

Inputs to the Function
1. centroids: A tensor of shape (BS, seq_len, 3)

Each entry is (x, y, z) coordinates of a cuboid’s center.
2. dimensions: A tensor of shape (BS, seq_len, 3)

Each entry is (width, height, depth) of a cuboid.
3. index_dict: Python dictionary mapping string labels (e.g., “red”, “blue”) to indices

in centroids and dimensions.

Goal
Update centroids to enforce spatial constraints from the natural language command.

Rules and Behavior
• Translate spatial relations (e.g., “above”, “on the left of”) into mathematical updates on
centroids.

• Use index_dict to resolve object labels.
• Express relations as relative offsets using both centroids and dimensions.
• Support batch processing over BS.

EXAMPLES of Spatial Relationship Logic and COORDINATE SYSTEM being used
Spatial Relationship Logic

• above (z-axis)
pos[:, A, 2] = pos[:, B, 2]+ Dim[:, B, 2]

2 + Dim[:, A, 2]
2

• on the left of (x-axis)
pos[:, A, 0] = pos[:, B, 0]− Dim[:, B, 0]

2 − DIm[:, A, 0]
2

• in front of (y-axis)
pos[:, A, 1] = pos[:, B, 1]− Dim[:, B, 1]

2 − Dim[:, A, 1]
2

508
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Suggested Function Signature
def project_centroids(centroids, dimensions, index_dict):

# Your implementation here for the command
return centroids

Output Format
{

’projection_code’: "Your code goes here"
}

509

A.4.2 GUIDANCE FUNCTIONS PROMPT510

AI Code Generation Task

You are an AI code generation assistant. Your task is to generate a Python function that updates
3D centroids of cuboids based on natural language spatial commands.

Inputs to the Function
1. centroids: A tensor of shape (BS, seq_len, 3)

Each entry is (x, y, z) coordinates of a cuboid’s center.
2. dimensions: A tensor of shape (BS, seq_len, 3)

Each entry is (width, height, depth) of a cuboid.
3. index_dict: Python dictionary mapping string labels (e.g., “red”, “blue”) to indices

in centroids and dimensions.

Goal
A differentiable cost function that enforces the same spatial relationships using a torch-
compatible loss, suitable for use with gradient-based guidance during diffusion.

Rules and Behavior
• Use index_dict to look up object indices (never hardcode).
• Ensure both functions are vectorized and batch-compatible.
• The cost function must return a tensor of shape (BS, seq_len).
• Use F.relu() or torch.square() to keep losses non-negative.
• Cost should be exactly zero when the spatial relation is perfectly satisfied.

Goal: cost_function
The function must return a tensor of shape (BS, seq_len) derived from centroids and
dimensions. It should be:

• Continuous
• Designed so gradients push centroids toward satisfying the relation
• Usable inside a diffusion model loop for gradient-based guidance

Suggested Function Signature
def cost_function(centroids, dimensions, index_dict):

# Your implementation here
return costs # tensor of shape (BS, seq_len)

Output Format
{

’cost_function_code’: "Cost function goes here"
}

511
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NeurIPS Paper Checklist512

1. Claims513

Question: Do the main claims made in the abstract and introduction accurately reflect the514

paper’s contributions and scope?515

Answer: [Yes]516

Justification: Yes. The abstract and introduction clearly state the development of a diffusion-517

based planner augmented with LLMs for preference translation, and the experiments validate518

these claims.519

2. Limitations520

Question: Does the paper discuss the limitations of the work performed by the authors?521

Answer: [Yes]522

Justification: Section 4.5 clearly discuss the limitations of our approach.523

3. Theory assumptions and proofs524

Question: For each theoretical result, does the paper provide the full set of assumptions and525

a complete (and correct) proof?526

Answer: [NA]527

Justification: [NA]528

4. Experimental result reproducibility529

Question: Does the paper fully disclose all the information needed to reproduce the main ex-530

perimental results of the paper to the extent that it affects the main claims and/or conclusions531

of the paper (regardless of whether the code and data are provided or not)?532

Answer: [Yes]533

Justification: Most of the information needed to reproduce our results is provided in the534

main text, with prompts included in the appendices. Since this is a workshop paper, we plan535

to release the code after completing additional baselines and more extensive evaluations.536

5. Open access to data and code537

Question: Does the paper provide open access to the data and code, with sufficient instruc-538

tions to faithfully reproduce the main experimental results, as described in supplemental539

material?540

Answer: [No]541

Justification: Most of the information needed to reproduce our results is provided in the542

main text, with prompts included in the appendices. Since this is a workshop paper, we plan543

to release the code after completing additional baselines and more extensive evaluations.544

6. Experimental setting/details545

Question: Does the paper specify all the training and test details (e.g., data splits, hyper-546

parameters, how they were chosen, type of optimizer, etc.) necessary to understand the547

results?548

Answer: [Yes]549

Justification: [NA]550

7. Experiment statistical significance551

Question: Does the paper report error bars suitably and correctly defined or other appropriate552

information about the statistical significance of the experiments?553

Answer: [Yes]554

Justification: All metrics are reported across at least 2 seeds.555

8. Experiments compute resources556

Question: For each experiment, does the paper provide sufficient information on the com-557

puter resources (type of compute workers, memory, time of execution) needed to reproduce558

the experiments?559
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Answer: [Yes]560

Justification:561

9. Code of ethics562

Question: Does the research conducted in the paper conform, in every respect, with the563

NeurIPS Code of Ethics https://neurips.cc/public/EthicsGuidelines?564

Answer: [Yes]565

Justification: [NA]566

10. Broader impacts567

Question: Does the paper discuss both potential positive societal impacts and negative568

societal impacts of the work performed?569

Answer: [NA]570

Justification: [NA]571

11. Safeguards572

Question: Does the paper describe safeguards that have been put in place for responsible573

release of data or models that have a high risk for misuse (e.g., pretrained language models,574

image generators, or scraped datasets)?575

Answer: [NA]576

Justification: [NA]577

12. Licenses for existing assets578

Question: Are the creators or original owners of assets (e.g., code, data, models), used in579

the paper, properly credited and are the license and terms of use explicitly mentioned and580

properly respected?581

Answer: [Yes]582

Justification: [NA]583

13. New assets584

Question: Are new assets introduced in the paper well documented and is the documentation585

provided alongside the assets?586

Answer: [NA]587

Justification: [NA]588

14. Crowdsourcing and research with human subjects589

Question: For crowdsourcing experiments and research with human subjects, does the paper590

include the full text of instructions given to participants and screenshots, if applicable, as591

well as details about compensation (if any)?592

Answer: [NA]593

Justification: [NA]594

15. Institutional review board (IRB) approvals or equivalent for research with human595

subjects596

Question: Does the paper describe potential risks incurred by study participants, whether597

such risks were disclosed to the subjects, and whether Institutional Review Board (IRB)598

approvals (or an equivalent approval/review based on the requirements of your country or599

institution) were obtained?600

Answer: [NA]601

Justification: [NA]602

16. Declaration of LLM usage603

Question: Does the paper describe the usage of LLMs if it is an important, original, or604

non-standard component of the core methods in this research? Note that if the LLM is used605

only for writing, editing, or formatting purposes and does not impact the core methodology,606

scientific rigorousness, or originality of the research, declaration is not required.607

Answer: [Yes]608

Justification: We explain how we use LLMs in the methodology section.609
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