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Abstract

Recent developments in language modeling on large-scale datasets have
found profound success in a variety of tasks. Given this, many researchers
have sought to apply these same capabilities to other modalities, such as 2D or
3D vision. However, this effort has been met with a variety of challenges due
to differences in 1) the underlying data representation, 2) the desired tasks for
each modality, and 3) the availability of large, high-quality datasets.

In this thesis, we present two approaches for solving these challenges. First,
we explore discrete diffusion models as a unified generative formulation in the
joint text and image domain and demonstrate their advantages over autore-
gressive models including in improved control over quality versus diversity,
joint multimodal inpainting, and greater controllability in generation through
guidance. Second, we present a method for unifying the training of 2D and
3D vision-language models using a single, unified model, enabling the use of
large-scale 2D datasets for 3D tasks.

The source code accompanying this thesis is publicly available at:

github.com/alexanderswerdlow/unidisc

github.com/facebookresearch/univlg


https://github.com/alexanderswerdlow/unidisc
https://github.com/facebookresearch/univlg
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Chapter

Introduction

The success of large language models (LLMs) trained on vast text data has been remarkable.
However, building models that integrate with visual understanding, across both 2D images
and 3D scenes—as well as both understanding and generation—presents unique challenges.
These challenges stem from differences in data representation and construction (e.g., text
has a natural sequential structure whereas images do not), the tasks prevalent in each
domain (e.g., generation vs. inpainting), and the significant disparities in the availability
and scale of high-quality annotated data, with 3D data being notably scarcer than 2D
images or text.

This thesis investigates methods for unified models that bridge these gaps. The core
idea is to leverage shared representations, architectures, and training paradigms to allow
knowledge transfer and joint learning across modalities.

The first part of this thesis (Chapter 2) focuses on unifying generative modeling across
text and 2D image modalities. Current multimodal generative models are often dominated
by autoregressive (AR) approaches, which generate data sequentially. While effective, AR
models can be slow for high-dimensional data like images and offer limited controllability
and editability. We introduce Unified Multimodal Discrete Diffusion (UniDisc), a model
trained to reverse a discrete corruption process (masking) applied jointly to tokenized text
and images. We demonstrate that this approach offers several advantages over AR models,
including inherent support for joint multimodal inpainting (filling in missing text and
image parts simultaneously), improved control over the quality-diversity trade-off during
generation via techniques like classifier-free guidance, and enhanced controllability. We
present a comprehensive comparison against AR counterparts, analyzing scaling properties,
inference efficiency, and performance on various generative tasks, showing that UniDisc
provides a compelling alternative for unified text-image generation.

The second part of this thesis (Chapter 3) addresses the challenge of unifying 2D and 3D
vision-language understanding, motivated primarily by the relative scarcity of large-scale,
richly annotated 3D datasets compared to their 2D counterparts. We introduce Unified
Vision-Language Grounding (UniVLG), a single model architecture designed to process
and learn from both 2D image-text data and 3D scene-text data (represented as posed
RGB-D sequences). A key strategy is to leverage powerful, pre-trained 2D vision models
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by initializing the majority of UniVLG’s weights from them. We further bridge the 2D-3D
gap by incorporating 2D-to-3D lifting techniques, allowing the model to process 2D images
through its 3D pathways, thus enabling effective knowledge transfer from abundant 2D data
to improve 3D task performance. We introduce a novel language-conditioned mask decoder,
shared across modalities, which proves more effective for precise 3D object grounding than
traditional bounding box prediction. We demonstrate that UniVLG, especially when co-
trained on 2D and 3D data, achieves state-of-the-art performance on multiple 3D vision-
language benchmarks, particularly in more realistic settings that use sensor-derived point
clouds and do not rely on ground-truth object proposals, all while maintaining strong
performance on 2D tasks.



Chapter

Unified Multimodal Discrete Diffusion

2.1 Abstract

Multimodal generative models that can understand and generate across multiple modalities
are dominated by autoregressive (AR) approaches, which process tokens sequentially from
left to right, or top to bottom. These models jointly handle images, text, video, and audio
for various tasks such as image captioning, question answering, and image generation.
In this work, we explore discrete diffusion models as a unified generative formulation in
the joint text and image domain, building upon their recent success in text generation.
Discrete diffusion models offer several advantages over AR models, including improved
control over quality versus diversity of generated samples, the ability to perform joint
multimodal inpainting (across both text and image domains), and greater controllability
in generation through guidance. Leveraging these benefits, we present the first Unified
Multimodal Discrete Diffusion (UniDisc) model which is capable of jointly understanding
and generating text and images for a variety of downstream tasks. We compare UniDisc
to multimodal AR models, performing a scaling analysis and demonstrating that UniDisc
outperforms them in terms of both performance and inference-time compute, enhanced
controllability, editability, inpainting, and flexible trade-off between inference time and
generation quality. Code and additional visualizations are available at https://unidisc.
github.io.

2.2 Introduction

Multimodal generative models—which can understand and generate a variety of modalities
such as text, images, videos, and audio — can significantly improve the capabilities of an
AT system, as these models can (1) leverage information from multiple sources to better
understand the context (2) learn from any available data source, and (3) respond to a
user’s request in a flexible manner, thus dynamically generating text, images, or audio as
required. Although the choice of model architecture—transformers—is currently clear, the
optimal generative objective remains unclear.


https://unidisc.github.io
https://unidisc.github.io
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Figure 2.1: We show UniDisc’s ability to jointly inpaint image & text pairs. We
do not explicitly optimize for this objective but it is intrinsic to UniDisc’s unified diffusion
objective.

Current multimodal models are typically trained jointly using (an approximation to) a
maximum likelihood objective over sequences consisting of images, text, and other modal-
ities. Autoregressive (AR) models typically quantize data from continuous modalities and
optimize the exact likelihood through a series of conditionals; during generation, they use
a fixed token order, e.g., left-to-right, top-to-bottom (raster order) for images. They have
demonstrated strong performance in both text and image generation, making them the cur-
rent workhorse for multimodal models. However, generating image tokens autoregressively
is slow and wasteful as nearby tokens are highly correlated, and this process results in many
unnecessary forward passes through the network [Lu+22; Tea+23; Tea24]. Moreover, AR
models are difficult to control [Li422b], cannot inpaint or infill unless explicitly trained to,
and cannot easily trade-off quality versus compute at inference time.

On the other hand, continuous diffusion models—which have been shown to work well
for continuous modalities such as images—have fast inference, are highly controllable, and
can easily trade-off quality vs. compute. These models corrupt data by adding Gaussian
noise and are trained to denoise the data, maximizing a lower bound on the likelihood.
However, these models have found to be significantly slower to train in text domain com-
pared to AR models (by roughly 64 times) [GH24]. Text is inherently discrete, and adding
continuous Gaussian noise to text token embeddings does not correspond to meaningful
changes in the actual text. These trade-offs between different modeling strategies across
modalities raises the question: what is the right unified generative formulation across text,
image, and other modalities?

To address this, we present UniDisc, a unified multimodal model based on discrete
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diffusion. While continuous Gaussian noise is inefficient with discrete data such as text and
graphs, UniDisc corrupts data with discrete noise—specifically, randomly masking tokens—
and learns to map mask tokens into multimodal tokens during inference. Discrete diffusion
through masking has been explored separately for generating text [Aus+21; Sah+24] and
images [Cha+22; Cha+23]. Such explorations have resulted in different noise schedules,
transition kernels, and loss functions across the text and image domains. In this chapter,
we explore a discrete diffusion formulation and its applicability in jointly modeling text
and image modalities with a unified set of hyperparameters.

We propose a unified architecture that jointly tokenizes text and images, and uses
full self-attention to learn to map a masked token sequence to a clean token sequence by
sampling from a joint vocabulary of text and image tokens. We evaluate UniDisc across
multimodal conditional and unconditional generation on multiple image-text datasets and
compare to its AR counterpart. First, we find UniDisc achieves a higher FID and CLIP
score than AR (Figure 2.4), which we attribute to the effect of classifier-free guidance.
We show that UniDisc exhibits strong joint image-text inpainting abilities that are not
possible with prior unified generative models as seen in Figure 2.1. Second, we find that
UniDisc consistently outperforms its AR counterpart in inference efficiency: at a given
inference compute budget, our model achieves generations of higher quality and diversity
(Figure 2.5). Third, we show UniDisc showcases stronger discriminative ability than AR
on retrieval tasks due to its variable number of sampling steps (Figure 2.7). Lastly, we
scale UniDisc to a 1.4B parameter model, trained on web-scale image-text datasets.

Our code, model weights, and dataset are publicly available. More qualitative visual-
izations are available at https://unidisc.github.io.

2.3 Related Work

2.3.1 Unified Multi-Modal Models

In recent years, unified models for processing multiple modalities have advanced signifi-
cantly. Models like Flamingo [Ala+22] and PaLM-E [Dri+23] demonstrate strong few-shot
learning capabilities across tasks. LLAVA [Liu+23] enhances LLaMa [Tou+23] with mul-
timodal fine-tuning, but still uses separate encoders, limiting true unification and image
generation. Recent efforts, like Perceiver 10 [Jae+21] and Unified-I0 [Lu+22; Lu+23b],
attempt modality unification but at a smaller scale. The Chameleon project [Tea24] scales
this up with a 34B parameter model trained on image-text data. However these approaches
largely focus on autoregressive generation which is inefficient for high-dimensional data.
Moreover, 4M [Miz+23; Bac+24] proposes an encoder-decoder approach with image-like
modalities using a discrete-diffusion (referred to as masked modeling) approach and text
generated autoregressively.

Relevant to our work, UniD3 [Hu+23] considered discrete diffusion on image and text
but made several design decisions that separated each modality, using both absorbing and
uniform masking, decoupling the modalities inside the model with separate operations on
each. Further we couldn’t compare against their model—mno training code is available and
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were unable to reproduce their reported results using their publicly available code.

2.3.2 Discrete Diffusion Models

Discrete diffusion models have emerged as a promising alternative to continuous diffusion
for discrete data types. [Soh+] introduced the first discrete diffusion model over binary
variables, [Hoo+] extended the noising process to categorical variables, demonstrating its
effectiveness on image generation tasks. D3PM [Aus+21] later extended discrete diffusion
to a more general set of noising processes, allowing for more flexible noise schedules. Recent
work by SEDD [LME] introduced score entropy, a novel loss function for discrete diffusion
models that bridges the gap between continuous and discrete spaces, and more recently,
[Sah+-24; Shi+24] showed text perplexity competitive with GPT-2. Most recently, [Nie+24]
looked at the scaling properties of discrete diffusion on text. While this approach shows
promise for improving discrete diffusion models, these methods were primarily focused on
language modeling tasks. Our work extends the application of discrete diffusion to multiple
modalities and demonstrates its effectiveness in a unified architecture.

2.4 UniDisc: Unified Discrete Diffusion

2.4.1 Diffusion Models

Diffusion models [HJA20; Soh+; Son+20] are a class of generative models that learn to
construct a data distribution by gradually reversing a process that introduces noise into
clean data samples. This approach models the transformation of a data sample x, from a
clean state through increasingly noisy states until it reaches a pure noise distribution.

The forward diffusion process is described by a series of transitions, where each latent
variable x; at time step t is sampled from a Gaussian distribution as follows:

q<$t|$0) = N(fft; \/@_tifoy (1 - dt)])

Here, a; = HZ:O a represents the cumulative product of noise levels, making x; increas-
ingly distant from xq as ¢ increases. The variable x; represents the noisy version of z( at
time ¢, modeled to progressively approximate Gaussian noise as t approaches the final time
step.

The reverse diffusion process then aims to reconstruct the original data by progressively
denoising these samples. This involves learning the reverse transitions, with the goal to
train the model py(z;_1|z¢) to approximate the true reverse process and effectively recover
the original data point xg from the noisy samples.

Given T timesteps of diffusion, the loss using the Evidence Lower Bound (ELBO) for
the diffusion process equals':

We skip the prior matching term from the loss as it is zero.
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2.4.2 Discrete Diffusion Models

Building on the foundations of continuous diffusion models, discrete diffusion models adapt
these concepts to structures that are inherently discrete. Unlike their continuous counter-
parts that model transitions of x; given x;_; with Gaussian distributions, discrete models
define transitions using categorical distributions. The forward process for discrete models
is thus characterized as:
q(z¢|mo) = Cat(zs; zo - Q) (2.2)

Here, Q, = zé Q; is a N x N matrix where N is the size of the vocabulary. Q,
represents the cumulative transition matrix at each discrete time step ¢, and (); is a tran-
sition matrix [Q¢];; = ¢(x¢ = j | x;—1 = 1) dictating the probabilities of moving from one
discrete state (a token in the vocabulary) x;_; to another x; discrete state (a token in the
vocabulary), z is a one-hot vector of the input data sample. D3PM [Aus+21] generalizes
this framework over various transition matrices (Q;), the popular ones mainly include uni-
form and absorbing transition matrix. In UniDisc, we use the absorbing transition matrix
as empirically it has been found to work the best across text and images [Aus+21; LME].
Absorbing transition matrix requires having an absorbing state namely the [MASK] token.
The matrix is represented as Q; = a;I + (1 — a;)1el  where 1 is a column vector of ones
and e, is a one-hot vector with one on the mask state m. This ends up being a matrix
with all zeros except t = j #misaand j=m,i#misl —aandi=j=mis 1.

Intuitively this means that during the forward transition, the probability of an input
token xy to stay the same is «, the probability of it being masked is 1 — «, and the
probability of a masked token to be unmasked is 0.
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Given the forward diffusion in Equation (2.2), [Soh+] uses the same objective function
as Equation (2.1) to optimize their model, where ¢(x;_1|z;) ends up being a Bernoulli
distribution instead of a Gaussian distribution. MDLM [Sah+-24] simplifies this objective
function by considering continuous time-diffusion and applying loss only on the masked
tokens. The final loss simply ends up being a re-weighted masked Tnerative modeling loss:

o
— log pg(z0 | z:) (2.3)

Laig = Et~u(0,l),q(a:t\x) 1— ay

where a; = o — a;—1, and «; is the probability of the token not being masked.
MaskGIT [Cha+22] and Muse, state-of-the-art masked image generative model use the
same loss as Equation (2.3), except there is no reweighting term and the time is discrete
time instead of continuous time. The noising schedule «; is also different, while language
discrete diffusion models such as [Aus+21; Sah+24] use a linear-time schedule, MaskGIT
and Muse [Cha+22; Cha+23] use a cosine schedule. We ablate these different design
choices in Section 2.8.5.

2.4.3 Unified Training via UniDisc

We train a bidirectional decoder-only transformer [Vas+17] using 2D RoPE embeddings [Liu+-24]
for all image tokens, 1D RoPE [Su+23] embeddings for text tokens, and add learned
modality-specific embeddings to each token. This allows our model both flexibility in res-
olution at inference, and the ability to use compute effectively by performing the majority
of training at a lower resolution. We use the same objective function as Equation (2.3),
except for us xg is [xy"Y, 5]

Classifier-Free guidance (CFG) [HS22] has been used in continuous diffusion models
to trade-off between quality and diversity of generation. We apply this idea to discrete
diffusion, with a probability of 0.1 we set all the tokens of a random modality to be mask
tokens, this allows UniDisc to learn unconditional likelihood for image and text modality.
During inference we use CFG for conditional generation (image-to-text or text-to-image)
to trade-off between quality and diversity of generation as shown in Figure 2.5.

To improve training stability, we use Query-Key Normalization [Wor+23] and use RM-
SNorm [Z519] for all other norms. We use Sandwich Normalization—normalization before
and after each FFN, as we found this helps control activations in deeper layers as previously
reported in [Din+21; Zhu+24c].

To further improve the convergence speed of discrete diffusion we analyze the noising
schedule and find that linear schedule in [Sah+24; Aus+21] results in excessively high
weighting for early timesteps, impairing the convergence speed. Following Min-SNR trick
in continuous diffusion [Han+23], we limit the minimum weighting to 5. An architecture
diagram is provided in Figure 2.2 and pseudo-code for training procedure is provided in
Section 2.8.

2.4.4 Unified Sampling via UniDisc

Sampling in masked discrete diffusion, involves mapping a set of masked tokens m to
a set of visible tokens xy using T timesteps of denoising. A variety of sampling strate-



gies have been previously proposed [Soh+; Aus+21; Zhe+24b; Cha+22; Sah+24; LME]
for masked discrete diffusion. MaskGIT [Cha+22] proposes a confidence-based sampling,
where they decode the most confident tokens at each step of denoising. D3PM [Aus+21]
and MLDM [Sah+24] uses a sampling mechanism similar to [HJA20] except applied to a
bernoulli distribution, which we refer to as DDPM sampling. This results in a random set
of tokens being decoded, instead of the most confident ones as in MaskGIT. We ablate
these sampling strategies in Figure 2.5 and find the confidence-based sampling proposed
in MaskGIT to work the best for unified modeling.

2.5 Experiments

We compare UniDisc against an autoregressive (AR) baseline across various tasks, metrics
and datasets. We use the same architecture and hyper-parameters, and data, only differing
in the attention mask and respective loss functions. For our autoregressive baseline we use
a standard language model architecture from Chameleon [Tea24]—that is a decoder-only
transformer with causal attention and rotary positional embeddings. To enable classifier-
free guidance, we dropout modalities with 10% probability during training. For UniDisc,
we dropout both modalities and for the AR baseline we dropout only the first modality in
the input sequence as in [Liu-+24].

Our experiments aim to answer the following questions: . o
1. How does UniDisc compare against AR models in unconditional and conditional

multi-modal generation of image/text pairs?

2. How effective is classifier-free guidance in conditional generation for AR models and
for UniDisc?

3. How does UniDisc compare against AR models in terms of training efficiency with
varying the ratio of image-text tokens?

4. How do various sampling strategies for UniDisc affect its generation results and
inference speed?

5. How does UniDisc compare against AR models across image-language reasoning
tasks?

6. How do various design choices of UniDisc contribute to its performance?
Lastly, we show that we can successfully scale UniDisc, to a 1.4B parameter model, trained

on H00B tokens. We qualitatively evaluate this model, to demonstrate its capabilities.

Datasets: In Section 2.5.1, 2.5.2, and 2.5.3, we conduct experiments with different
train and validation sets. Our training set includes DataComplB [Gad-+24], CC12M [Cha-+21],
CLEVR-math [LA22], and CLEVR-Ref [Liu+19]. Our evaluation datasets include a held-
out validation set of DataComp1B and CC12M, along with Flickr [Plu+16], MS-COCO30k [Che+15],
and Winoground [Thr+22].

2.5.1 Evaluation of Multimodal Generation

We evaluate UniDisc and AR models in unconditional and conditional generation tasks.
Evaluation metrics: We consider the following three evaluation metrics, most commonly

9
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Figure 2.4: Conditional generation results for both FID and CLIP metrics, across
a range of CFG values. We find that AR is more sensitive to the CFG weighting, with

a narrower optimal range.

used in previous works: i) Joint perplexity indicates a model’s ability to fit to different
validation sets. Note that this metric is jointly calculated across image-text tokens. The
perplexity values from the autoregressive Chameleon baseline are exact likelihoods, the
values from UniDisc are upper bounds. While perplexity is a good metric for assessing the
fitting ability of a model, it cannot be used to evaluate its generation ability. ii) Fréchet
inception distance (FID) [Heu+17] is a popular metric in image-generation to quantify
the quality and diversity of image generation.iii) CLIP score is used for calculating
image-text coherence. While we could not find an equivalent to the FID metric for text,
we use CLIP score to evaluate generated image-text coherence, conditioning our model on
an input image.
Experimental details:

We show conditional image-text generation results in Figure 2.4. We condition on an
image to generate the corresponding language description, and vice versa, condition on
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the language description to generate the corresponding image. For unconditional results
please refer to Figure 2.10 in the Appendix. We use a dataset comprising 30M image-text
pairs from DataComplB [Gad+24] and CC12M [Cha+21], please refer to Section 2.8.1 for
further details.

UniDisc significantly outperforms AR in conditional generation while performing equally
well in unconditional generation). We attribute this performance gap to classifier-free
guidance (CFG). As can be seen in Figure 2.4, the results without CFG (Scale = 0) are
similar between AR and UniDisc, but increasing CFG disproportionately benefits UniDisc.

The iterative generation process of diffusion makes it easy to blend conditional and
unconditional predictions to guide the output. Autoregressive models, on the other hand,
generate data sequentially in a fixed order, without any iterative refinement, which makes
it difficult to mix in unconditional predictions to guide generation. We study this in detail
in Section 2.8.8 in Appendix.

Joint Image-Text Inpainting In Figure 2.1, we show that UniDisc can inpaint in
a joint text and image space—without any fine-tuning. Currently, none of the popular
generative models have this capability, because most multimodal generative models are
either autoregressive [Tea24] or use mixed modeling [Zho+24], which prevents them from
easily inpainting jointly over image and text. In Section 2.8.1 we explicitly fine-tune an
AR model for joint inpainting, UniDisc zero-shot still shows far better performance. For
more qualitative results, please refer to Figure 2.18, and Figure 2.19 in the Appendix.

2.5.2 Training Efficiency and Inference Speed

With the ever growing scale of recent generative models, an important aspect of their
performance is their compute efficiency. Prior works [Kap+20; Hof+22] have extensively
measured the training scaling laws of AR models, finding a power-law relationship be-
tween compute cost and distribution fitting, measured by negative log likelihood (NLL).
In contrast, there has been little work that has measured the training efficiency of discrete
diffusion models: the closest work is that of [GH24], which finds that the training efficiency
of continuous diffusion models is approximately 64x worse than AR models on text. Re-
cently, concurrent work [Zhe+24b] studied discrete diffusion models, again only on text,
and found a scaling factor of 16x compared to AR models.

Although discrete diffusion is thought to be comparatively more efficient on other
modalities such as images, we are not aware of prior work that has empirically measured
this. We perform an ISOFlop analysis [Hof+22] of UniDisc and our AR baseline, changing
only the attention mask and loss function. As in prior work, we select a set of compute
budgets C; and, within each budget, vary the non-embedding parameters (incl. LM head)
N, and total tokens during training D, keeping the total compute, measured in FLOPs,
fixed using an approximation of C' ~ 6 N D.

We compare the training efficiency of UniDisc and our AR baseline in Figure 2.3 (right)
and find that the rough training-inefficiency factor for discrete diffusion to that of AR
models for unified training is about 13.2—i.e. one needs to train UniDisc 13.2x longer to
achieve the same loss. Additional experimental details are available in Section 2.8.2.
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Figure 2.5: Inference Comparisons for UniDisc and AR baseline: (a) Chameleon
Perplexity (Text+Image) vs. Time - we perform similar to best AR method, (b) Chameleon
Perplexity vs. Entropy - UniDisc has high diversity and low perplexity, while AR has
significantly lower diversity, (¢) Image FID vs. NFE, showing image generation saturates
quickly with NFE (=~ 32), (d) GPT2 Generative Text Perplexity vs. NFE showing text
generation benefits from more sampling steps (diminishing).

While training efficiency is important, inference efficiency is equally—if not more—
important as we deploy these models at wide scale. Thus, we compare the inference
efficiency of UniDisc and our AR baseline in Figure 2.5 (a), (¢) and (d). In (a), we measure
the joint generative perplexity using Chameleon, In (c) we measure the Image FID and in
(d) we measure the Text Perplexity. While it might appear from (a) and (d) that AR does
better than UniDisc, in Figure 2.5 (b), we find that UniDisc has far higher entropy at a
given perplexity.

We note that solely looking at the generative perplexity is not sufficient, as it has been
previously found [Zhe+24b] that very low perplexity can be achieved by repeating the same
tokens, which we find often happens with AR w/nucleus sampling and low temperature.
We demonstrate such degenerate cases in Section 2.8.1. Therefore, Generative Perplexity
+ Entropy should be considered jointly for evaluating the quality of generation results.
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2.5.3 Multimodal Discriminative Performance

Generative models can act as strong discriminative models as shown in several recent
works [Li+23a; JCG24; Pra+423]. Moreover, [RM23] show the discriminative ability of a
generative model can be a good metric for its generation performance. In this section, we
compare the discriminative capabilities of AR models and UniDisc on cross-model retrieval
tasks (image/text/joint).

We evaluate on Winoground [Thr+22] and a held-out DataComp1B validation set [Gad-+24],
using 18M text/image pairs from DataComp1B as our training set. To enable text retrieval
during inference for the AR model, we train with flipping the order of modalities, putting
the image first 20% of the time, following [Zho+24]. We find that this improves the re-
trieval for the AR model. All other hyperparameters follow those in Section 2.5.1. Details
of evaluations on CLEVR-VQA and CLEVR-Ref are available in Section 2.8.1
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A
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language conditioned segmentation model
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In Figure 2.7, we report the image retrieval, text retrieval and joint retrieval accuracy
for AR and UniDisc. For image retrieval, the model is given a text caption paired with 16
images, out of which only one image is correctly paired and the rest are random. The goal
is to accurately classify the correct image. To evaluate the model’s retrieval accuracy we
check if the correct image has the highest p(z"™9|z'*") among all other images. We do the
same for text retrieval, where we check p(z!*|x"™9). For joint retrieval, only a single pair
has the correct mapping, and every other pair has a random image and text. We check if
the correct pair has the highest joint probability p(Zimg, Zizt)

We find that UniDisc significantly outperforms the AR model on all retrieval tasks. To
further investigate this, we measure the joint retrieval accuracy across denoising steps &
CFG values in Figure 2.13 in Appendix. We find CFG and the number of denoising steps
to play a large role in UniDisc’s retrieval accuracy. While the number of denoising steps in
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an AR model is fixed to the sequence length, the denoising steps for UniDisc can be much
higher.
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2.5.4 Scaling UniDisc

We show that UniDisc scales well across
parameters and dataset size. We train a
1.4B parameter model with web-scale data.
Our model is trained in two stages, with a
low-resolution pre-training stage and a sec-
ond high-resolution fine-tuning stage. Our
first-stage consists of 250M image/caption
pairs at 256x256 resolution. We curate
our dataset from several sources, with 200M
open-web images from [Gad+24], which were
re-captioned by a VLM to create higher-
quality descriptions by [Li+24b]. We also
add a set of smaller datasets consisting of
PixelProse [Sin+24], JourneyDB [Sun-+23],
and Cambrian-10M [Ton+24]. In addition,
we construct a high-quality, custom dataset
of 18M synthetic images, following findings
by [Zhu+24c; Seh+24] on the importance of
image/caption alignment for image genera-
tion. We construct our dataset by prompt-

f
liberty lady statue, crowded
street scene, mosaic style

Impressionist painting of a woman
walking down a street in Paris

a majestic, weeping willow tree
in a field, with a lake in the
background.

the 4 willows are swaying really
hard over the pond at the beach

Figure 2.8: Zero-shot Image Edit-

ing an LLM to augment a set of 250K human
prompts and use [Ess+24] for generations. In
both stages, we account for dataset imbal-
ance and sample more from higher-quality
sources. Finally, we fine-tune our model in

ing: UniDisc can take corrupted and mis-
matched image/text pairs (left) and pro-
duce an aligned, high-quality pair (right),
using the model’s own likelihood as a scor-
ing function.

a second stage, interpolating the RoPE 2D
embeddings to train at 512x512 on 30M image/caption pairs.

Further due to lack of space, we ablate several architecture and objective design choices
on a smaller model in Section 2.8.5 and we show the training curve of our 1.4B model is
available in Figure 2.15. We also compare UniDisc to recent multimodal models on stan-
dard image generation benchmarks in Section 2.8.7. Qualitative results from the model
are available in Section 2.8.6, demonstrating zero-shot text-conditioned image inpainting
(Figure 2.18), standard text-to-image (Figure 2.16), and image-to-text (Figure 2.17) gener-
ation. Moreover, we demonstrate a form of image editing in Figure 2.8 and Section 2.8.6,
showing that UniDisc can, without any specialized fine-tuning, automatically improve a
text & image pair by noising and denoising, using the model’s likelihood as a judge. Addi-
tionally, we analyze the joint generation of UniDisc in Figure 2.6 and Section 2.8.6 , finding
that the model generates images roughly uniformly in concepts instead of in area.
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2.6 Conclusion

In this chapter, we introduced UniDisc, the first large-scale unified multimodal discrete
diffusion model capable of generating, inpainting and editing both images and text. By
leveraging discrete diffusion processes, we showed that UniDisc surpasses autoregressive
models in both inference efficiency and quality. Our model unifies various design choices
in discrete diffusion space, across modalities, through extensive ablations and analysis. We
hope that our work inspires future research in this direction.
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2.8 Appendix

UniDisc Training

We describe the detailed algorithm for unified discrete diffusion training on image and text
below in Algorithm 1.

Algorithm 1 UniDisc Training

1: Require: Training data x

2: Require: Noising Schedule o4 i.e., Linear or Cosine

3: Require: Unconditional probability p,ncond

4: Initialize: Model parameters 6

5. repeat

6: (2079 2t = xg ~ p(z, ) > Sample image and text data
7: t~U(0,1) > Sample random timestep
8:

9: xy ~q(z) | x§) = awxo + (1 — ay)e,,  for v € {img, txt} > mask all tokens
10:
11: With probability puncond > For Classifier-Free Guidance:
12: If rand() < 0.5: > Randomly set one of the modalities to mask tokens
13 )
14 Else:
15 it m
16: 2P = po([ai™9 xlet) > Estimate model prediction from masked sequence
17: Compute loss as: Ly = 1?2@ log(28™?, x0) > Loss function over the logits of inputs

18: Perform gradient step on £ to update 6
19: until converged

Sampling Algorithms

Here we describe the implementations of UniDisc’s sampling algorithm and MaskGIT [Cha+22].
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Algorithm 2 MaskGIT Sampling

1: Initialize: xp < [m,m, ..., m| > All tokens are masked
2: Require: Sampling steps T’
3: Require: Num Tokens to Unmask: f(t). We set f(¢) as ZTI_—T
=14+t
4: for t =T down to 1 do t

5: Pao < Po(xo | x1) > Model prediction

6: pgﬁ? < Top,(pay) > Top-p (Nucleus) sampling on logits
(k)

7 p;’;) — f ggg) > Apply temperature annealing

8: Sample T, ~ Categorical(pg;)) > Sample new tokens

9: M « | f(t) x N| > Determine number of tokens to unmask

10: Select M most confident tokens based on pg(ff))

11: Update x;_1[i] < Tnew[i] Vi € selected positions

12: Keep previously unmasked tokens unchanged

13: end for
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2.8.1 Additional Experiment Details
Conditional and Unconditional Experiment Details

For unconditional and conditional results in Figure 2.10 and 2.11 we use a dataset of 11B
tokens comprising 30M images from DataComplB [Gad+24] and CC12M [Cha+21] as our
training set, with a fraction of 20% text tokens and 80% image tokens after excluding pad
tokens. For faster convergence, we train only on DataComplB for results in Figure 2.5
and Figure 2.13. We tokenize the image and text tokens using separate tokenizers. We
use lookup-free quantization (LFQ) from [Yu+23; Luo+24] for as our image tokenizer, and
use the tokenizer from [Tou+23] as our text tokenizer. We use an image resolution of
256 x 256, and a downsampling ratio of 16, resulting in a sequence length of 384 with 256
with image tokens and 128 text tokens. Note that we use the same tokenizers for all the
baselines, ensuring fair comparisons. We train UniDisc for 300 L40S GPU hours and train
the autoregressive model for a proportionate amount of time such that it achieves the same
validation loss. Our model comprises 115M/340M non-embedding parameters and we use
a batch size of 512, a learning rate of 3e—4, and weight decay of 0.05, following [Sun-+24].

Conditional and Unconditional Evaluations

We extend Figure 2.4, adding results on Flickr-30K and MS-COCO below in Figure 2.9.
We show unconditional results in Figure 2.10 and conditional results (taking the optimal
CFG weight for both UniDisc and the AR model) in Figure 2.11.

Generative Perplexity — Qualitative

Text Chameleon Perplexity | GPT2 Perplexity
"ICLR is globally renowned for presenting...” (Contin- 32.836 35.780

ued)

"This is simple. This is simple.” (Repeated) 8.423 3.930
"Words Words Words Words” (Repeated) 2.226 3.583
"AAAAAAAAAAAA” (Repeated) 2.732 1.904
”(Spaces Repeated)” 80.240 1.095

Table 2.1: We demonstrate how generative perplexity is an imperfect metric requiring
calibration with entropy.
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Figure 2.9: Conditional generation results for both FID and CLIP metrics, across
a range of CFG values. We find that AR is more sensitive to the CFG weighting, with
a narrower optimal range.

Quantitative Inpainting Comparison w/autoregressive models

To demonstrate the tradeoff between the pre-training objectives of UniDisc and AR models,
we evaluate both models on inpainting. We fine-tune the 340M parameter AR model on a
standard set of multimodal datasets (CC12M, Recap-DataComp-1B, LAION 400M) and
evaluate UniDisc in a zero shot manner—without any fine-tuning. Specifically, for the AR
model, we use a linear masking schedule for the prefix sequence consisting of a randomly
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CC12M  DataComp Flickr  MS-COCO

Image + Text Perplexity

Chameleon 541.2 156.8 1254.9 1128.3
UniDisc 494.5 154.8 1115.0 982.2
Image - FID

Chameleon 30.5 20.49 75.70 70.67
UniDisc 35.78 22.97 88.88 77.43
Text - CLIP

Chameleon 23.70 26.08 23.70 23.64
UniDisc 25.01 25.98 24.92 25.01

Figure 2.10: Unconditional multimodal gen-
eration results for UniDisc and AR baseline
at 115M parameters - both models perform

similarly.

CC12M  DataComp Flickr COCO
Text to Image - FID
Chameleon 115M w/o CFG 26.32 20.49 46.13  56.46
Chameleon 340M w/o CFG 20.75 18.53 36.24 4241
Chameleon 115M w/ CFG (0.5)  22.10 16.68 46.06  47.58
Chameleon 340M w/ CFG (0.5)  20.22 13.55 3274 30.62
UniDise 115M w/o CFG 22 2126 4346 5421
UniDisc 340M w/o CFG 19.28 14.59 34.37  37.73
UniDisc 115M w/ CFG (1.5) 13.21 12.00 33.79 31.94
UniDisc 340M w/ CFG (1.5) 13.11 11.55 26.83 23.77
Image to Text - CLIP
Chameleon 115M w/o CFG 22.08 26.01 2250  23.02
Chameleon 340M w/o CFG 22.53 26.68 23.51  24.46
Chameleon 115M w/ CFG (0.5)  22.93 27.30 23.38  24.03
Chameleon 340M w/ CFG (0.5)  23.65 27.70 24.95  25.99
UniDisc 115M w/o CFG 275 2598 2244 2288
UniDisc 340M w/o CFG 22.18 26.86 23.18  24.44
UniDisc 115M w/ CFG (1.5) 24.54 29.65 25.42 26.24
UniDisc 340M w/ CFG (1.5) 24.77  30.01  26.63 27.82

Figure 2.11: Conditional generation results
for UniDisc and AR baseline.
significantly outperforms the AR model
when classifier free guidance is used.

Our model

masked text and image pair and then predict and supervise the clean sequence, doubling
the overall sequence length. In Figure 2.12, we evaluate at multiple noise levels, showing
the degradation in performance as the original sequence is increasingly masked.
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Figure 2.12: We compare UniDisc with an AR model fine-tuned for joint inpainting and
evaluate on a subset of DataComp1B.

Discriminative Evaluations

For evaluations on CLEVR-VQA and CLEVR-Ref [Liu+19] we use their respective train-
val splits. Note that for CLEVR-VQA and CLEVR-Ref, we do not follow the training
scaling factor found in Figure 2.3, we instead train both the models until convergence, i.e
multiple epochs. The small size of these datasets makes it possible to train until conver-
gence. For CLEVR images, we find that none of the existing tokenizers work well, so we
fine-tune our own tokenizer on CLEVR images. We use images of 128 x 128 resolution,
with a total sequence length of 320 (256 image tokens and 64 text tokens). For text, we
use a standard BERT tokenizer [Dev+19]. In Figure 2.13, we ablate the role CFG and
the number of denoising steps play in UniDisc’s retrieval accuracy. While the number of
denoising steps in an AR model is fixed to the sequence length, the denoising steps for
UniDisc can be much higher.
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Figure 2.13: Joint Retrieval Accuracy on DataComplB. We outperform AR given
the task of retrieving one correct image-text pair out of 16 possible pairs, implying better
learnt representations.

2.8.2 Scaling Experiment Details

As in prior experiments, all implementation details are shared between UniDiscand AR
training configurations except: (1) causal vs. full attention, (2) masking of the input
sequence for UniDisc, and (3) weighting the CE loss as in Equation (2.3).

We use similar hyperparameters as in our small-scale experiments in Section 2.5.1, but
repeat them here for clarity. For images, we use lookup-free quantization (LFQ) [Yu+23;
Luo+24] with a image resolution of 256 x 256, and a downsampling ratio of 16, resulting
in a sequence length of 256 image tokens. We use a BPE tokenizer [Tou-+23] for text with
128 text tokens, resulting in a total sequence length of 384. We report only non-embedding
parameters and data tokenization is identical across all models.

We use a batch size of 512 and use AdamW [LH19] with 51 = 0.9, 5y = 0.95, and weight
decay A = 0.05. We use a max learning rate of 3e—4 with a linear warmup followed by a
cosine decay schedule, ending with zero at the final step for a given training run.

We list all model variants in Table 2.2.
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Parameters (M)  n_layers | n_heads , d_model

34 11 6 384

67 11 9 o976
116 12 12 768
172 20 12 768
228 20 14 896
343 24 16 1024
484 22 10 1280
943 17 12 1536
622 29 10 1280
713 23 12 1536
826 27 12 1536
1074 26 14 1792
1290 24 16 2048

Table 2.2: Model variants. The FFN hidden size is always 4x the overall d_model

2.8.3 Training Details

Additional Training Implementation Details

We use flash attention for all models except as noted below, using the popular Flash-
Attention 2 library [Dao23]. For all AR models at inference, we use K/V caching and take
advantage of specially optimized functions for this in FlashAttention 2.

2.8.4 Fine-tuning An Autoregressive model for Discrete Diffu-
sion

As we already have a plethora of large-scale AR models [Tou+23; Tea24], it would be
useful to have the ability to fine-tune them for a discrete diffusion objective. While the
naive method for fine-tuning would be to change the objective function to discrete diffusion
while using AR’s pre-trained weights. We find that a better idea is to left-shift the output
targets of the diffusion objective such that instead of having the masked token predict its
respective visible token, we have the token before the masked token predict it. In this way,
we more closely match the original AR next-token prediction objective. In Figure 2.14 we
show that this strategy works well and we can effectively fine-tune a pre-trained autoregres-
sive language model using discrete diffusion loss. We demonstrate this result on a 270M
parameter language model [Meh+24], OpenELM, which is trained with an AR objective.
We compare against training from scratch and training AR without the shift. We find the
shifting strategy converges faster.
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Large Scaling Training Curve

We show the training curve for the large scale experiments described in Section 2.5.4 in
Figure 2.15.

—— AR Finetuned (Shifted) ——— UniDisc
61 —— AR Finetuned (No Shift) 7.0
—— Scratch
= —
= 5 = 6.8 1
Z O 7
= £
S g
= = 6.6
4 4
—— 6.4 1
3 L T T T T T T T T T
0 2 4 6 8 0 150 300 450
Tokens (Billions)

Tokens (Billions)

Figure 2.14: Fine-tuning a pre-trained

Figure 2.15: Training Loss Curve vs. To-
270M parameter AR model on LM1B.

kens on our 1.4B model.
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2.8.5 Ablations

We validate our design choices by running small-scale experiments on a subset of our
primary dataset, taking 18M image/caption pairs on DataComplB. We train on lower-
resolution images at 128 x 128 and obtain a 1:1 ratio of text to image tokens, with 64 text
and 64 image tokens for a total sequence length of 128, with all other hyperparameters the
same as in our primary experiments.

We examine the influence of several design choices for our model in Table 2.3 and
reach several conclusions. First, architecture changes to improve training stability—mnamely
adding QK Normalization and using RMSNorm instead of LayerNorm—do not substan-
tially affect convergence in this setting.

Another natural design choice is to parameterize the model such that we provide the
modality of a given token to the model. With this relaxation we can drastically reduce
the output space and, in theory, simplify the objective for our model. However, we find
that this reparametrization only marginally reduces overall perplexity, even at this smaller-
scale. We hypothesize that the modality-specific embeddings added to each token allows
the model to learn the correct output space with minimal added parameters.

DataComplB Validation PPL

UniDisc 93.8 DataComplB Validation FID

w/o QK Norm 92.7
UniDisc 11.4

w/ Zero-linear init 93.8
w/cosine noising schedule 11.5

w/o RMSNorm 93.8
w/o CE loss weighting 11.35

w/o -inf for invalid tokens 94.7
w/discrete time (T=1000) 13.8

w/o Softmin SNR 109.6

None 111.2

Table 2.4: Ablation w/115M parameter

Table 2.3: Ablation w/115M parameter model on different objective level decisions
such as noising schedule, loss weighting and

whether to use discrete time.

model of QK Norm, zero initialization of
linear layers, RMSNorm, setting invalid to-
kens to —oo during training and generation,

and Softmin SNR.
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2.8.6 Large Scale Qualitative Results

We show additional results on tasks such as joint inpainting, image captioning and image
generation. We note that none of these tasks were explicitly trained or optimized for by our
model. This is an intrinsic property due to the nature of UniDisc’s unified diffusion based
objective. In Figure 2.16 we show standard text-to-image generation and in Figure 2.17 we
show standard image-to-text generation. In Figure 2.18 we show zero-shot text-conditioned
inpainting, and in Figure 2.19 we show zero-shot multimodal inpainting.

B <2 \ |

A dragon with iridescent scales Cel shaded, Planet of the Apes A high-tech motorbike crafted A cyberpunk female hacker,
basking in the warm sunlight on character, minimalist icon from neon-lit circuit boards and dressed in a neon pink hoodie
abeach. scarlet glass, emitting sparks that and ripped jeans, poses with a

resemble a swarm of fireflies. sleek laptop and a futuristic

energy blaster, set against a gritty
cityscape at night.

a majestic elephant observing a Watercolor, apples and oranges, Ancient Greek-inspired armor an overflowing crate of assorted
sly fox attempting to steal a ball unicorn head made entirely out of Lego pieces, summer berries
from a playful raccoon with a blurred ancient cityscape

in the distance

a sleek, modern train gliding a reindeer is sitting on a snowy A dragonfly zooms out of a a medley of autumnal leaves and
across a snowy mountain pass mountain and has on warm ski window, a koala climbs up a palm fallen fruits
goggles tree, and a toucan sits on a branch.

Figure 2.16: UniDisc’s ability to generate an image, given unseen text as input.
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\

A whimsical penguin in a sports A bright red ceramic cup filled with a grove of trees at dusk with ir of classi den Adir-ack
outfit, playing with balls and a vibrant lemonade next to an old scattered branches. P; ore asslc wgo N th 2;1
floating above a city skyline, fashioned wooden baby wagon in a chalrs are placed on the porch.

inspired by the steampunk. sunny backyard setting.

On a quiet summer afternoon, a

Inspired by M.C. Escher.

Figure 2.17: UniDisc’s ability to generate text (captioning), given unseen image as input.

a detailed pencil drawing of an a Baroque-style etching of a Vintage photograph, ginger cat, young king, 14, newly crowned,
anatomy-inspired flower design parrot green eyes, curious expression ultra-realistic, colorful, godlike
presence, close-up

Figure 2.18: Zero-shot text-conditioned inpainting. UniDisc inpaints a masked region given
a user-provided text prompt.
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A close-up of a corgi's face with
a big smile on red lips, set
against a background covered
in silly doodles and scribbles.

A close-up of a corgi's face

A group of hot air balloons float
above the Colosseum.

A group of hot above the
Colosseum.

In a dense forest, a wise old a
gnarled tree branch.

In a dense forest, a wise old
owl and mongoose sit side by
side, both supporting a gnarled
tree branch.

tropical fish swimming in
shallow coral reef

tropical fish

Figure 2.19: Zero-shot multimodal inpainting. UniDisc jointly inpaints in both image and

text spaces.
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Zero-shot image editing of UniDisc

A clear benefit of diffusion models is the ability to perform zero-shot editing without
specific paired data—which is often difficult to obtain. We demonstrate one such method
in Figure 2.20, showing that UniDisc can automatically improve a user provided image and
caption.

We augment real images by overlaying random objects from the COCO dataset. Sim-
ilarly, we augment captions by asking an LLM to generate purposely incorrect variations.
We then randomly mask the image and text inputs and unmask as described above, auto-
matically removing these undesired image artifacts and generating the correct caption. We
adopt a best-of-n sampling strategy with n distinct noise masks. We unroll each generation
using the model’s own likelihood to select the best generation.

this is a palace with some a luxurious mansion surrounded peeking out from behind a stack of cat with glasses perched on a
water and plants around it by overgrown fountains and a books and computer manuals in a stack of books, reminiscent of van
vintage stone fountain loud library is a curious little boy gogh's sunflowers. reading

a watercolor cityscape of the Cairns Locks River, digital A parrot is sitting on a windowsill Caption Fixed
dutch golden age with a castle painting with a watercolor effect as a snake slithers past and a
sunflower grows outside.

underwater fish swimming with A massive sea creature emerges An old man sitting in a worn Caption Fixed
dolphin and silhouetted against from the wreckage, surrounded by armchair in a cluttered living
sunlight on vibrant coral seaweed and green fish.

room watching TV

Figure 2.20: Zero-shot multimodal editing. We provide a clean image and text pair and
UniDisc automatically enhances both the image and text. In the final row, we fix the text
and allow only the image to change.
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Analyzing the joint image-text generation of UniDisc

In Figure 2.21, we visualize how the model iteratively infills both image and text. This
raises the question - does UniDisc follow a certain strategy during generation (for example,
generating entire background first then moving to subject or generating text first before
image), or does it generate everything at once jointly. To analyze this, we take the final
model generated image, semantically segment it (using Grounded SAM 2 in our case) and
then see which concepts get generated at what timesteps. This is visualized in Figure
2.22. We find that UniDisc generates all concepts at once proportional to the overall
fraction of the image the concept occupies. We also investigated if the UniDisc has any
strong positional bias, such as first generating tokens in the middle and radially filling out.
However we find no such positional strategy and that UniDisc is positionally invariant.
Intuitively, this means that at any denoising step, all positions are equally likely to be

decoded.
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A giant . i i
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18 sailplane soars sailplane soars Aires with stunning sunset stunning_set views where
above the views where you enjoy a you enjoy__ dinner, DJ
above the .
Colosseum. rom dinner, DJ console, console, screens track your
Colosseum. screens track your favorite favorite Latin rhythms, and
A giant Agiant Latin rgythmsr and large large dance floor.
leafshaped ance floor
leafshaped . .
24 sailplane soars sail lafe soars On a special occasion at the On a special occasion at t_he
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Figure 2.21: We show how UniDisc jointly infills both image and text. argmax pg(xo | ;)
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Figure 2.22: We demonstrate that UniDisc uniformly generates all concepts at once.

Zero-shot length extrapolation of UniDisc

In this section, we demonstrate the ability of UniDisc to perform zero-shot flexible reso-
lution generation thanks to the use of RoPE embeddings on both text and image tokens.
UniDisc model was fine-tuned on 512x512 images—resulting in each image using 1024
tokens—but is able to infill at 1024x1024—resulting in 4096 tokens per image—without
further training. We demonstrate this in Figure 2.23.

Awhimsical, dreamlike painting of a forest, with a destroyed AT-AT in the distance, an eye-catching graphic art poster featuring a majestic winged lion from mythology, Agroup of friends hiking together through the misty fog, with a beautiful lake or
surrounded by towering mushrooms and glowing fireflies surrounded by flames and magic spells river in the distance

Figure 2.23: We train UniDisc on 512x512 resolution images but demonstrate zero-shot
inpainting at 1024x1024.
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2.8.7 Large Scale Quantitative Comparisons
Quantitative Generation Comparison with recent mulitmodal models

In Table 2.5, we evaluate UniDisc on the popular GenEval [GHS23] benchmark which
looks at how well a generated image adheres to the prompt in terms of a set of predefined
attributes (e.g., color, positioning). In Table 2.6, we compare FID on the popular MS-
COCO 30K [Che-+15] dataset on MJHQ-30K [Li+24a], which contains a higher proportion
of highly-aesthetic images.

We also compare to the reported results from UniD3 [Hu+23], which most closely
resembles our work.

Method Sing. Obj. Two Obj. Counting Colors Position Color Attr. Overall
SDv1.5 [Rom+22] 0.97 0.38 0.35 0.76 0.04 0.06 0.43
CoDI [Tan+24] 0.89 0.16 0.16 0.65 0.02 0.01 0.31
Lumina-mGPT [Liu+24] - - - - - - 0.32
UniDisc 0.92 0.47 0.15 0.67 0.13 0.19 0.42

Table 2.5: We evaluate UniDisc on the GenEval [GHS23] benchmark.

Method MSCOCO-30K FID | MJHQ-30K FID |
SDv1.5 [Rom+22] 11.12 -

CoDi [Tan+24] 22.26 19.87

UniD3 [Hu+23)? 25.11 :

UniDisc (Ours) 23.86 18.67

Table 2.6: We evaluate the 1.4B version of UniDisc on FID.
We use evaluate on MS-COCO 30K [Che+15] and MJHQ-
30K [Li+24a].

Method Params CUB200 FID |
UniD3 [Hu+23] 637M 17.38
UniDisc (Ours) 330M 11.03

Table 2.7: We compare our model to [Hu+23] on CUB200.

2Trained only on MS-COCO. Other works listed in this table trained on a broader set of datasets
(possibly including MS-COCO). In most cases, training on additional datasets likely harms dataset-specific
FID.
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2.8.8 Understanding the effect of Classifier Free Guidance (CFG)

In Table 2.11, we observe that CFG is a significant factor in the performance difference
between UniDisc and the AR baseline. We hypothesize that this is because CFG is most
useful in decoding the first few tokens, with diminishing utility in later tokens. To examine
this, we look at intermediate predictions by storing arg max py(x | x;) at each sampling
step. As an AR model cannot directly capture this distribution without an intractable
rollout, we opt to use the same UniDisc model but with an autoregressive inference strategy,
decoding from left to right. This allows us to directly compare the performance of different
inference strategies and how they interact with classifier-free guidance.

We visualize this in Figure 2.24, where we visualize the difference between the con-
ditional and unconditional image generated at different percentages of decoded tokens.
We notice two things: (a) the difference diminishes as more tokens are decoded and (b)
UniDisc consistently has higher distances between the logits than AR, which flattens out
more quickly.

e Figure 2.25: Comparing CLIP scores by ap-

0 20 40 60 80 100  plying CFG only on specific steps. This
% of decoded tokens shows CFG has the most impact on the ini-

tial denoising steps (total steps = 24).
Figure 2.24: L2 distance between uncondi-

tional and conditional logits on currently
masked tokens as sampling steps increase.

g 0.151 .

2 —— UniDisc

E —— AR

5 0.10 1 Steps | CLIP Score
3 [1—3] 0.301

£ [12 — 14] 0.293

£ 0.05 1 [22 — 24] 0.283

z All (24) 0.312

a

Intuitively, this means UniDisc extracts much more discriminating signal from CFG
compared to AR. We believe this is because UniDisc has much more flexibility to decode
tokens initially based on confidence, compared to AR which is forced to decode in a left
to right manner and thus, can course correct quickly and more effectively. This can be
seen in Table 2.25, where we selectively apply CFG only on a few steps and notice that
CLIP score when CFG is applied on steps 1-3 almost matches applying CFG on all, while
applying on the last few steps doesn’t affect things much at all.

Given the differences in CFG between UniDisc and AR models, we conduct a hyper-
parameter sweep over guidance scales in Figure 2.4. We compute FID and CLIP scores
over four datasets, and at both 115/340M parameters. We find that our AR baseline
benefits from a weight of w = 0.5 but sees far less improvement than UniDisc with CFG.
For UniDisc, we choose an overall weight of w = 1.5, but note that the CLIP score scales
cleanly with the guidance scale, demonstrating the trade-off between visual quality and
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prompt adherence.

Finally, in Figure 2.26, we show the effect of CFG on the generated image. We increase
the weight of the classifier-free guidance from w = 0 to w = 8 and observe the effect on
the generated image.

Figure 2.26: We show the effect of classifier-free guidance from left-to-right, starting with
w = 0, and increasing linearly to w 8 on the right, where output logits are Iy =
(1 + w)lcond + w * luncond'

Caption: "crab meditating, surfboard, orange sun setting, rainbow clouds, zen beach”

2.8.9 Inference: Generation time vs. batch size

We analyze the quality of the generation versus time in Figure 2.27. We make a similar
observation as in prior work [Ziv+24; Gat+24] on discrete diffusion, finding that the ability
to obtain predictions with varying sampling steps allows lower latencies. However, with
current implementations, KV caching in AR models results in higher throughput as the
batch size increases. This tradeoff can be explained by looking at the number of function
evaluations (NFEs) and the cost of each in both cases. In AR generation w/KV caching,
we have a fixed NFE, but each forward pass is substantially less expensive than in the
NAR case. In contrast, in NAR, we can use substantially fewer NFEs, but each is more
costly. Modern GPUs only reach peak throughput at larger batch sizes [Chi+24b]; as we
decrease the batch size, the difference in computation per function evaluation diminishes,
resulting in NAR having favorable performance.
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Figure 2.27: Generative Perplexity vs. Time with various models and sampling strategies.
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Chapter

Unified 2D and 3D Vision-Language
Understanding

3.1 Abstract

Progress in 3D vision-language learning has been hindered by the scarcity of large-scale
3D datasets. We introduce UniVLG, a unified architecture for 2D and 3D vision-language
understanding that bridges the gap between existing 2D-centric models and the rich 3D
sensory data available in embodied systems. Our approach initializes most model weights
from pre-trained 2D models and trains on both 2D and 3D vision-language data. We
propose a novel language-conditioned mask decoder shared across 2D and 3D modalities
to ground objects effectively in both RGB and RGB-D images, outperforming box-based
approaches. To further reduce the domain gap between 2D and 3D, we incorporate 2D-
to-3D lifting strategies, enabling UniVLG to utilize 2D data to enhance 3D performance.
With these innovations, our model achieves state-of-the-art performance across multiple 3D
vision-language grounding tasks, demonstrating the potential of transferring advances from
2D vision-language learning to the data-constrained 3D domain. Furthermore, co-training
on both 2D and 3D data enhances performance across modalities without sacrificing 2D
capabilities. By removing the reliance on 3D mesh reconstruction and ground-truth object
proposals, UniVLG sets a new standard for realistic, embodied-aligned evaluation. Code
and additional visualizations are available at univlg.github.io.

3.2 Introduction

Today’s real-world embodied systems rely on depth sensors and egocentric, calibrated
camera setups for navigation and interaction with their surroundings [Ahn+22; Chi+24a].
However, despite having access to rich 3D information, these systems predominantly use
2D vision-language models to interpret their sensory video input, rather than leveraging
3D models that incorporate depth and egomotion. At first glance, this reliance on 2D
models appears counterintuitive, as prior research has consistently shown that 3D models
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Figure 3.1: (A) UniVLG achieves state-of-the-art performance performance across a range
of referential grounding, question answering, and instance segmentation benchmarks. (B)
UniVLG is a unified model which accepts posed RGB-D sequences, or monocular 2D images
which are then lifted to 3D pointmaps. (C) UniVLG significantly benefits from joint 2D-
3D training, further boosted when all parameters are shared between modalities by using
2D-3D lifting. (D) Example task inputs/outputs for UniVLG.

outperform their 2D counterparts when trained on comparable amounts of data [Sid+23;
Kun+20; Fan+421; RVK22]. The key limitation, however, is dataset availability: while 2D
datasets are vast and well-curated, 3D datasets remain scarce and expensive to annotate
[Dai+17; Yes+23]. As a result, there are currently no high-performing, pre-trained 3D
encoders capable of processing 3D inputs at the same level as CLIP [Rad+21] does for 2D
images. This data imbalance has led to a significant performance gap, ultimately slowing
the widespread adoption of 3D models in embodied vision-language systems. Given these
challenges, is scaling 3D training data the only viable path to bridging this gap, or are
there alternative strategies for making 3D models more effective?

In this chapter, we introduce UniVLG, a unified 2D-3D vision-language model designed
to improve 3D understanding by leveraging large-scale 2D data and pre-trained 2D models.
UniVLG is trained on both 2D and 3D vision-language tasks, including referential ground-
ing, object detection, and question answering in images and 3D scenes. Unlike models that
operate directly on 3D point clouds, UniVLG processes RGB and RGB-D images—mnatural
sensory inputs for embodied agents—and supports both single-view RGB images or multi-
view posed RGB-D images. UniVLG processes each image with strong pre-trained 2D
backbones, which also constitute the majority of its parameters, and fully leverages their
representational power. It discriminates between 2D and 3D purely through the positional
encodings of 2D image patch features, which represent the 2D pixel grid locations in im-
ages and the 3D (X,Y,Z) coordinates in scenes, similar to [Jai+24]. When training on 2D
RGB images, we consider both 2D and 3D processing pathways within UniVLG, by using
predicted 3D pointmaps [Wan+24], which further narrows the domain gap between 2D
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and 3D input. We further introduce a novel language-conditioned mask decoder, shared
across both 2D and 3D input, which predicts segmentation masks by conditioning on both
visual features and language instructions to ground objects mentioned in the language in-
put. Segmentation masks serve as a unifying output representation because they involve
per-patch predictions, where each patch corresponds to either a 2D pixel or a 3D point. In
our experiments, we show that besides unifying the output space, decoding to 3D masks re-
sults in significantly more precise predictions, challenging the established paradigm which
decode bounding boxes or rely on object proposals. Our model is designed with the goal
of sharing all weights across RGB image and RGB-D image sequence processing.

We test UniVLG on established 2D and 3D vision language benchmarks [Ach+20;
CCN20]. We find that when trained exclusively on 3D data, UniVLG achieves state-of-
the-art performance across all established benchmarks, outperforming prior methods in
comparable settings by more than 15%. Furthermore, co-training UniVLG with 2D data
enhances its 3D performance even further, both on in-domain and out-of-domain bench-
marks. Notably, this improvement does not come at the expense of 2D tasks—UniVLG
retains strong performance on 2D referential grounding datasets [[Kaz+14] compared to its
version which is only trained on 2D referential grounding data. UniVLG directly uses sen-
sor point clouds without any mesh pre-processing of the RGB-D input and without relying
on ground-truth bounding box proposals, typically used in existing works and benchmarks
[Ach+20]. By benchmarking in these more realistic settings, we hope to encourage fu-
ture research that aligns more closely with the goals of embodied vision and promotes the
progress of 3D vision in practical, real-world scenarios.

In summary, our contributions are:

* Unified 2D-3D Visual Grounding: We propose a model that can consume and
benefit from both 2D and 3D vision-language data.

* State-of-the-Art Performance: UniVLG achieves state-of-the-art performance on
in-domain 3D referential grounding benchmarks, including ReferIt3D (SR3D, NR3D)
and ScanRefer, outperforming prior methods by a significant margin, while also ex-
celling in out-of-domain 3D referential grounding datasets.

* Language-Conditioned 3D Mask Decoder: We propose a novel language-conditioned

mask decoder head for 3D referential grounding and show its superior performance
over bounding box decoders.

* Realistic Evaluation Settings: We benchmark prior methods and UniVLG in realis-
tic, embodied-aligned settings by using sensor-generated instead of mesh-reconstructed
point clouds and without relying on ground-truth object proposals.

We make our code publicly available at univlg.github.io.

3.3 Related Work
Use of 2D data for 3D Visual Language Understanding Tasks Most 3D Visual

Language models directly operate over the provided 3D point clouds without using any
2D pre-trained features. SAT-2D [Yan+21] is one of the first 3D visual grounding model
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which used 2D visual features during training for aligning 2D and 3D visual features and
show significant boost over its versions that do not use 2D features. Recent methods in
3D Question Answering like 3D-LLM [Hon+23] and NaviLLM [Zhe+24a] use multi-view
2D features and pass them to LLMs for decoding answers. However, so far they haven’t
been able to successfully address 3D visual grounding tasks. PQ3D [Zhu+24b] uses a
combination of several visual backbones, including a 2D based feature backbone from
OpenScene [Pen+23b]. Recent work of EFM3D [Str+24] uses 3D feature volumes obtained
from lifting 2D image features but only evaluates on the task of 3D object detection and
surface reconstruction.

Another related line of research focuses on enhancing 2D vision-language models (VLMs)
with 3D reasoning. Spatial-RGPT [Che+24b] and Spatial-VLM [Che+24a] use depth es-
timation to enrich 2D models with spatial understanding. While these methods focus on
improving 2D perception, our approach leverages 2D-to-3D lifting to enhance multi-view
3D reasoning, bridging the gap between 2D and 3D for vision-language grounding.

The closest work to ours is ODIN [Jai+24], which also differentiates between 2D and
3D through positional encodings instead of using separate image and point cloud encoders.
However, they only consider the task of object segmentation. UniVLG is inspired by ODIN
and innovates over it in the following ways: a) It extends its applicability to referential
grounding and question-answering tasks. b) It improves the mask decoder to better incor-
porate language information. c¢) It shares all parameters between 2D and 3D pathways,
instead of a subset of them by lifting 2D images to 3D pointmaps. With these advance-
ments, UniVLG dramatically outperforms ODIN, and its extension LLaVA-3D [Zhu-+24a]
on 3D language grounding, demonstrating the importance of its design choices.

3D Visual Grounding Models 3D Visual Grounding Models can be broadly divided
into two categories: Two-stage methods and single-stage end-to-end methods. Two stage
methods first generate 3D object proposals and then select one proposal out of them. This is
the dominant paradigm: InstanceRefer [Yua+21], SAT-2D [Yan+21], ViL3DRel [Che+-22a)]
and recently scaled-up to models of 3D-VisTA [Zhu+23b] and PQ3D [Zhu+24b] which train
their model on multiple 3D datasets and tasks. Specifically, 3D-VisTA first pre-trains their
model on masked language/object modeling and scene-text matching, and then fine-tunes
to downstream several language understanding tasks of interest. PQ3D [Zhu-+24b] proposes
promptable object queries for 3D scene understanding. While it decodes masks for instance
segmentation tasks directly, it follows a 2D stage approach for free-form language grounding
and selects a mask from a set of object mask proposals. However, two-stage methods
are limited by the failures of the object proposal networks. To overcome this limitation,
single-stage methods like 3D-SPS [Luo+22] and BUTD-DETR [Jai+22] directly regress
3D bounding boxes. They achieve strong results, especially on benchmarks like ScanRefer,
which do not provide ground-truth proposals. However, they have only been trained on
individual tasks and datasets and have not been scaled up yet. In this work, we propose a
single-stage end-to-end model that is jointly trained on multiple 3D language understanding
tasks, and achieve state-of-the-art results on several benchmarks.

For additional related work, see Appendix (Section-3.8.14).
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3.4 Method

We show the architecture of UniVLG in Figure-3.2. The model takes as input a language
query, N RGB images of shape N x H x W x 3, and an associated 3D pointmap of
shape N x H x W x 3. The output consists of segmentation masks for each object men-
tioned in the sentence, a corresponding text span that refers to each segmented object,
and optionally, generated text that answers the question. In datasets such as ScanNet,
we obtain the 3D pointmap by unprojecting the sensed depth images using the camera
parameters and standard pinhole-camera equations. For RGB images from 2D datasets
like RefCOCO [Kaz+14], we use a neural 2D-to-3D lifting model [Wan+24], which takes a
(monocular) RGB image as input and predicts a 3D pointmap. Note that the 3D pointmap
does not need to be metric—in fact, our 3D pointmaps for 2D datasets are represented in
relative space.
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Figure 3.2: UniVLG Architecture: A vision language transformer that accepts a language utterance
and either (1) a sequence of posed RGB-D images or (2) a monocular RGB image, lifted to 3D (2D to
3D Projection). UniVLG fuses information across vision and language to predict 3D object segments or
generate answers. It uses a ViT backbone followed by 3D relative attentions to produce a set of 3D feature
tokens. The proposed decoder then iteratively updates a set of learnable queries as well as the 3D feature
tokens though token - language - query attentions to decode object segments and match them to noun
phrases in the input referential utterance. Masks are decoded through a dot-product between 3D feature
tokens and learnable queries. A text decoder predicts answers for the input questions by conditioning on
the set of updated object queries.

Visual Encoder: We encode each RGB image independently using DiNO VIT en-
coder [Oqu+24], and add several 3D attention layers [Jai+24] on top of features from
multiple layers. Specifically, we apply 3D k-NN attention with relative positional embed-
dings to fuse information across the input RGB views. This attention mechanism uses
feature maps from the ViT encoder, with 3D pointmaps serving as the positional embed-
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dings. Since our attention mechanism is relative, our model does not require a metric
pointmap.

Language Encoder: We embed the natural language query using JinaCLIP [Kou-+24],
generating tokens of shape M x F' where M is the number of tokens and F' is the feature
dimension.

Language Conditioned Mask Decoder: The mask decoder head takes as input the
encoded visual features, their corresponding (relative) 3D coordinates, and the encoded
language utterance; it outputs 3D segmentation masks of the mentioned objects and a text
span over the encoded language utterance. Our mask decoder head draws inspiration from
Mask2Former [Che+22b] and makes important architectural changes to make it suitable
for 3D referential grounding.

We initialize a set of M learnable object queries, each responsible for decoding an object
instance. We concatenate these object queries with the language tokens along the sequence
dimension. We alternate between cross-attention between these and the visual tokens and
self-attention among these concatenated queries and text tokens. Instead of using a vanilla
cross-attention layer, we follow Mask2Former and use a masked variant where each query
only attends to the points falling within the corresponding instance mask predicted by
the previous layer. For this operation, we add 3D positional embeddings on the visual
features. Next, the visual tokens from the backbone are updated by cross-attending to
the updated object and text tokens. Specifically, let Q(® € RM*P be the initial object
queries, T € RX*P be the text tokens, and V(© € RV*P be the 3D visual tokens. The
query refinement process can be described as:

X0 =1Q";T);
XD — Norm(MaskedCrossAttention(X ®, V®) 4 X @)
X = Norm(SelfAttention(X 1)) 4 x+1)
V) = Norm(CrossAttention(V®, X D) 4 /@)y,

where [; ] denotes concatenation along the sequence dimension, and i is the layer index. The
refined queries after each decoder layer QU+!) = Xl(f;\}l) are then used for mask prediction
with the updated visual features and for language grounding.

We find that updating visual features via attention to queries and text tokens is crucial
for 3D-referential grounding. Open-vocabulary mask decoders, such as those in ODIN [Jai+24]
and X-Decoder [Zou+23], which extend Mask2Former’s decoder to accept language tokens,
do not update visual features during query refinement as in our method. Although their
approach is sufficient for 3D instance segmentation, our experiments show that this choice
significantly hinders performance in decoding object masks for 3D referential grounding
(Table 3.7). Object2Scene [Zhu+23a], which decodes 3D bounding boxes for referential
grounding, finds that only updating queries is sufficient. However, our ablation studies
show that while this holds true for bounding box decoding, updating visual features dur-
ing query refinement is crucial for accurately decoding masks (Table 3.5b).

After attending to text and visual features, the refined object queries decode object
segments through a token-wise dot-product with the updated visual features to produce
mask logits which are then thresholded to obtain segmentation masks:
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M; = o(sigmoid(QY - V7)), (3.1)

where M; is the mask for the i-th object query, o is a threshold function, and - denotes
dot product.

Text Decoder: Beyond decoding segments, the refined object queries are used as
input to the decoder of a pre-trained T5 [Raf+20] decoder to generate answers to questions,
following PQ3D [Zhu+24b]. This is useful for question-answering tasks where the output
is a text sentence.

3.4.1 Supervision Objective

Mask Loss: We match queries to ground-truth instances using Hungarian Matching
[Car+4-20]. We supervise the matched queries’s predicted masks with both a Binary Cross

Entropy (BCE) and Dice loss following Mask2Former [Che+22b].
Text Span Loss: Similar to prior works [Li+22a; Kam+21; Jai+22], we match the

predicted 3D object segmentations to the relevant noun phrases in the input utterance
through a dot-product between the object queries and the language tokens, generating the
distribution G; over the input text sentence for the ith query:

G; = sigmoid(f,(Q") - fo(T™)) (3.2)

where f4 and fy are MLPs, G, is the grounding distribution for the i-th object query over
the input text tokens. We supervise these grounding distributions with a BCE loss, with

unmatched queries supervised to have a low probability.
Box Loss: We observe a failure mode in our model where, when trained with the

aforementioned objectives, some masks include a small number of distant, unrelated points,
or multiple instances of the same object category are predicted by a single object query (see
Figure 3.5 in Appendix). To address this, we introduce a novel box loss. This loss computes
an enclosing 3D bounding box for each predicted mask and supervises it using standard box
prediction losses—L1 and Generalized Intersection-over-Union (GIoU) [Rez+19]—against
the ground-truth bounding boxes. We incorporate this box loss as an additional cost in
both Hungarian matching and the final loss. This encourages the model to produce more

accurate and compact masks, leading to improved downstream performance.
Text Generation Loss: For question answering tasks, our model decodes a text

utterance as an output. We supervise the generated text with the ground-truth text answer
using standard cross-entropy loss. In summary, our complete loss function is as follows:

Etotal = )\maskﬁmask + )\text/:'text + >\b0x£box + )\genﬁgen (33)

where L.q¢ is the mask loss comprised of binary cross entropy and dice losses, Loyt is
the loss for matching the object queries to the mentioned objects in the language sentence,
Lyox are the additional bounding box losses described earlier, and Ly, is the cross-entropy
loss over the auto-regressively generated answer (in case of question-answering datasets).

UniVLG shares all learnable parameters between 2D and 3D by leveraging 2D-to-3D
lifting strategies to generate pointmaps for 2D datasets, which are seamlessly integrated
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into 3D attention layers. Additionally, the mask decoding head unifies the output space
between 2D and 3D as per-pixel segmentation masks, enabling the sharing of both loss
functions and decoder parameters across modalities.

Implementation details: UniVLG consists of 108M trainable parameters along with a
frozen 220M parameter text-encoder [Kou+24] and a 304M parameter image-encoder [Oqu-+24].
At test time, we feed all images to our model with a 90-frame scene taking ~1050ms and
~15GB of VRAM on an A100 GPU. We refer to Section 3.8.2 for further details.

3.5 Experiments

We evaluate our model on 3D and 2D referential grounding, 3D question answering and 3D
instance segmentation benchmarks. We train our model on the 3D referential grounding
datasets of SR3D, NR3D [Ach+20] and ScanRefer [CCN20] and 3D instance segmenta-
tion datasets of ScanNet200 [RLD22] and Matterport3D [Cha+17]. In addition to the 3D
datasets, we also train our model on 2D referential grounding datasets with RefCOCO,
RefCOCO+ and RefCOCOg [Kaz+14], and 2D image segmentation dataset with COCO
[Lin414]. We present results for two model versions: one trained solely on 3D data
(UniVLG-3D-only) and the other trained jointly on both 2D and 3D datasets (UniVLG).

3.5.1 Evaluation on 3D Referential Grounding

Following BUTD-DETR [Jai+22], we test on two evaluation setups: 1. Det, where our
model and baselines do not have access to ground-truth 3D boxes of objects in the scene,
and 2. GT, where our model and baselines use ground-truth 3D object proposals provided
in the benchmarks.

Additionally, these benchmarks sample point clouds from reconstructed and post-processed
meshes instead of directly using the raw point clouds obtained from sensor inputs. As
observed in prior works [Jai+24; Kun+20], mesh-sampled point clouds often exhibit fine-
grained misalignment with sensor-generated point clouds, which can unfairly disadvantage
sensor-based approaches on these benchmarks. To address this, we benchmark our method
and prior methods in a more embodied-aligned setting using sensor point clouds directly.
We thus evaluate all methods on benchmark-provided point clouds sampled from the post-
processed mesh (Mesh), and separately retrain and evaluate a subset of methods on sensor
point clouds (Sensor) obtained by unprojecting posed RGB-D images.

Evaluation Metrics: We use the standard top-1 accuracy metric. For the Det setup, a
predicted bounding box is considered correct if its intersection over union (IoU) with the
ground truth box is higher than a predetermined threshold (we use the standard 0.25, 0.5
and 0.75). As UniVLG predicts masks (instead of axis-aligned bounding boxes), we obtain
a bounding box by taking the extents of the mask. For the GT setup, we pool visual features
inside the given ground-truth masks, and the object queries predict a segmentation mask
over the “pooled” feature tokens, one token per object. The prediction is correct if the
model selects the feature token corresponding to the ground-truth object.

Baselines: We compare our model against the state-of-the-art two-stage methods of 3D-
VisTA [Zhu+23b], PQ3D [Zhu+24b] and concurrent work of LLaVA-3D [Zhu+24a]; and the
SOTA single-stage method of BUTD-DETR [Jai+22]. UniVLG uses significantly less 3D
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Table 3.1: Results on 3D language grounding in 3D mesh and sensor point clouds
(PC). We evaluate top-1 accuracy on the official validation set with assuming ground-truth
(GT) or without assuming ground-truth proposals (Det).

SR3D NR3D ScanRefer
Acc Acc  Acc Ace Acc Acc  Acc Ace Acc Acc  Acc
Method @25 @50 @75 (GT) @25 @50 @75 (GT) @25 @50 @75
(Det) (Det) (Det) (Det) (Det) (Det) (Det) (Det) (Det)
Referlt3DNet [Ach+20]  27.7 - - 308 240 - - - 264 169
ScanRefer [CCN20] - - - - - - - - 355 224
InstanceRefer [Yua+21] 315 - - 48.0 299 - - - 40.2 329
LanguageRefer [Roh+22]  39.5 - - 56.0 28.6 - - - - -
Mesh SAT-2D [Yan+21] 354 - - 57.9 317 - - - 445 301
PC  BUTD-DETR [Jai+22] 52.1 - - 67.0 433 - - 54.6 522 39.8 -
3D-VisTA [Zhu+23b) 56.5 515 428 764 477 422 355 651 51.0 46.2 36.7
LLaVA-3D [Zhu+24a] - - - - - - - - 54.1 422 -
PQ3D [Zhu-+24b] 62.0 559 46.2 79.7 52.2 45.0 37.6 66.7 56.7 51.8 43.3
ODIN [Jai+24] 381 293 231 - 31.6 208 158 - 431 334  26.2
SensorBUTD_DETR [Jai+22] 43.3 289  6.58 - 322 194  3.64 - 422 279  6.53
PC 3D-VisTA [Zhu+23Db] 472 432 36.1 614 421 374 320 542 464 425 36.3
UniVLG-3D-only (Ours) 71.6 63.8 494 78.9 525 433 342 65.8 60.7 532 426
UniVLG (Ours) 73.0 64.8 51.8 - 56.3 48.0 37.6 - 63.5 56.4 46.0

training data than prior SOTA 3D referential grounding models. For example, 3D-VisTA
[Zhu+23b] trains on the previously mentioned 3D datasets that we use but also includes
3RScan (1500 scenes) [Wal+19], Objaverse (700k objects) [Dei+22], and additional text
sentences on ScanNet generated using GPT-3 (see Table-3 of 3D-VisTA). Similarly, PQ3D
adds the Multi3DRefer [ZGC23] and Scan2Cap datasets [Che+20], but also utilizes a point
encoder that was trained on all 3D-VisTA datasets. All two-stage baselines assume access
to ground-truth proposals at test-time in the SR3D and NR3D benchmarks; hence we re-
evaluate them with predicted boxes coming from a SoTA object detector, Mask3D [Sch+23].
We also re-train 3D-VisTA and BUTD-DETR with sensor point clouds. Despite our best
efforts, we could not manage to re-train PQ3D with sensor point clouds due to their use
of multiple backbones, and multi-stage training strategies. We also compare our model
with ODIN [Jai+24] trained for 3D language grounding using their architecture but our
grounding losses. The 3D referential grounding results are presented in Table 3.1, from
which we find:

UniVLG outperforms prior methods, regardless of data selection, on all se-
tups which do not assume GT boxes. Even without our joint 2D training strategy—
and with less 3D data than prior methods—UniVLG-3D-only significantly outperforms
all prior methods. It dramatically outperforms alternative single stage models, such as
BUTD-DETR, on the stricter IoU threshold of 0.75, thanks to predicting masks instead of
bounding boxes—as we demonstrate later in Table 3.5¢. In the GT setup as well, UniVLG
significantly outperforms 3D-VisTA and closely matches the performance of the recent
work of PQ3D in the setup where PQ3D uses mesh point clouds, while UniVLG operates
over sensor point clouds.

Co-training UniVLG with 2D and 3D data enhances 3D performance across all
3D vision-language grounding benchmarks, demonstrating that leveraging 2D data during
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training provides additional benefits beyond initializing the model with pre-trained 2D
weights (row-5, sensor PC, Table 3.8).

Performance of all prior SOTA models drop with sensor point cloud as input
and without assuming GT boxes: Both single-stage methods like BUTD-DETR and
two-stage methods like 3D-VisTA have a performance drop of 5-15% when using sensor
RGB-D point clouds as input instead of mesh point-clouds. The sensor point cloud and
mesh point clouds have fine-grained misalignment, resulting in this drop. Shifting from
ground-truth box proposals to a more realistic setup of using predicted box proposals from
a SOTA detector results in a drop of 15-20% in accuracy. Nonetheless, even when UniVLG
uses sensor pointclouds (which as we showed above result in a 5-15% accuracy drop on
these benchmarks), it still outperforms the baselines that use mesh point clouds as input.

Qualitative results of UniVLG are in Figure 3.3 (Appendix).

3.5.2 [Evaluation on Out-of-Domain 3D Referential Grounding

We evaluate our model and baselines on LX3DT, an out-of-domain 3D language grounding
dataset that spans ScanNet [Dai+17], ScanNet++ [Yes+23], ARKitScenes [Bar+21], and
HM3D [Yad-+23] (details in Section 3.8.3). LX3D allows us to assess the robustness of
our model on new scenes, camera capture systems, and language instructions. We show
the results of our model, both a 3D-only variant and our full model w/2D data + lifting
in Table 3.2. We find that our model outperforms prior methods on these out-of-domain
datasets, achieving strong performance across the board.

3.5.3 Evaluation on 3D Question Answering

We test UniVLG on ScanQA [Azu+22] and SQA3D [Ma+22] question answering bench-
marks. ScanQA [Azu+22] focuses on spatial relations. Alongside question-answer pairs,
the dataset includes annotations for the objects referenced in the question, and we super-
vise our model to predict these in addition to generating the answer. SQA3D [Ma-+22]
provides pairs of situation descriptions and questions regarding embodied scene under-
standing, navigation, common sense and multi-hop reasoning, such as, “looking for some
food in the fridge”, “which direction should i go?” and the task is to generate the correct
answer ( “right”).

Table 3.2: Out-of-Domain 3D Referential Grounding Acc@25 in Det. From left-
to-right, ScanNet++, HM3D, ARKitScenes, ScanNet (GT), ScanNet (SAMPro3D). See
Section 3.8.3 for details.

Model SN++ HM3D ARKit SN-GT SN-SAM
UniVLG-3D- 42.4  49.7 64.6 77.0 50.9
only

UniVLG 42.8 51.9 65.1 799 52.5

TLX3D is contributed by a concurrent anonymous submission and is not part of our contributions.
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Table 3.3: Results on 3D Visual Question Answering on official validation sets. We
evaluate top-1 exact match accuracy (EM@Q1).

Method ScanQA SQA3D
3D-LLM (BLIP2-flant5) [Hon+23] 20.5
. PQ3D [Zhu+24D)] 21.0 47.0
Mesh PO 35 VisTA [Zhut23b) 22.1 47.5
NaviLLM [Zhe+24a] 23.9 -
Sensor PC 3D-VisTA [Zhu+23b] 21.6 46.9
SOt TV UniVLG (Ours) 25.7 50.2

Evaluation Metrics: We use the established Exact Match (EM@1) metric, which mea-
sures if the generated answer matches either of the two answer candidates provided by
ScanQA, or the single ground-truth answer provided by SQA3D. We also report results
with additional metrics in Appendix (Table 3.11).

Baselines: We compare against the LLM based methods of 3D-LLM [Hon+23] and Nav-
iLLM [Zhe+24a] which use BLIP2-flanT5 [Li+23b] and Vicuna-7B [Pen+-23a] as their an-
swer generation heads. We also compare with 3D-VisTA [Zhu+23b] and PQ3D [Zhu+24D)]
which use small decoder heads like T5-small [Raf+20], similar to our approach. We show
results in Table 3.3 on the validation sets of these benchmarks. UniVLG outperforms all
prior baselines on both benchmarks. We found that using sensor point clouds vs mesh
point clouds does not result in a significant difference in performance in these benchmarks,
likely because the models are evaluated on text generation instead of localization of objects
as in 3D referential grounding and segmentation benchmarks.

Additionally, we show results on 3D instance segmentation in Section 3.8.1.

3.5.4 Evaluation on 2D Referential Grounding

We also evaluate UniVLG on the 2D Referential Grounding benchmarks [Kaz+14] (Ta-
ble 3.4). We train two versions of our model: UniVLG (2D only), which is trained exclu-
sively on 2D datasets, and UniVLG (2D-3D), which is trained on both 2D and 3D data.
Our results show that co-training with 3D data does not degrade the performance of the
version trained solely on 2D data. This demonstrates that it is indeed possible to train
a single model for both 2D and 3D tasks. As we show in our experiments, this approach
leads to significant improvements in 3D performance without negatively affecting 2D per-
formance. In this work, due to our focus on improving 3D vision-language grounding and
resource constraints, we did not train our model on additional 2D datasets, which is com-
mon in prior work. Scaling up these models with more 2D data and studying its impact
on 3D vision-language grounding is a promising avenue for future research.

Table 3.4: Results on val sets of 2D Ref. grounding datasets

RefCOCO RefCOCO+ RefCOCOg

LAVT [Yan+22] (B) 2.7 62.4 61.2
ReSTR [Kim-+22] 67.2 5.7 54.5
X-Decoder (T) [Zou+23] - - 61.9
X-Decoder (B) [Zou+23] - - 64.5
X-Decoder (L) [Zou+23] - - 64.6
UniVLG (2D only) 69.4 61.3 64.0
UniVLG (2D-3D) 69.2 61.3 64.1
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Table 3.5: Analysis of Box Head vs Mask Head on ScanRefer Dataset with Acc@25
if not otherwise stated.

(a) Parametric vs Non- (b) Updating Visual Fea- (c) Results at Various IoU

parametric Query tures Thresholds

Query Type Box Head Mask Head Feat Attn Box Head Mask Head Acc@25 Acc@Q75
Param 23.9 54.4 v 33.9 54.4 Box Head 34.5 1.1
Non-param 34.5 43.9 X 34.5 41.5 Mask Head  54.4 33.2

Table 3.6: Analysis of 2D training strategies Acc@25 in DetSetup

Model Avg Accuracy SR3D NR3D ScanRefer
UniVLG-3D-only 61.6 71.6 52.5 60.7
UniVLG-2D-3D(w/o  2D- 62.7 73.0 53.5 61.5
3D lifting)

UniVLG-2D-3D(w/ 2D-3D 64.3 73.0 56.3 63.5

lifting)

Table 3.7: Ablations Acc@25 in DetSetup

Model Avg Accuracy SR3D NR3D ScanRefer
UniVLG 61.0 67.1 55.7 60.2
w/o mask decoder w/ box 39.3 389 33.2 45.7
decoder

w/o feature attn 36.9 38.0 30.0 428
w/o pretrained 2D weights 53.4 54.3 49.1 56.9
w/o mask bounding box loss 56.8 64.3 49.5 56.7

3.5.5 Ablations

We ablate a series of design choices of our model on referential grounding datasets of SR3D,
NR3D, and ScanRefer on Table 3.6 and Table 3.7; and on ScanRefer dataset in Table 3.5.
We have the following conclusions:

1. Lifting 2D datasets to 3D improves 3D performance. In Table 3.6, we
compare three variants of our model: one trained only on 3D data, one trained with 3D data
and 2D images without lifting them to 3D (where the 3D layers are skipped for 2D inputs,
following [Jai+24]), and our proposed approach of lifting 2D images to 3D pointmaps.
We observe that incorporating 2D data improves performance in both scenarios, but our
approach of lifting 2D images to 3D achieves the best results. In Section 3.8.11, we show
in a more controlled setting that training without using 3D pointmaps—by skipping the
3D layers—results in significant overfitting to individual 2D-3D domains.

2. Decoding boxes is inferior to decoding segmentations. Shifting from decod-
ing segmentation masks to decoding bounding boxes hurts performance (row 2 of Table 3.7),
especially in tight IoU thresholds IoU@Q.75, shown in Table 3.5c¢.

3. Visual tokens updating through attending to language and queries during
mask decoding is essential for good performance in 3D referential grounding, as shown
in row 3 of Table 3.7. This is potentially because the mask decoding head relies on dot-
products of queries and features to predict masks; and thus having both object queries
and visual features to be very well distinguished for different instances of the same object
is crucial. This design choice is unique to mask decoding heads, as we show in Table 3.5b.
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Box-decoding models work similarly well irrespective of updating the visual tokens with
language and object tokens. This variant is very close to ODIN’s open vocabulary head,
which also lacks such attention operations, and as we show it does not work well for
referential language grounding.

4. 2D feature pretraining dramatically improves performance as shown in row
4 of Table 3.7.

5. The predicted mask bounding box loss helps significantly as shown in row
5 of Table 3.7.

6. Non-Parametric Queries are crucial for decoding boxes prediction, while
parametric queries work well for decoding segments. There are two popular choices
for object queries: Parametric Queries which are scene-independent learnable vectors, ini-
tialized from scratch, and are updated via attention. Non-Parametric Queries, which are
scene-dependent, and are typically initialized by doing Farthest Point Sampling on the
input point clouds and encoding the corresponding xyz locations as query positional em-
beddings and corresponding features as query feature embeddings. Using non-parametric
queries are crucial for box-decoding heads, while both queries work similarly well for mask-
decoding heads (Table 3.5a). Box-decoding heads need to regress raw XYZ coordinates in
3D space; the search space is large and sparse—as most of it is empty—and parametric
queries have difficulty handling such free space, as already mentioned in 3DETR [MG.J21].
Mask decoding uses dot-product between queries and visual tokens coming from the 3D
backbone, and thus does not need to reason about 3D free space.

3.6 Conclusion

We present UniVLG, a vision-language model that integrates 2D and 3D data to address
data scarcity in 3D vision-language learning. By leveraging pre-trained 2D features, 2D-
to-3D lifting strategies, and a novel mask decoder head, UniVLG significantly outperforms
prior methods in realistic embodied 3D vision settings while maintaining strong 2D un-
derstanding. Our extensive ablations validate key design choices: (1) Mask decoding is
superior to box decoding, and each proposed component is crucial for its success. (2) Pre-
trained 2D features improve performance, and co-training 3D vision-language tasks with
2D data provides additional gains. (3) Incorporating 2D-to-3D lifting strategies further en-
hances 3D understanding when training with 2D data. More broadly, our findings suggest
that scaling 3D data is not the only path forward—Ileveraging 2D data and pre-trained
features can effectively enhance 3D reasoning. We hope UniVLG inspires further research
into vision-language models that bridge 2D and 3D for real-world applications.
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3.8 Appendix

3.8.1 Evaluation on 3D Instance Segmentation

Table 3.8: Evaluation on 3D Instance Segmentation Benchmarks. (S) and (M)
denotes models trained on sensor and mesh point clouds respectively.

(a) ScanNet200 (b) Matterport3D

Model mAP mAP25  Input  Model mAP mAP25

Mask3D [Sch+23] (S) 155 243 Closeq MasksD [Sch+23] (8) 2.5 10.9

Mask3D [Sch-+25] (M) 274 423 0% Mask3D [Sch+23] (M) 113 239
Closed PQ3D (closed) [Zhu+24b] (M) 27.0  46.3 Vocabulatg o ai+24] (S 145  36.8
Vocabulai@ueryFormer [Lu+23a] (M) 28.1 43.4

MAFT [Lai+23] (M) 292 433 LanguageUniVLG (Ours) (S) 10.7 24.5

ODIN [Jai+24] (S) 31.5 53.1 PromptedUniVLG-2D-3D (Ours) (S) 13.4  29.6

Laneta e_PQ3D (open) [Zhu+24b] (M)  20.2 32.5
BUA N iVLG-3D-only (Ours) (S)  27.9  46.1

PromptedUnivLG (Ours) (S) 31.0 52.1

We test UniVLG on 3D segmentation benchmarks of ScanNet200 [RLD22] and Matter-
port3D [Cha+17] for instance segmentation tasks. These benchmarks have a fixed vocabu-
lary of objects (200 classes in ScanNet200 and 160 classes in Matterport3D). SOTA models
like ODIN [Jai+24] and Mask3D [Sch+23] train and evaluate in this fixed vocabulary setup
by predicting a distribution over the fixed set of classes and supervising with softmax losses.
PQ3D [Zhu-+24b] evaluates in a language-prompted setup where they supply object names,
one object at a time, and gather predictions for all objects in the vocabulary. They compare
with a closed-vocabulary version of their model, and find that their language-prompted ver-
sion is about 7% worse than their closed vocabulary version due to ambiguities in class
names confusing CLIP (eg. “chair” and “armchair”; “table” and “desk” are different cate-
gories in ScanNet200). We follow PQ3D and evaluate our model in the language-prompted
setup. The input to the model is a concatenation of all object classes of the benchmark as
a long sentence (eg: “chair. table. sofa. bed. ....”). While PQ3D cannot predict multiple
object classes simultaneously, and hence have to supply one object at a time, our model
can simulatenously decode masks for all objects mentioned in the sentence. The results are
shown in Table-3.8 on the official validation splits of these benchmarks. We observe that
UniVLG outperforms PQ3D in the language-prompted evaluation setup on ScanNet200.

3.8.2 Additional Implementation details

UniVLG consists of 108M trainable parameters along with a frozen 220M parameter text-
encoder [Kou+24] and a 304M parameter image-encoder [Oqu+24]. For ablations in Ta-
ble 3.7 and 3.5, we use a 88M parameter Swin [Liu+21] image-encoder. We train in
data-parallel across 32 A100 80G GPUs with an effective batch size of 64. We use Sca-
nEnts3D [Abd+23] version of ScanRefer [CCN20] and Referit3D [Ach+20] which provides
object annotations for all noun words in the language sentence. During training, we process
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either a sequence of N posed RGB-D images, or a single RGB image. During training, the
model processes either a sequence of N posed RGB-D images or a single RGB image. For
2D images, we apply a 2D-to-3D lifting strategy with a 50% probability. When lifted, the
images pass through all 2D-3D layers; otherwise, they remain in 2D space, skipping the 3D
attention layers. At test time, we retain 2D images in their original space to prevent noise
from predicted 3D pointmaps from impacting 2D performance. For 3D scenes, we compute
CLIP embeddings for all images and captions and use this to select 5 relevant frames, with
an additional 10 frames coming from Furthest-Point-Sampling (FPS) in the CLIP embed-
ding space, for a total of 15 frames. At test time, we feed all images in a scene to our model.
For validation results, we perform span prediction to identify the primary subject from a
given utterance. We found that prompting an LLM [Dub+24] with examples specific to a
given dataset to result in better performance compared to traditional NLP libraries. We
use Jina-CLIP [Kou+24] as the text-encoder, as it supports arbitrary input-length. We
jointly train our model on all datasets, with text generation loss only active in question
answering datasets. Our method provides for fast inference, with a 90-frame scene taking
~1050ms and ~15GB of VRAM on an A100 GPU.

3.8.3 More details on Out-of-domain LX3D datasets

Note: This collection of these out-of-domain datasets is not our contribution, but comes
from a concurrent anonymous submission. We include the following details for the infor-
mation of the reader.

The data is collected using an off-the-shelf annotation interface which allows for se-
lecting rectangular regions on 2D videos and associating them with text. 3D instance
masks are projected into 2D and shown alongside the RGB camera view. For ScanNet-GT
[Dai+17], HM3D [Yad+23] and ScanNet++ [Yes+23], ground truth instance masks are
used that are provided by the dataset. For ARKitScenes [Bar+21], and ScanNet-SAM,
instance masks produced by SAMPro3D [Xu-+23] are used. Annotators have the ability to
conglomerate multiple instance masks into a single object — this proved necessary for SAM-
Pro3D segmentations, which tended to break large objects into many subparts. This is in
line with ScanNet’s instance segmentation procedure in which annotators stitch together
an automatically-generated oversegmentation of a 3D scene.

In addition to grounding the target object, annotators were asked to provide object
grounding for all other nouns in the phrase they provided. For SAMPro3D masks, an-
notators could select any object they wished as a target. In later iterations of the task,
for ScanNet and ScanNet++, a mask was highlighted in white with at least 1 distractor
to serve as the target object for description. This is in line with prior literature which
observed that the 3D referential grounding task is most challenging in the high-distractor
case [CCN20].

While it was found that annotations on ScanNet and ScanNet++ were relatively reliable
from a first pass, considerable mask/bounding box noise was observed when collecting
annotations on SAMPro3D instance masks. To address this, a separate validation task was
created. In this task, annotators saw a video similar to the video provided in the generation
task, but only the selected masks for a particular language sample were highlighted. The
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referential expression description was also shown. This improved the quality of SAMPro3D
samples substantially, but it also drastically slowed the collection rate.

Annotation setup The annotation setup largely mirrors ScanRefer [CCN20] — annota-
tors simply describe objects in a one-step fashion rather than the two-player game format
of NR3D [Ach+20]. A 2D video interface was used for the task, projecting 3D instance
masks to 2D. Annotators can write full referring expressions and associate particular in-
stance masks with particular tokens in the expressions. They may also agglomerate two
or more instances into one.

When ground-truth instance masks are available (as in ScanNet and ScanNet++), these
are used as the basis for annotation. When they are not available, instance masks are
generated using SAMPro3D [Xu+23].

Decomposed by scene dataset, LX3D contains:

1. ScanNet: 4,470 language annotations covering 130 venues and 1038 objects for

validation.

2. ScanNet++: 3,774 language annotations covering 50 venues and 1,303 objects for

validation.

3. ARKitScenes: 1,416 language annotations covering 714 venues and 2,322 objects

for validation.

3.8.4 Effect of Fine-tuning 2D backbones in UniVLG

We study the effect of fine-tuning the 2D backbones on in-domain and out-of-domain
performance. We train two versions of UniVLG with swin backbones, one with fine-tuning
and the other without fine-tuning. For training, we use SR3D and NR3D, and evaluate
on the validation sets of SR3D, NR3D (in-domain) and ScanRefer (out-of-domain). The
results of the experiments are shown in Table-3.9. We find that both models work similarly
well, both in-domain and out-of-domain.

Table 3.9: Effect of Fine-tuning 2D backbones of UniVLG for Acc@25 in DetSetup.
SR3D and NR3D are in-domain and ScanRefer is out-of-domain

Model SR3D NR3D ScanRefer
UniVLG w/ fine-  65.6 52.7 54.4
tune

UniVLG w/o  66.7 52.0 54.5
finetune

3.8.5 Performance with different backbones

We demonstrate that the performance can scale with the strength of the backbone. Specif-
ically we use a DINOv2 [Oqu+24] backbone consisting of 1.1B parameters, scaling over 5x
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compared to the Swin backbone. To achieve high-performance during training, we freeze
the backbone, although we note that it is possible that additional performance could be
obtained with efficient fine-tuning techniques such as LoRA [Hu+21]. In Table-3.10, we
find that adding this backbone boosts performance on all 3 language grounding datasets,
with substantial margins of 4.5%, 1.9%, and 3.4% @ 0.25 on SR3D, NR3D, and ScanRefer

respectively.

Table 3.10: Ablation of visual backbones on 3D language grounding. We evaluate top-1
accuracy on the official validation set without assuming ground-truth proposals (Det).

Method SR3D NR3D ScanRefer
Acc Acc Acc Acc Acc Acc Acc Acc Acc
@25 @50 @v5 @25 @50 @T5 @25 @50 @75
(Det) (Det) (Det) (Det) (Det) (Det) (Det) (Det) (Det)

UniVLG (Swin) 67.1 587 464 50.6 419 322 573 498 40.2
UniVLG (DINOv2) 71.6 63.8 494 525 433 342 60.7 532 426

3.8.6 Additional Metrics on ScanQA Dataset

We report additional standard metrics used by ScanQA benchmark in Table-3.11.

3.8.7 Visualizations of UniVLG on Referential Grounding Datasets

We show the visualization of UniVLG on 3D referential grounding in Figure-3.3 and on 2D
referential grounding in Figure-3.4.

3.8.8 Visualization of common failure modes of UniVLG

We identify three systematic failure modes in our model, illustrated in Figure-3.5.

* Inclusion of distant outlier points in the predicted masks: In the first image of
Figure-3.5, while UniVLG accurately predicts the object, it also mistakenly includes
some distant points in the mask. This leads to a larger bounding box during the
mask-to-bounding box conversion in post-processing, negatively affecting accuracy
metrics. Although our proposed box loss mitigates this issue, it doesn’t fully resolve
it.

* Multiple instances of the same object being segmented together: As shown
in the middle image of Figure-3.5, UniVLG predicts both beds as a single output.
Incorporating attention to language and queries helps reduce such errors, though
they still persist. Our box loss also aids in addressing this issue.

* Failures in language understanding as seen in the third image of Figure-3.5.
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ScanRefer

“The desk is to the right of the bench. “The shelf is on top of the desk. “The wall soap dispenser. the
The desk has a laptop on top of it.” The shelf is a white rectangle.” dispenser is above the sink.”

SR3D

“The chair that is in the center “Find the plant that is on the end table.” “The chair that is in the middle
of the door and the laptop.” P : of the door and the backpack.”

NR3D

“These are the kitchen cabinets
“The table closest to the green tall trash can.” “Facing the half table the left chair.” that are located directly above
the stove and refrigerator.”

Figure 3.3: Visualizations of UniVLG on 3D Referential Grounding Datasets of
ScanRefer, SR3D, and NR3D The red masks indicate UniVLG’s prediction for the
target object, and pink masks indicate its predictions for the anchor object. Green masks
and boxes indicate ground-truth target and anchor objects.

The first two failure modes are specific to mask-decoding architectures, and similar
issues have been noted by Mask3D [Sch+23] in their 3D instance segmentation tasks. Box-
decoding architectures, on the other hand, generally avoid these problems. Nevertheless,
we find that mask-decoding architectures offer significant advantages in other aspects, such
as more accurate and fine-grained segmentation, making them valuable despite these chal-
lenges.

3.8.9 Performance analysis with pose and depth noise

To analyze the performance of UniVLG under sensor noise we conduct two experiments to
model error in both pose and depth. For the pose error experiment, we add gaussian noise
to the translation and rotation components of every camera pose in a scene. Similarly, for
the depth error experiment, we add gaussian noise uniformly to the depth map. When each
depth map is unprojected, the resulting point cloud becomes misaligned and performance
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RefCOCO

-

yellow and blue truck second from left center case on floor with squares

RefCOCO+

RefCOCOg

referee dressed in a black shirt the white little lamb

Figure 3.4: Visualizations of UniVLG on 2D Referential Grounding Datasets of
RefCOCO, RefCOCO+, and RefCOCOg: The green masks indicate predictions of
UniVLG.

“The door is the one that is on the right when
facing the two doors on the same wall.”

“The bed closest to the wall heater.” “The taller bookshelf.”

Figure 3.5: Systematic failure modes of UniVLG: Green boxes and masks are ground-
truth, red masks and boxes are UniVLG’s predictions.

decreases. We use relative pose error as defined in [Stu+12].

We compare the robustness of UniVLG to prior state-of-the-art single-stage method of
BUTD-DETR [Jai+22]. We chose a single-stage method as our baseline, since multi-stage
methods like PQ3D [Zhu+24b] and 3D-VisTA [Zhu+23b] rely on several external models,
and use pre-processed intermediate outputs from them for their inference. This makes it
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Table 3.11: Extra Metrics on ScanQA validation set

Method EM BLEU-1 ROUGE METEOR CIDEr
3D-LLM [Hon+23] 205  39.3 35.7 14.5 69.4
PQ3D [Zhu+24b)] 21.0 - - - -
Mesh PO op VieTA [Zhut23b] 225 320 35.5 13.8 69.1
NaviLLM [Zhe+24a]  23.0 - 38.4 15.4 75.9
Seneor pe SD-VISTA [Zhu+23b] 216 30.1 34.1 13.2 65.3
UniVLG (Ours) 25.7  36.1 40.0 15.2 78.5

harder to fairly run comparisons directly on the point cloud input. As shown in Figure-
3.6, UniVLG is highly robust to both types of noise. At a mean error of 0.2, UniVLG
impressively maintains a Top1@0.25 IoU accuracy of 66.7%.

In the pose error case, the model must understand the misaligned point cloud and can-
not simply ignore the spurious points. However, UniVLG still shows impressive robustness
with substantially less degradation compared to BUDT-DETR.

We believe a great portion of robustness comes from reliance on 2D pre-trained features
and 2D layers in the network. Despite the noise in the depth and pose estimation, they
still operate over the clean RGB images. Additionally, our 3D layers use local and relative
attentions, which additionally contribute to the robustness.

3.8.10 Miscellaneous Details

Frame Sampling To improve training efficiency, we opt to train on only a subset of
available frames in each scene. This is critical, not only for reducing the average cost per
step, but also in ensuring that the computations and memory is fixed per-step, allowing
us to maximize the batch size and prevent waiting between GPUs in DDP. We initially
tested a random selection strategy where each caption was paired with N = 15 images
from a given scene, with each scene originally containing around 90 frames. However, this
change means that some sets of frames may no longer align with a given caption (i.e., the
referenced object may not be visible in the selected frames). By simply ignoring instances
where this mismatch occurs, this strategy performed remarkably well overall.

However, to improve performance further, we sought to specifically include frames that
were relevant to the caption (e.g., given "the red chair”, we want to make sure all chairs
in the scene are included), without biasing the model and causing a train/test distribution
gap. To do this, we computed the CLIP embeddings of all scene frames, as well as the
text embeddings of all captions. For a given caption, we select 5 relevant frames using
the cosine similarity of these embeddings, ensuring that referenced entities are part of the
selected frames. Moreover, to ensure diversity of frames and prevent the aforementioned
bias, we select the remaining 10 frames using Furthest-Point-Sampling (FPS) on the CLIP
image embedding space. We found fewer than 15 frames to slightly reduce performance,
but that increasing beyond this point had no benefit.
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Accuracy vs. Pose Error
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Figure 3.6: We analyze the performance of UniVLG and BUTD-DETR on SR3D as the
pose and depth error increases. We add gaussian noise to the pose and raw depth which
affects the unprojected point cloud that both models observe.
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Language Encoder As the original CLIP model only supported a maximum of 77 to-
kens, we opted to use Jina-CLIP which uses RoPE embeddings and is trained on 512
tokens.

Matching Cost Tuning the Hungarian matching cost weights turned out to be critical
for 3D referential grounding. In prior works [Jai424; Che+22b], mask cost weights are
typically higher than class cost weights. We find that it is important to have high class
cost weights in referential grounding. This difference in costs is only required in Hungarian
matching, we do not observe much benefits in changing the loss weights from what was
used in the prior works.

Mask Decoder design Unlike prior works [Jai+24; Che+22b], where object queries at-
tend to visual features across multiple resolutions, we attend only to the highest-resolution
feature scale. We explored multi-scale variants of our model but struggled to achieve
good results, primarily due to difficulties in properly updating multi-scale visual feature
maps with object queries and language tokens. Single-scale mask decoding approach is
suboptimal for backbones like Swin, where attending to high-resolution feature maps is
computationally expensive. However, with ViT backbones, where all feature maps share
the same resolution, this limitation is less pronounced.

Box Loss As described in the main text, we employ the box loss to enhance the sharpness
of the predicted masks. The box loss penalizes outlier points predicted by the mask head,
which might not receive significant penalties through the mask loss alone. We incorporate
the box loss into both Hungarian matching and the final loss used for backpropagation.
Initially, we hypothesized that applying the box loss solely in Hungarian matching would
suffice, as the bounding box is derived only from the extreme points of the predicted
mask, resulting in sparse gradients during backpropagation. However, empirical results
demonstrate that explicitly including the box loss in the final loss is beneficial. Notably,
we use bounding box loss exclusively for 3D datasets and not for (lifted) 2D datasets.
This distinction arises because lifted 3D point clouds can be noisy, potentially leading to
inaccurate 3D bounding boxes.

3.8.11 2D-3D Generalization Test

Table 3.12: 2D-3D Generalization Test

Model 3D Sup. Classes 2D Sup. Classes
UniVLG 72.6 53.8
UniVLG w/o 2D-to-3D lift- 71.4 0.0

ing

UniVLG (Upper-Bound) 69.7 84.2

We study the generalization between 2D and 3D domains using the 3D Instance Seg-
mentation benchmark in the AI2-THOR simulator [Kol+17]. AI2-THOR consists of 120
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object classes and provides posed RGB-D images of its 3D environments. We split these
classes into two disjoint subsets: (a) 3D Supervised Classes (30) and (b) 2D Supervised
Classes (90).

We train UniVLG in a 2D-3D setting where, for multi-view RGB-D inputs, the model is
tasked with detecting objects from the 3D Supervised Classes subset. For single RGB image
inputs, it is tasked with detecting objects from the 2D Supervised Classes subset. At test
time, the model is evaluated in a multi-view posed RGB-D setup on all 120 object classes
to assess its generalization across the two subsets. Results are presented in Table 3.12.

We find that when UniVLG does not lift 2D images to 3D—simply skipping 3D atten-
tion layers in 2D batches, similar to ODIN [Jai+24] (row 2 in Table 3.12)—performance
on 2D Supervised Classes drops to nearly zero. This suggests that without depth-based
transformation, the model fails to learn from 2D supervision. However, when UniVLG
incorporates depth information, its performance on 2D Supervised Classes becomes non-
trivial, indicating that it successfully learns from 2D supervision and applies this knowledge
in the 3D domain at test time.

In row 3, we report results for UniVLG trained in 3D on all 120 classes, representing
an upper bound on its performance given full 3D supervision. We observe that UniVLG
in row 1 remains significantly below this upper bound, highlighting the need for further
improvements in 2D-to-3D generalization.

3.8.12 Discussion: Decoding Masks vs. Boxes

Decoding 3D bounding boxes has its advantages. For instance, datasets like Arkit3DScenes [Bar+21]
and Aria [Str+24] only provide supervision for 3D boxes, making box decoding more favor-

able in such scenarios. However, recent methods such as Box2Mask [Chi+22] demonstrate

that segmentation predictions can be effectively supervised using bounding box annota-

tions alone, suggesting that the lack of mask labels may not pose a significant limitation.
Despite this, we observe failure cases in mask predictions, such as outlier points being
segmented in 3D or multiple instances of the same object being predicted as the answer

(see Figure 3.5 in Appendix). These errors result in oversized or incorrect bounding boxes

when masks are converted to boxes in a post-processing step, indicating the need for further
research to address these issues in mask-decoding heads.

On the other hand, decoding masks offers significant benefits. As our experiments show,
predicting masks leads to better performance compared to decoding boxes. Moreover, mod-
els like ODIN and UniVLG aim to unify 2D and 3D perception tasks, and mask prediction
provides a consistent interface across these modalities. Masks represent per-point segmen-
tation of pixels or points, whether in 2D or 3D, whereas box decoding requires separate
prediction heads for 2D (4D outputs) and 3D (6D outputs), complicating unification efforts.
Additionally, box-decoding heads are sensitive to normalization requirements for 3D scenes,
such as mean-centering or scaling within a specific range (e.g., 0 to 1). Indoor and out-
door datasets, which vary significantly in 3D extents, often require separate decoder heads,
further complicating training. In contrast, mask-decoding heads rely on cosine similarity
between pixel/point features and object queries, making them more robust to variations
in scene normalization and context. For example, UniVLG maintains strong performance
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even when input scenes are translated by 1000 meters, despite not being explicitly trained
with translation augmentations. Furthermore, annotating 3D masks is easier for humans
than annotating 3D boxes, especially with recent advances in interactive segmentation
methods like SAM [Kir+23], which simplify the process of creating accurate mask annota-
tions. This robustness, simplicity, and annotation efficiency make mask-decoding heads a
preferable choice for unifying 2D-3D perception tasks.

Table 3.13: Mask mAP evaluation on 3D language grounding. We evaluate top-1 accuracy
on the official validation set without assuming ground-truth proposals (Det).

Method SR3D NR3D ScanRefer
Acc Acc Acc Acc Acc Acc Acc Acc Acc
@25 @50 @75 @25 @50 QY5 @25 @50 @75
(Det) (Det) (Det) (Det) (Det) (Det) (Det) (Det) (Det)

UniVLG 754 69.2 544 599 523 394 66.8 60.8 48.0

3.8.13 Evaluation with Mask based Intersection Over Union

While standard evaluations on existing 3D language grounding benchmarks rely on bound-
ing box Intersection Over Union (IoU) for computing accuracy, we additionally report
results using mask-based IoU for accuracy computation. The corresponding results are
presented in Table 3.13.

3.8.14 Additional Related Work

Language Understanding Benchmarks Vision Language Grounding is the task of
localizing the objects mentioned in a language utterance in a given 2D or 3D scene. In the
2D domain, this task is primarily benchmarked on RefCOCO/+ /g datasets [Kaz+14] with
humans annotating language instructions on top of COCO images. In the 3D community,
this task is primarily studied in the popular benchmarks of SR3D [Ach-+20] containing
programmatically generated sentences, and NR3D [Ach+20] and ScanRefer [CCN20], con-
taining human-annotated sentences, and 3D scenes from the ScanNet [Dai+17] dataset.
The original benchmarks of SR3D and NR3D provide access to ground-truth bounding
boxes of all objects in the scenes as input, and the task is to select the correct bounding
box that corresponds to the language sentence. Most methods operate under this assump-
tion, except for BUTD-DETR [Jai+22|, which proposed directly predicting 3D bounding
boxes instead of selecting from the available proposals. We follow BUTD-DETR and re-
port results without assuming access to ground-truth boxes. The ScanRefer benchmark
is similar to NR3D but does not provide ground-truth boxes as input. Recently, ScanQA
[Azu+22] and SQA3D [Ma+22] introduced 3D Question Answering Benchmarks. ScanQA
focuses on spatial relations. SQA3D [Ma+22] provides pairs of situation descriptions and
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questions regarding embodied scene understanding, navigation, common sense and multi-
hop reasoning.

3D Question Answering and Captioning For 3D question answering and caption-
ing, approaches like PQ3D [Zhu+24b] and 3D-Vista [Zhu+23b] use small text generation
heads on top of their language-contextualized features or queries to decode answers. Other
approaches like 3D-LLM [Hon+23] and NaviLLM [Zhe+24a] condense the visual scene
features into a set of latent vectors and pass it to large pre-trained LLMs like BLIP2-
flant5 [Li+23b] or Vicuna-7B-v0 [Pen+23a]. However, unlike 3D-Vista and PQ3D, they
either get significantly poor performance on 3D referential grounding tasks (3D-LLM) or
skip evaluating in that setup (NaviLLM). In this work, we follow PQ3D and 3DVista’s
approach and use a small text generation head, mainly for its simplicity.

Sensor vs Mesh Point Clouds in 3D benchmarks:  All the 3D benchmarks use point
clouds derived from the 3D meshes provided by ScanNet [Dai+17]. These meshes were
constructed using several steps of post-processing over the raw sensor RGB-D data (which
takes minutes-to-hours). In this work, we propose the first 3D language grounding model
that operates directly over sensor RGB-D point clouds. For fair comparison, we benchmark
other prior works with sensor point clouds as inputs, and show the benefits of using 2D pre-
trained features for 3D language understanding tasks. These post-processing steps include
mesh reconstruction and camera pose estimation, as well as several manual post-processing
steps. These processes create fine-grained misalignments between the reconstructed mesh
and the sensor RGB-D stream, resulting in drop in performance for methods operating
over sensor RGB-D streams instead of the mesh point clouds, as also shown by prior works
[RVL22; Kun+20; Jai+24]. This discourages the use of sensor RGB-D streams and thus
the 2D features pre-trained on internet scale data. Using sensor point clouds directly is an
emerging idea in the community, further bolstered by the recent introduction of datasets
like EmbodiedScan [Wan+-23] which also use sensor data directly instead of using meshes.
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Chapter

Conclusions and Future Directions

In conclusion, this work shows that unifying modeling strategies can lead to substantive
improvements in vision-language models. First, we show that unified vision-language dis-
crete diffusion offers compelling advantages in controllability, multimodal inpainting, and
inference efficiency over traditional autoregressive methods. Moreover, we show that uni-
fied modeling of 2D and 3D data for vision-language tasks common to embodied agents
provides a significant boost in 3D task performance by increasing the available size and
diversity of training data. We hope that this thesis inspires future progress in extending
the success of large-scale language modeling to new tasks and domains.
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