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Abstract

Inductive biases have proven effective and often essential in the design of performant deep
learning systems. This thesis presents two contributions that target distinct facets of how
inductive biases can improve modern deep models. In Chapter 1, we focus on controlling
the diversity—likelihood trade-off at inference-time of generative models. In Chapter 2, we
study the architectural inductive bias for 3D perception for multi-view transformer models.

Chapter 1 presents Temporal Score Rescaling (TSR), a mechanism to steer the
sampling diversity of denoising diffusion and flow matching models, allowing users to sample
from a sharper or broader distribution than the training distribution. We build on the
observation that these models leverage (learned) score functions of noisy data distributions
for sampling, and show that rescaling these allows one to effectively control a ‘local’ sampling
temperature. Notably, this approach does not require any finetuning or alterations to training
strategy, and can be applied to any off-the-shelf model. We validate our framework across five
disparate tasks — image generation, pose estimation, depth prediction, robot manipulation,
and protein design. Across these tasks, our approach allows sampling from sharper (or
flatter) distributions and yields consistent performance gains.

Chapter 2 presents RayRoPE, where we study positional encodings for multi-view trans-
formers that process tokens from a set of posed input images, and seeks a mechanism that
encodes patches uniquely, allows SE(3)-invariant attention with multi-frequency similarity,
and can adapt to the geometry of the underlying 3D scene. We find that prior encoding
schemes for multi-view attention do not meet these desiderata. RayRoPE represents patch
positions based on associated rays and computes query-frame projective coordinates to en-
sure SE(3) invariance. To adapt to scene geometry, RayRoPE predicts a per-token depth
to obtain its position along the corresponding ray, while also modeling uncertainty and ana-
lytically computing the expected positional encoding. We validate our method on the tasks
of novel-view synthesis and stereo depth estimation. While remaining efficient, RayRoPE
consistently improves over alternate position encoding schemes.

Together, these two contributions illustrate complementary roles of inductive bias in
modern deep learning: temperature sampling at inference time and positional encoding for
geometric structure. Both demonstrate that carefully chosen inductive biases can meaning-

fully improve model behavior without altering the underlying training pipeline.
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Chapter 1

Temporal Score Rescaling for
Temperature Sampling in Di usion
and Flow Models

1.1 Introduction

Score-based generative models, such as denoising di usion [8] and ow matching [9, 10],
have become ubiquitous across Al applications. Given training data Bg, they can model
the underlying data distribution p(x) (or p(xjc) for conditional settings) and at inference,
they allow drawing samples x p(x) e.g., to generate novel images. However, in certain
applications, we may not want to truly sample the original data distribution. For example,
when predicting depth from RGB input, we may want the more likely estimate(s) as output.

In contrast, an artist exploring design choices may want the trained image generative model
to yield more diverse samples, even if they may be somewhat less likely in the data. In this
chapter, we ask whether we can steer the sampling process of di usion or ow matching
models to output more likely (or conversely, more diverse) samples than the original training
data.

This process of trading o sample likelihood and diversity at inference is commonly re-
ferred to as temperature sampling [11] { a higher temperature leads to diverse samples, and
a lower temperature leads to more likely ones. Prior work have shown that temperature
sampling improves score-based generative models in the domain of image generation [12],
molecule generation [13, 14], and protein design [15, 16]. However, developing an e cient
temperature sampling method with theoretical gurantees remains an open challenge. For ex-
ample, commonly leveraged techniques like classi er-free guidance [17] or variance-reduced
sampling [15, 16] can trade o sampling diversity and likelihood, but they are not proba-
bilistically interpretable as temperature scaling the data distribution. Conversely, methods
such as likelihood-weighted netuning [18] or Monte-Carlo correction [19, 20] can indeed



allow temperature sampling, but at the cost of additional training or signi cantly increased
inference-time computation. In this chapter, we instead seek to develop a (local) temperature
sampling method that is: (a) e cient, i.e., does not require training or extra computation

at inference, (b) generalizable to any di usion/ ow formulations, and (c) provably cor-

rect for some simple distributions.

Towards developing such an approach, we note that denoising di usion and ow matching
models de ne a forward process to induce noisy data distributions p(xand train neural
networks to approximate the corresponding score functions r log p@. We ask whether one
can analytically relate these to the score of the (hypothetical) distributionsp(x) that would

be induced by the forward process if the original data distribution were temperature scaled.
We study the case of mixture of isotropic Gaussians, and derive a simple (time-dependent)
rescaling function. As the reverse sampling process for sampling ow/di usion models relies
only on the learned score functions, our derived rescaling thus allows a training-free approach
by simply scaling the inferred score at each inference step. While the analytical derivation
is restricted to a simple setting, we show that our approach can be generally interpreted as
a local' temperature sampling method, where it does not alter the overall distribution of
global modes, but controls the local variance of samples around it.

We perform experiments to highlight the broad applicability of TSR. We show that it can
e ciently allow local temperature sampling for denoising di usion and ow matching models
and is compatible with generic stochastic and deterministic samplers. We study diverse
applications like image generation, depth estimation, pose prediction, robot manipulation,
and protein generation. Across these applications, we show that TSR can provide a plug-and-
play solution to control the sampling diversity of pre-trained models and leads to consistent
performance gains e.g., allowing more precise depth and pose inference, or enabling image
generation to better match real data distribution.

1.2 Prior Art

Guided Inference. A widely adopted mechanism for steering sampling in di usion and ow
models is to leverage Classi er-Free Guidance (CFG) [17]. While this allows one to trade o
likelihood and diversity by controlling the e ect of the conditioning on the drawn samples,

it is fundamentally di erent from temperature scaling. Moreover, CFG cannot be applied to
unconditional models and even for conditional ones, requires training with condition dropout.
An alternative to CFG by Karras et al. [21] is to use a "bad version' of the di usion model
for guidance, but its probabilistic interpretation is unclear and it also requires intermediate
checkpoints which are not widely available even for open-weight models. In comparison,
TSR serves as a plug-and-play technique compatible with any di usion and ow matching



model without any requirement on training. Moreover, as we empirically demonstrate in
Section 1.5.1, our method is orthogonal to CFG and can be applied together for further
improvement in quality.

Temperature Scaling in Di usion Models. We are not the rst to consider temperature
sampling in context of di usion models. Shih et al. [18] netunes pretrained di usion models
by reweighting the training data samples. Akhound-Sadegh et al. [13], Rissanen et al. [14]
train di usion models at various temperatures for molecule generation. While these method
achieves temperature-scaled sampling, they requires dedicated training, making it di cult
to leverage for large models. A training-free alternative is to modify the reverse sampling by
applying stochastic MCMC corrector steps [19, 20], but they can incur 5 times additional
computation at inference. Recent work Skreta et al. [22], Hasan et al. [23] avoid excessive
corrector steps by re-weighting on batches of samples, which is ine cient when only one
sample is desired at inference (e.g., image generation, robot manipulation). In contrast, TSR
is a training-free approach that has zero inference overhead.

Pesudo-temperature Sampling via Noise Scaling. Perhaps the closest to our approach

in terms of being e cient and training-free is the technique of "Constant Noise Scaling’' (CNS)
where one scales the stochastic noise at each sampling step by a constant. More formally,
following the de nition by [19], CNS can be viewed as sampling the following reverse SDE:

dx=[f(x:t) g(t) 2rlogp ((x)]dt+ %%dw (1.1)

where f(x;t); g(t) denote the drift and di usion coe cient, and d w is a standard Wiener
process. Compared to the standard reverse diusion SDE, the noise term is scaled by a
constant 1= k. While CNS is the de facto approach to control sample variance in several
domains [15, 16, 24, 25], itis only a "pseudo temperature' sampling method [18]. Intuitively,
the noise-to-score ratio controls the strength of exploration versus converging to distribution
modes during sampling. By scaling down this ratio by a constant, CNS over-suppresses
exploration at high noise levels and under-suppresses it at low noise levels, leading to inad-
equate exploration of the data space and thus mode dropping. We empirically verify this in
Section 1.4. Moreover, CNS only applies to stochastic samplers and struggles with modern
ow-matching models (see Section 1.5.1). In contrast, we propose a time-dependent score
scaling schedule that preserves the global structure of the sampled distribution and is com-
patible with both deterministic and stochastic samplers.



1.3 Formulation
1.3.1 Preliminaries

Both di usion and ow matching models fall under the family of stochastic interpolants [26],
which convert samples from data distribution ¥ p o(x) to gaussian noise  N(O;1). The
interpolant process can be de ned as:

X = Xot+ (1.2)

Di erent noise schedules ; ; correspond to di erent formulations of stochastic interpolants.

For example, for ow matching models, it is common to set, = 1 t; + = t, while for

variance-preserving di usion models, they are de ned such that?+ 2 =1,

We can sample from the data distribution by training a model gx;t) = rlogp ((x) that

estimates the score of the noisy distribution. Starting from x N(O; 1), the sampling

process usually solves either a reverse-time SDE or a probability ow ODE. In practice, the

learned model could predict various equivalent parameterization of the score, such as noise
(X¢; ) (common in denoising di usion) or the probability ow velocity v (x;t) (common

in ow matching), which can all be expressed as linear combinations of score and (See

Section 1.3.3).

1.3.2 Temporal Score Rescaling

Given a pre-trained score model s we are interested in designing a temperature sampling
process that does not require training or additional computation at inference. In particular,
we propose a mechanism that achieves local temperature scaling, which can steer the variance
of the sampled distribution while preserving the global distribution structure (e.g., without
mode dropping). More formally, local temperature scaling takes in a data distributiongfx)
modeled as a mixture of (an unknown set of ) Gaussians and generates the corresponding
“sharper' or " atter' distributions p§(x) (parameterized by k):

X
Po(X) WiaN( m; m)
X

) ISS(X) Wi N (X; m;% m)

Intuitively, p§(x) represents a distribution where the variance near each local mode is scaled
by % while preserving all the means and weights. Such a local scaling e ect is di erent from
the traditional temperature scaling that would change the weights of modes and alter the
distribution structure. We now formulate our problem statement as: How can we alter the
pretrained score function s so that a di usion or ow sampler yields g(x) instead of po(x)?



Isotropic Gaussian Data. To instantiate this, we start with a simple scenario where the
data are drawn from a single isotropic Gaussian distribution x N(; 2]). The target

is to sample from the locally scaled distribution §{x) N(; {I). Under the stochastic
interpolant process ((1.2)), we de ne p(x); pf(x) as the noisy distributions at time t for the
original and scaled data distribution, respectively. Since both the original and scaled data
distributions are Gaussian, their corresponding noisy distribution can also be shown to be
Gaussian:

) =N( ;( 72+

2 (1.3)
HO)=N( ;( ¢+ I
Then, we can derive the corresponding score functions for the above distributions:
X
rlog pt(x)= 2 2+t 2
t t
) X : (1.4)
rlog p:(¥)= ——=——
L

Comparing the two score functions above, we observe that the score for the scaled distribution
and the original follow a time-dependent linear relationship:

2

kpgy =t o+
rlog p¢(x)= ——rlog p(x) (1.5)
e +1

where = 2= 2 s the signal-to-noise ratio. Note that k = 1:0 recovers the original score.
Given a score estimator gx;t) = rlog p (x), we can compute the score of pwith the
above score rescaling equation and thus sample froif from the same sampling process.
Mixture of Gaussians. We can show that the score ratio relationship ((1.5)) is also a valid
approximation if the data distribution is a mixture of well-separated isotropic Gaussians. In
Section A.2, we prove that the expected error between the score computed by (1.5) and the
real score are bounded at all timestep t. On the high level, we derive an exponential bound
for small t, where the modes are well-separated and only one Gaussian component dominates.
For large t, we derive a polynomial bound based on the intuition that the distributions are
similar to pure noise N (O;1). The error vanishes at both ends when t converges to 0 or 1.
The maximum error at any intermediate t also converges to zero as the modes becoome more
separated. We also empirically verify these results in Section A.1.6

1.3.3 Steering Inference in Diusion and Flow Matching

While the above derivation for score rescaling focused on simple distributions, we empirically
nd that it can be applied across generic distributions and we operationalize (1.5) to de ne



TSR sampling, a simple algorithm for steering sampling in di usion and ow models:

4 M

Sampling with Temporal Score Rescaling TSR (k; )

Given a pre-trained score model $ TSR sampling substitutes its score prediction with:

¢ 2+1
s =ryk;)s ks )= > (1.6)
tc t1
where k; are user-de ned parameters, and; is the signal-to-noise ratio of the forward
process.
\ J

This makes TSR a plug-and-play method compatible with any parameterization of and
sampling algorithm, since conversions between score and model predictions are always linear
and invertible.

Denoising Di usion: These models are typically instantiated via neural networks that
learn to predict the noise added. We can infer the predicted score from this noise via a
simple linear relation s(x; t) = 2 (x;1). We can thus perform TSR sampling in denoising

di usion models by simply using a rescaled noise prediction (x;t) in any di usion sampler

(e.g., DDPM, DDIM):

~x=r k) (x1) (1.7)

Flow Matching: For ow matching models predicting the probability ow velocity v (x;t),
the corresponding score function can be computed by [27]:

VGt x

s (x;t) = (1.8)

(et 1)
Combining (1.6) and (1.8), we can derive the corresponding ow velocity for the scaled
distribution, such that s is a proper scaled version of the original score:

vt = ek ) v (6t _ )+ _iX) (1.9)

Applying this scaled velocity ¥ in the ow samplers yields desired samples from the scaled
distribution. Similar conversion can also be derived for other parameterizations of di usion
models like %-prediction and v-prediction.

1.4 Analysis

To understand the behavior of TSR, we rst empirically validate it on toy data and show it is
more e ective in scaling the variance of samples while preserving each local mode compared
to existing approaches. Then, we analyze how the input parameters (k; ) control TSR and



Figure 1.1. Comparison on Uniform Mixture of 1D Isotropic Gaussians. The

uniform mixture of Gaussians distribution is divided into two classes (subplot 1). We apply
CFG, CNS, and TSR to scale the conditional distribution of Class 1 (subplot 2). CFG and
CNS lead non-uniform weights and tend to lose modes, while TSR preserve all modes and
e ectively reduce the variance of the samples.

interpret their meanings in general settings.

1.4.1 Validation on Toy Distributions

Mixture of 1D Gaussians. We begin with a simple conditional generation task using

a uniform mixture of 1D isotropic Gaussians in gure Figure 1.1, where the left three
and right three modes correspond to two di erent classes. We apply classi er-free guidance
(CFG) with guidance scale 10, constant noise scaling (CNS) and TSR with k = 10 individ-
ually to scale the conditional distribution and evaluate whether each method preserves all
modes under scaling. As shown in gure Figure 1.1, CFG produces imbalanced samples,
often favoring outer modes, while CNS shifts mass toward central modes at the expense of
others. By contrast, TSR samples evenly across all modes while reducing intra-mode variance,
demonstrating that it preserves the multimodal structure even under conditioning.

General 2D Distributions. We also apply TSR to unconditional generation on two com-

plex 2D distributions: checkerboard and swiss roll. We train a small-scale di usion model
for each distribution and compare the scaled distribution sampled by CNS and TSR in g-
ure Figure 1.2. We observe that CNS consistently biases samples toward the central modes,
resulting in mode collapse and poor coverage of peripheral regions. This supports the intu-
ition that reducing noise too aggressively restricts exploration during the sampling process.
In contrast, TSR maintains coverage of the global distribution while reducing local variance
around each mode, producing samples aligning with the true distribution. These results show
that, although derived for isotropic Gaussian data, TSR generalizes to more complex scenarios
and provides consistent improvements in both conditional and unconditional generation. We
additionally compare TSR and CNS on MNIST [28] in the Appendix (Sec. A.1.5), where we
guantify mode collapse and show that TSR preserves mode coverage while improving sample

quality.



Figure 1.2. Left: Comparison on 2D Checkerboard and Swiss Roll Distributions.

We compare samples from CNS and TSR. While CNS biases sampling towards the central
modes and drops peripheral ones, TSR preserves all modes while reducing variance without
generating divergent samples. Right: E ect of Hyperparameters on the Rescaling

Factor. In the rightmost column, we plot the TSR rescaling factor y on y-axis against

di usion time t. With = 1:0, varying k controls the asymptotic value of r ; (top); with

k = 2:0, varying determines how early rescaling takes e ect during sampling (bottom).

1.4.2 Interpreting Rescaling Hyperparameters

In the derivation of TSR, k referred to the factor of variance reduction and referred to
the variance of the modes in data distribution. However, in real-world scenarios with more
complex distributions, the variance of the data distribution is unknown. We provide an
intuitive explanation of the role of k and on the rescaling factor ¢ to democratize the
practical use of TSR in various scenarios. Speci cally, we show how the rescaling fagtor r
changes over sampling time with di erent k and values in Fig. Figure 1.2. Intuitively, k
indicates the max/min of the rescaling factor . As t! 0, signal-to-noise ratio ! 1,

and r; ! k. Meanwhile, indicates how early we want to steer the sampling process. The
larger , the earlier the sampling is steered. A very small lets us use the original di usion
sampling (r; 1:0) and only steer the last few denoising steps.

1.5 Applications

We demonstrate the broad applicability and e ectiveness of TSR by applying it to a diverse
set of real-world applications, spanning image generation (Section 1.5.1), protein design
(Section 1.5.2), depth estimation (Section 1.5.3), pose prediction (Section 1.5.4), and robot

manipulation (Section 1.5.5). For image generation, we nd that a smaller k enhances details
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