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Abstract

Machine learning practitioners often face significant challenges in formally in-
tegrating their prior knowledge and beliefs into predictive models, limiting the
potential for nuanced and context-aware analyses. Moreover, the expertise needed
to integrate this prior knowledge into probabilistic modeling typically limits the
application of these models to specialists. Our goal is to build a regression model
that can process numerical data and make probabilistic predictions at arbitrary
locations, guided by natural language text which describes a user’s prior knowl-
edge. Large Language Models (LLMs) provide a useful starting point for designing
such a tool since they 1) provide an interface where users can incorporate expert
insights in natural language and 2) provide an opportunity for leveraging latent
problem-relevant knowledge encoded in LLMs that users may not have themselves.
We start by exploring strategies for eliciting explicit, coherent numerical predic-
tive distributions from LLMs. We examine these joint predictive distributions,
which we call LLM Processes, over arbitrarily-many quantities in settings such
as forecasting, multi-dimensional regression, black-box optimization, and image
modeling. We investigate the practical details of prompting to elicit coherent
predictive distributions, and demonstrate their effectiveness at regression. Finally,
we demonstrate the ability to usefully incorporate text into numerical predictions,
improving predictive performance and giving quantitative structure that reflects
qualitative descriptions. This lets us begin to explore the rich, grounded hypothesis
space that LLMs implicitly encode.

1 Introduction

Incorporating prior knowledge into predictive models is highly challenging which can restrict the
scope for detailed, context-sensitive analysis. In addition, the skill required to incorporate this prior
knowledge into probabilistic modelling can restrict the use of these models to experts. In this work,
our objective is to develop a probabilistic prediction model that facilitates user interaction through
straightforward, natural language. For this purpose, we explore strategies for eliciting explicit,
coherent numerical predictive distributions from LLMs.

*Equal contribution.
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Figure 1: Predictive distributions from an LLMP conditioned on both data and text information. The
tenth-percentiles from 50 samples are visualized in faded blue and the median is presented in dark
blue with ve random samples shown in various colours.

Why go to so much effort to elicit predictions from a slow, expensive, and sometimes inconsistent
model like an LLM? We expect their hypothesis class to be both rich, and grounded in exactly the
kinds of high-level side information that we currently struggle to communicate to our numerical
models. For instance, knowing that prices rarely go below zero, that certain kinds of sensors can
saturate at particular values, or that trends almost always eventually level off, are easy to express
in natural language, but not straightforward to incorporate into a model without getting lost in
dif cult-to-specify details about aspects of the domain that aren't well understood. To summarize,
we want to develop such a model because it would allow users to 1) provide prior, potentially expert,
information to the model about the problem setting in plain-language rather than attempting to capture
this information in closed form priors (e.g. Gaussian Process kernels) and 2) it would allow users to
access problem-relevant latent knowledge encoded in LLMs that users may not have themselves.

LLMs have recently been shown to be able to condition on the particular task being solved, leveraging
contextual information to make better predictions or decisidhsllhey have also been shown to
competitively predict time series based only on a text tokenization of numerical2jata this work,

we further push in both these directions; 1) using LLMs for numerical prediction tasks going beyond
one-dimensional time series forecasting to multi-dimensional regression and density estimation and
2) exploring the ability of these models to condition on both numerical data and rich, unstructured
text to improve these predictions. In this paper we make the following contributions:

* We de ne LLM Processes (LLMPs) using methods we develop for eliciting numerical predic-
tive distributions from LLMs .2 LLMPs go beyond one-dimensional time series forecasting to
multi-dimensional regression and density estimation. We propose two approaches for de ning this
joint predictive distribution over a collection of query points and evaluate their compatibility in
principle with the consistency axioms necessary to specify a valid statistical process.

» We develop effective prompting practices for eliciting joint numerical predictions.We inves-
tigate various methods for conditioning LLMs on numerical data, including prompt formatting,
ordering, and scaling. We characterize which schemes perform best on a set of synthetic tasks.

» We show that LLMPs are competitive and exible regressors even on messy datdhrough an
extensive set of synthetic and real world experiments, including image reconstruction and black-box
function optimization, we evaluate the zero-shot regression and forecasting performance of LLMPs.
We demonstrate that LLMPs have well-calibrated uncertainty and are competitive with Gaussian
Processes (GPs), LLMTim@]} and Optuna3]. We show that LLMPs use in-context learning to
automatically leverage information from related datasets, can easily handle missing datapoints,
perform image reconstruction, and output multimodal predictive distributions.

« Lastly, we demonstrate the ability to usefully incorporate problem-relevant information pro-
vided through unstructured text into numerical predictions, visualized in Figure 1, resulting in
guantitative structure that re ects qualitative descriptions. Other additions such as labelling features
using text and specifying units allow LLMPs to make use of usually-ignored side information.

2Source code available dittps://github.com/requeima/llm_processes



Figure 2: Sampling from an LLM using either independent marginal or autoregressive sampling.
2 LLM Processes: De ning a Stochastic Process That Can Condition on Text

Our goal for this section is to use an LLM to elicit joint predictive distributions over arbitrary
sized target sets that we can guide and modify using natural language. Formally, given a set of
input and output observation3,in, = f(xi;yi)g{\ll and some text], we would like to elicit

the predictive distribution de ned by an LLM at a collection of targé(s; ; y; )g]-'\‘:1 denoted

Rejection sampling from an LLM allows us to access what we may interpret as the LLM's predictive
distribution and gain insights into the model's inductive biases; sampling from the LLM's categorical
distribution over text tokens while ignoring non-numerical tokens yields numerical samples from
the LLM. The process of sampling from an LLM is depicted in Figure 2 and Algorithm 1. Sample
prompts are in Appendix C. Since an accurate sampling-based empirical distribution incurs a high
computational cost, next we de ne an approach to elicit continuous likelihoods from an LLM.

Continuous Marginal Likelihoods From an LLM. We approximate a continuous density over our
target values by discretizing the space using bins with arbitrarily ne precision, similar to the method
used in Gruver et a[2]. Crucially, this hierarchical approach allows us to compute the probability
of a bin with width10 ". For example, in = 1 thenPrfy 2 [1:0;1:1)g = p(1)p(:j1)p(0j1:)
because "1.0'is a pre x for ay 2 [1:0; 1:1) . We can convert probability mass to probability density
by assuming a uniform distribution within each bin, and dividing the mass by the bin width. A
visualization of this construction is in Figures G.2 to G.4.

Unlike [2], we do not rescale the values to remove decimal places. We hypothesize that such scaling
removes prior information communicated to the LLM via the scale of the problem. We examine the
effect of scaling values in Section 3. We also differ fra2hljy including a terminal token after every
value in our prompt — for example, given a terminal tokdn we represent2 as12hi. Including

a terminal token prevents numbers of varying orders of magnitude to share the same pre x — i.e.
p(1)p(2j1)p(Htij 12) no longer includes the probability of numbers in [120, 130), [1200, 1300), etc.

Note that this approach does not guaranteeR{aPhti) yields the mass assigned by the LLM to
values in the bij12; 13) but we empirically observed that our predictive distribution closely matches
the sampling distribution to our satisfaction. See Section G.1 for more details and comparison.

De ning an LLM Process. Thus far we have established a procedure de ning the predictive
distribution at a single target locatiop,m (Y, | X ; Dirain; T). We now outline two methods which
we call independent marginal (I-LLMP) and autoregressive (A-LLMP) predictions, for de ning the
joint predictive distribution over a collection of target points:

W
Prime (Y1; 5 YN § X1 55 XN s Dyais T) = PLm (Yn i) Xn ' Dyainy T) (1)
n=1
. W .
Pa-Limp (Y13 55 YN J X155 XN 5 Dirainy T) = Pm (Yo J Y155 Yn 13X15 55X, Dyainy T) - (2)
n=1

We note that Equation (1) satis es the Kolmogorov Extension Theoiérefore de ning valid
stochastic process (see Appendix A.3). However, it assumes conditional independence given the
training set and model weights and the stochastistity represented by the model is via independent
marginals. Equation (2) takes inspiration from the autoregressive structure of the LLMs predictive
distribution and should yield much richer predictive distributions as we are now able to model



dependencies between output variables. However, this de nition is no longer guaranteed to give us a
valid stochastic process as the predictive distribution is now target order dependent and will likely
fail the Kolmogorov exchangability condition. We investigate both of these questions in Section 3.

Connection to Neural processesleural Processes (NP$] jare a class of meta-learning models
parametrized by neural networks and trained to learn a map from training (context) sets to predictive
distributionsp (y1;::::Yn ] X151 75Xy ; Dyrain). The de nitions in Equations 1 and 2 take inspira-
tion from the joint distributions de ned by Conditional NP5 fas independent marginals conditioned

on the training/context set and Autoregressive NBPsi{ilizing the chain rule of probability, respec-
tively. Through this lens, LLMPs can be viewed as examples of NPs. However, NPs are directly
trained to output this predictive distribution where as LLMPs are repurposing pretrained LLMs.

Multi-dimensional Density Estimation and Handling Missing Data. We highlight that, through
the exibility of the LLM prompt, we do not have to draw a distinction between which variables, or
variable dimensions are to be modelled or conditioned and can easily handle missing values. Suppose

we would like to regress on (includingandy-values) and the remainder we wish to condition on.

To do so using an LLMP, we simply construct the training prompt such that the variables we would
like to regress on occur at the end of the prompt and are blank (generated) when sampling from the
LLMP. If any values are missing they can simply be removed from the prompt.

3 LLMP Con guration

Experiment Details. In all of the experiments in Sections 3 to 5, we use six different open source
LLMs: Mixtral 8 7B, Mixtral-8 7B-Instruct [7], Llama-2 7B, Llama-2 70Bg], Llama-3 8B, and
Llama-3 70B P]. Note that we never modify the LLM parameters via training or ne-tuning, we use
only prompting. Our primary metrics are negative log probabilities (NLL) of the model evaluated at
the true function values(x ) averaged over the target locations and Mean Absolute Error (MAE)
between the predictive median and the true function value. Unless otherwise stated, we use 50
samples from the LLM at each target locationand compute the median and the 95% con dence
interval of the sample distribution. Details of the datasets are given in Appendix D. Since the LLMs
used in our experiments have undisclosed training sets, we address the steps taken to mitigate the
issue of data-leakage in Appendix E. Additional implementation details and processing times are in
Appendix F.

Figure 3: NLL and MAE for various prompt formats ordered from the most to least token ef cient
(left), training data orderingsriddle), and prompy-scaling (ight) using the Mixtral-8 7B LLM.

The height of each bar is the mean of 10 random seeds that determine the training point locations.
The vertical black lines indicate the standard error. In the Prompt Formatting lelgéhdlie two ™'
characters indicate the positions of thandy values and \n represents a new line terminal token.

Prompt Engineering. We perform a set of experiments for determining the best LLMP prompt
con guration. We use the Sigmoid, Quadratic, and Linear+Cosine functions with 10, 20 and 75
training points, respectively (see Appendix D.1) with I-LLMP using the Mixtral78 LLM.

» Prompt FormattingTwo separators are required to achieve the best performance. One to separate
thex andy values within a pair and another to separatexthepairs. Figure 31éft) demonstrates
that _, \nis the best option in terms of performance and token ef ciency.

» Prompt OrderingFigure 3 Middle shows that ordering the training points by distance to the current
target point is best, outperforming both random and sequential ordering. We posit that ordering
by distance provides a hint to the LLM to weigh the contribution of closer training points to the
current target point to a greater degree.



Figure 4: Autoregressive Experimentkeft: NLL and MAE for A-LLMP and I-LLMP using
different prompt orderings using the Mixtral-8x7B LLM. The height of each bar is the mean of 3
random seeds that determine the training point locations. The black lines indicate the standard error.
Center: Log-likelihood results of using various test set orderings with Llama-2-7B, Llama-2-70B and
Mixtral-8x7B A-LLMP. The orange X indicates I-LLMP, the purple circles used distance ordered test
points, and the blue whiskers are the mean and standard error of 10 randomly sampled test orderings.
The red dashed line shows the log-likelihood of the test set under the generative pRigEss.
Heatmap visualization of the Llama-3-70B A-LLMP predictive distribution conditioned on data from

a bimodal generative process. Black dots are training points.

» Prompty-ScalingFigure 3 ¢ight) shows that performance degrades as the range ¢f tbenpo-
nents of the training points increases and when incorporating negative values. This is due to the
fact that when the range is wider, the LLM must accurately generate more numerical digits and
potentially a negative sign when predictififx ).

* top and Temperatur&igure G.9 shows that performance is surprisingly insensitive to varying the
LLM nucleus sampling parameter tqpFLO] and LLM softmax temperature.

Autoregressive vs Independent Marginal PredictionsHere we examine two questions: rst, does

the autoregressive de niniton of the joint predictive likelihood (A-LLMP) in Equation (2) improve
performance versus the independent marginal de nition of Equation (1) (I-LLMP). Second, “how
close” is A-LLMP to a stochastic process in terms of performance variability across query orderings.

We rst look at log-likelihoods and MAE for A-LLMP and I-LLMP using the random and distance
training point orderings discussed earlier. Results can be seen in Figafg.43imilar to our ndings
earlier, ordering the training values according to distance to target has a large effect, improving
performance for both I-LLMP and A-LLMP. Unsurprisingly, the richer joint distribution given by
A-LLMP gives us better predictive performance.

We next examine the variability in performance of A-LLMP when different autoregressive target
orderings are used to get a sense of how far our method is from a stochastic process (which would
be permutation invariant in the target points). The results of using ten sets of randomly ordered
target points compared to I-LLMP and the ground truth log-likelihood of the test sample under the
generative distribution are presented in Figurednfe). Note that the training data is distance
sorted in all cases. We also present the result when ordering target points according to distance to the
closest training point, from smallest to largest. We make three key observations: rst, log-likelihood
performance of all A-LLMP orderings is better than I-LLMP. Second, the variance of random
orderings is small on the scale of the log-likelihood of the generative model. And third, distance
ordering the targets gives better or at least competitive performance with a random ordering. These
results present practitioners a choice: do you care more about using a valid statistical process or
obtaining good predictive performance? If it is the latter, you would be better served using A-LLMP.

4 Evaluating LLMP Performance on Numerical Data

In this section, we evaluate the performance of LLMPs on purely numerical data in a wide variety of
settings. Additional details and results for experiments in this section can be found in Appendix H.

1D Synthetic Data Experiments.To show that LLMPs are a viable regression model with well-
calibrated uncertainties, we benchmark in Table 1 our A-LLMP method against a GP on the Function
Dataset (Appendix D.1). The GP uses an RBF kernel with optimized length scale and noise. The
Mixtral-8 7B A-LLMP achieves the lowest negative log-likelihoods averaged over 7 function sizes
and 3 seeds on 10 out of 12 of the functions and equal or better MAE on 8 of the functions. Visualiza-
tions of the predictive distributions and plots of MAE and A-LLMP are shown in Appendix H.1.



Table 1: Mean and standard error of MAE and NLL averaged over over the seven training set sizes
and 3 seeds of each function for Mixtral-8B A-LLMP and a GP with an RBF kernel.

Function
Metric Beat Exp Gau Wave Linear Lin+Cos Linx Sine Log Quadratic ~ Sigmoid Sinc Sine X x Sine

MAE 0.33+0.01  0.32+0.12 0.20+0.02 0.11+0.04 0.16£0.02 0.12+0.03 0.09+0.03 0.07+0.01  0.37+0.05 0.08+0.02 0.22+0.022.79+1.07
GP NLL 0.9740.23  -1.03+0.31 -0.11+0.21 -1.45+0.22 -0.64+0.18 -1.38+0.22 -1.57+0.19 -0.40+0.29 0.03+0.21 -1.44+0.20 0.23+0.32 12.64+1.42

MAE _ 0.31+0.01  0.08+0.01 0.24+0.01 0.05+0.00 0.19£0.01 0.05£0.00 0.04+0.00  0.07+0.01 0.51+0.04 0.08+0.02 0.27+0.02 12.45+1.37
LLMP NLL -0.78+0.03 -1.56+0.04 -0.08+0.08 -2.38+0.08 -0.15+0.10 -1.90+0.02 -2.20+0.02 -1.35+0.03 -0.80+0.04 -1.96+0.03 0.14+0.11  3.30%0.23

To verify that LLMPs are able to produce non-Gaussian, multimodal predictive distributions we
sampled training data from synthetic, multimodal generative distribution (experimental details in
Appendix H.2). The Llama-3-70B LLMP predictive distribution is visualized in Figurdaght).

Comparison to LLMTime. Figure 5 demonstrates that A-LLMP yields superior results in terms
of MAE and NLL when compared to LLMTime using Llama-2-7B on a forecasting task using the
weather dataset (described in Appendix D.2). Additional plots with missing training data are in
Appendix H.3. We posit that A-LLMP betters LLMTime due to the fact that 1) A-LLMP naturally
handles irregularly spacedandy data whereas LLMTime uses only regularly spageédformation
requiring imputation with NaN values where data is missing; and 2) A-LLMP performs no scaling on
y values in contrast to LLMTime that scales data to eliminate the use of decimals and normalize the
range of the data and as a result removes information that the LLM can potentially leverage.

Figure 5: Comparison of A-LLMP and LLMTime on the weather datakeft: Plot using all 50
training points.Right: Plot of MAE and NLL versus the amount of training data removed. A-LLMP
has lower MAE and NLL and the margin over LLMTime increases as more training data is removed.

Comparison to From Words to Numbers. We compare our I-LLMP method to the approachid][

on their Original #1 dataset. The experimental set-up is as follows: There are 100 trials with each
trial consisting of 50 training points and a single target point. The training and target points for each
trial are randomly generated using the function describetiih e use the code from their paper

to generate the data and evaluate their approach and compare it to ours using identical numerical data.
We use the Llama-2-7B LLM for both methods to ensure a fair comparison. I-LLMP achieved lower
MAE on 78 of the 100 trials when compared to their method. When the errors are averaged over
the 100 trials, the I-LLMP average error was 0.836 and theirs was 3.137. These results indicate that
our LLMP approach is clearly superior. This is due to the facts that (i) we sort the training points
according to distance to the current target point when creating the prompt whereas they do not, and
(if) we form a distributional estimate for the predicted point and then take the median sample value as
the best estimate, whereas they generate a single point estimate.

In the next three experiments we showcase the ability of LLMPs to handle multi-dimensional data.

Image ReconstructionAs a 2-dimensional input experiment, Figure 6 shows reconstruction results
from images drawn from the Fashion-MNIST datade].[ We convert pixel data into prompt data
points by forming a series of (row, column, pixel value) tuples. Additional results and details are in
Appendix H.4. Using 20% train pixels, the basic form is captured and at 50%, the reconstruction is
accurate despite the sharp pixel intensity transitions.

Figure 6: Fashion-MNIST Mixtral image reconstruction results. The blue pixels indicate unobserved.



Black-Box Function Optimization Black-box optimization involves minimizing or maximizing a
function where there is only access to the output of a function for a speci ed input. We benchmark
the ability of LLMPs to perform maximization on six commonly used multi-dimensional functions.
We compare our results using Llama-2-7B to Optu8jad commercial hyperparameter optimization
framework. Results and implementation details are in Appendix H.5. In all cases, LLMPs obtain as
good or better approximation to the true maximum value in a fewer number of trials.

Simultaneous Temperature, Rainfall, and Wind Speed Regressiofo examine how well an LLMP

can model multi-dimensional outputs, we compare LLMP regression to a multi-output GP on the
weather dataset described in Appendix D.2. Figure 7 shows the results for the Llama-3-8Bdd\M (
and a 3 output RBF kernel GP with trained hyperparamebsrddn). The LLM is similar to and in

most cases better than the GP in terms of MAE and NLL.

Figure 7: Results for simultaneously predicting temperature, precipitation, and wind speed using the
Llama-3-7B LLM (top) and a 3 output RBF kernel GP with trained hyperparamebatdmn).

In-context Learning Using Related Data Examples.In this experiment, we investigate LLMPs'
ability to learn from similar examples in-context to predict average monthly precipitation across
13 Canadian locationd 8], one from each province and territory. For each location, we use the
Mixtral-8 7B A-LLMP to forecast 32 months of average precipitation values given the previous four
month observations taken from a random historical three-year period between 1913-2017 (conditional
on data availability). Itis then provided with 1-12 examples of random three year periods of historical
values from the same location in-context. Results shown in Figure 8 and experimental details in
Appendix H.6. Conditioning the LLMP on historical examples improves performance saturating after
4 years, and degrading slightly thereafter. Generally, the LLMP is able to use the examples to pick up
on seasonal trends from history. We note that some locations do not have obvious or strong seasonal
patterns but examples still help performance in these cases (see Appendix H.6).

5 Conditioning LLMPs on Textual Information

One of the most exciting directions of LLMPs is the potential to incorporate prior information about
problems via text. Now that we can examine functional predictive distributions of LLMs, we can
begin to explore their rich prior over functions by conditioning on both text and numerical data. In this
section we present two experiments with details and additional experiments presented in Appendix I.

Scenario-conditional Predictions.In this experiment, we examine the in uence of text providing
information about various synthetic problem settings on the predictive distribution of an LLMPs. In

(a) 0 examples (b) 1 example (c) 4 examples (d) Examples vs NLL

Figure 8: Left three plot} Visualizations of the predictions given by the Mixtral-8B LLMP for
Ranfurly, Alberta. Blue and black circles are training and test points, respectively. Red circles are
median predictions and shaded areas indicate tenth-percentiles over 30 saRigles NLL vs
number of examples. Error bars show standard error over 13 locations.
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(a) No prompt (b) Montreal daily temp. in Jan. (c) Montreal daily temp. in May

(d) Monthly precip. in Singapore (e) Monthly precip. in San Diego  (f) Actual monthly averages

Figure 9: a)-e) predictive distributions from an A-LLMP using Llama-3-70B under various scenario
prompts. Black points are two training points given to the LLM process, the same values for each
scenario. The tenth-percentiles from 50 samples are visualized in faded blue and the median is
presented in dark blue with ve random samples shown in various colours. Figure f) shows the actual
average monthly rainfall for Singapore from 1991-2020 [14] and San Diego from 2000-2024 [15].

all of the following examples, we provide the same two synthetic training points to the LLMP but
change the prompting text that comes before the training data. We then use A-LLMP with Llama-3-
70B to forecast trajectories 50 steps ahead. We begin by examining the predictive distribution with
no prompt (Figure 9a). We prompt the LLMP to generate daily temperature measurements in degrees
Celsius from Montreal in January (Figure 9b) and May (Figure 9¢), and monthly precipitation values
from San Diego, CA (Figure 9d) and Singapore (Figure 9e). Figure 1 Shows the results of prompting
the LLMP to generateléft) a stock price nancial time serieséntre for a company that eventually

goes out of business andght) for a company whose price goes to zero on day 30.

Indeed, the LLMP modi es the predictive distribution accordingly relative to the no prompt predic-
tions. We highlight the following observations: rst, for prompts b) and c), the model moves about
half of its predictive mass below zero for temperatures beginning in January and above zero for the
May temperatures. Second, the LLMP is able to recall actual historical trends for average monthly
precipitation for Singapore and San Diego to condition on prompts d) and €). Despite getting the
trend correct, we note that the median prediction in d) seems to be biased toward the training values
and not re ective of the actual monthly median.

Last, for stock price simulations, the model places all of its density on positive numbers since it is
modelling prices. It is able to produce realistic trajectories and decreases them in expectation when
prompted that the company goes out of business. The model is able to condition on the fact that the
price goes to zero on day 30 which correctly interprets the meaning aftladues as days starting

from O, that they-axis is the price and the phrase “price goes to zero” correspondg-t@ale of 0.

Labelling Features Using Text. In the following example, we examine the performance of a
Mixtral-8x7B Instruct I-LLMP on predicting American housing prices. The datalgitdontains

39980 housing prices and various variables around housing and demographics for the top 50 American
cities by population. Note that this dataset was generated on 12/09/2023, however it contains data
from the 2020 US Census and the 2022 American Community Survey (ACS) so we cannot guarantee
that models did not see data within this dataset during training.

For each prediction task, we show the I-LLMP 10 randomly selected training examples from the
dataset and predict on 20 randomly selected test examples. In the prompt, before the numerical value
(price) we provide a string which encodes the datapoint index/features that the model can use. For
our rst experiment we examine the behaviour of the LLMP when more features are added to the
prompt. We experiment with ve ways of indexing the training and test points; For case (1), we
provide latitude and longitude of the house as numerical values (eg. 32.74831, -97.21828) converted
to strings similar to our method in previous experiments. For the remaining 4 cases, we provide
additional labeled features, adding more features for each case with the prompt for case (5) containing
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