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Abstract

Visual data is used in numerous different scientific work-
flows ranging from remote sensing to ecology. As the
amount of observation data increases, the challenge is not
just to make accurate predictions but also to understand the
underlying mechanisms for those predictions. Good inter-
pretation is important in scientific workflows, as it allows
for better decision-making by providing insights into the
data. This paper introduces an automatic way of obtain-
ing such interpretable-by-design models, by learning pro-
grams that interleave neural networks. We propose DiS-
ciPLE (Discovering Scientific Programs using LLMs and
Evolution) an evolutionary algorithm that leverages com-
mon sense and prior knowledge of large language mod-
els (LLMs) to create Python programs explaining visual
data. Additionally, we propose two improvements: a pro-
gram critic and a program simplifier to improve our method
further to synthesize good programs. On three different
real-world problems, DiSciPLE learns state-of-the-art pro-
grams on novel tasks with no prior literature. For exam-
ple, we can learn programs with 35% lower error than
the closest non-interpretable baseline for population den-
sity estimation. The supplementary material can be found
at: https://disciple.cs.columbia.edu/pdf/supplementary.pdf

1. Introduction

Many modern scientific workflows are built on top of vi-
sual data. Researchers in remote sensing, climate science,
ecology, and other sciences use images as a window into
our world to estimate population density, the amount of
biomass, poverty indicators, and so on. There is a mas-
sively increasing volume of visual data, be it from an ever-
expanding set of satellites, widespread camera traps, or im-
ages uploaded on the web, that is available to domain ex-
perts, and computer vision has the potential to meaningfully
assist scientists in using it for scientific insight.

Scientific applications of computer vision, however, are
demanding tasks because we want models that not only pre-
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Figure 1. We introduce a framework to discover interpretable, pre-
dictive programs for scientific computer vision tasks.

dict outcomes but also reveal underlying mechanisms. For
example, a researcher who studies demography may be able
to train excellent predictive models that learn the relation-
ships between a satellite image and the population. How-
ever, understanding why certain regions are densely popu-
lated is crucial for urban planning and policy decisions —
black-box predictions offer no interpretation of what makes
a region have a high population. Scientists themselves want
to derive insight from the models, not just predict.

While there have been many works that train
interpretable vision models (for example concept-
bottlenecks [20, 28]), these models are often limited
to simple functions of primitive concepts, such as bag
of words. These simple functions do not scale to the
realistic complexity of our visual world and the complex
relationships between its many rich scientific indicators,
resulting in poor accuracy. A promising direction to
model rich relationships without foregoing interpretability
is to learn programs on top of conceptual primitives.
Recently, code generation methods such as ViperGPT and
VisProg [14, 37] have demonstrated that large language
models are able to synthesize programs with competitive
performance on many vision tasks, and the representations
are interpretable by construction because programs are
human-readable. However, while these methods work well
for established vision tasks, they often fail to generalize
to scientific applications of computer vision because the
tasks are new and outside the scope of the training data on
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the internet. LLMs lack the requisite knowledge to answer

novel or domain-specific questions, and as we will show,

directly applying such zero-shot code generation methods
on scientific domains is not effective.

How can we automatically discover accurate and in-
terpretable programs from the volumes of visual data in
scientific applications? This paper introduces DiSciPLE,
a framework for Discovering Scientific Programs using
LLMs and Evolution. Given a large dataset of images,
our approach learns to synthesize a program for solving the
task. As the name suggests, DiSciPLE introduces an evolu-
tionary search algorithm that starts with zero-shot programs
from LLMs and iteratively improves them over the dataset.
The discovered programs are able to interleave neural net-
works, in particular open-world segmentation foundation
models, for segmentation with logical and mathematical op-
erations, enabling powerful predictions while also being in-
terpretable. Our framework makes several improvements
to integrate evolutionary search with LLMs, using program
simplification and critics to provide fine-grained guidance
that accelerates program search.

In three different scientific applications of computer vi-
sion, DiSciPLE is able to learn state-of-the-art programs for
novel tasks that have no prior documented solutions in exist-
ing literature. Our approach significantly outperforms neu-
ral networks at estimating population density from satellite
imagery. Our method also obtains strong out-of-distribution
performance at estimating a region’s biomass, generalizing
to geographical regions outside of the training set signifi-
cantly better than all other baselines.

Our contributions are:
¢ We introduce a novel framework DiSciPLE, that can

produce interpretable, reliable, and sample-efficient pro-
grams for scientific discovery.

* We present two key components: a critic and a pro-
gram simplification method to DiSciPLE that can further
improve the evolutionary search resulting in better pro-
grams.

* We propose benchmarks for the task of scientific visual
discovery containing real-world high-dimensional visual
data for three problems in two different domains. We
also apply DiSciPLE on these benchmarks and show that
our learned programs are more interpretable, reliable, and
data-efficient compared to baselines.

2. Related Works

Concept bottlenecks. Concept bottleneck [20, 33, 42] is
an approach used to create interpretable-yet-powerful clas-
sifiers. The key idea is to train a deep model to predict a
set of low-level concepts or bottlenecks and then learn a
linear classifier. Such concept bottlenecks have the basis
of methods in several areas such as fine-grained recogni-
tion [11, 17, 38, 45] and zero-shot learning [1, 19, 22].

However in order to train these models, expensive data is
needed to be collected for the bottleneck concepts them-
selves. One way to reduce this annotation cost is to se-
quentially ask questions in an information-theoretically op-
timized way [2, 3]. Researchers have also automated this
pipeline by using large-language models as a knowledge
base to propose concept bottleneck models [15, 28, 34].
[4] proposed an evolutionary algorithm with LLMs as the
mutation operation to discover interpretable concept bottle-
neck models without prior information. While these models
are interpretable, they are very simple in terms of expres-
sive power. In this work, we instead evolve programs, that
are more expressive than a bag of words, while being inter-
pretable.

Symbolic regression. Symbolic regression (SR) [5] is
a technique for learning equations through evolutionary
search. Several methods have been proposed to improve the
search efficiency [25], however, most SR techniques can-
not solve problems beyond simple mathematical formulas,
with simple mathematical primitives. This is partly because
the search space of solutions is combinatorially too large.
As a result, SR methods fail to work for images, which are
too high-dimensional. Our method instead focuses on prob-
lems with high-dimensional visual data, by leveraging vi-
sual foundation models as primitives. This results in models
that are better performing while being interpretable. Like
our approach, recent work on SR [12, 23, 29, 35] has also
looked at using LLMs to better guide the search. However,
these methods are only tested on lower-dimension mathe-
matical problems for formula discovery, with a limited set
of primitives. We instead propose an approach that is com-
plementary to these methods. Methods for SR cannot be
applied directly in higher-dimensional open-world visual
problems, on the other hand on low-dimensional problems
existing tools for SR [12] would perform better than DiS-
ciPLE. The focus of this work is on such real-world prob-
lems, where the primitive functions are more complex than
mathematical operations and can even be open-world, for
example, a text-to-image segmentation.

Neuro-Symbolic Program Learning [6, 27] is another
avenue for learning programs for observation datasets
or question answering. These methods typically try to
learn both discrete program structures together with neu-
ral networks. However, since this optimization is non-
differentiable these methods require reinforcement learn-
ing [18] or complex non-differentiable optimization tech-
niques [10]. The hard optimization issue makes the prob-
lem of learning programs sample inefficient in real-world
settings. We alternatively use LLMs ability to program to
better guide the search for such programs.



Program synthesis with LLMs. Several works have uti-
lized LLM coding ability in different applications such as
VQA [13, 37] and robot manipulation [24]. While the zero-
shot inferred code work very well on domains well-known
to the internet, they tend to perform poorly on problems in
scientific domains, as shown by our results.

Scientific applications. Researchers in numerous scien-
tific domains have used machine learning tools to build pre-
dictive models for their quantities of interest. In this work,
we focus on two such scientific domain of: demography
and climate science. For both these domains, we use re-
mote sensing vision language foundation models as pow-
erful primitives, along with mathematical, logical and im-
age operators. In demography, we focus on the problems
of socioeconomic indicator prediction [44], namely popu-
lation density and poverty estimation [31, 41]. Similarly in
climate science we focus on the problem of aboveground
biomass prediction (AGB) [32].

3. Methodology

Our key contribution is a program search framework that
leverages LLMs to perform evolutionary search. In Sec. 3.1
we formalize the problem of program search. In Sec. 3.2
we present our method of incorporating LLMs in the evolu-
tionary search framework. Finally, in Sec. 3.3, 3.4 and 3.5,
we discuss the improvements to this framework to speed-up
the search.

3.1. Problem Formulation

Our system receives as input a dataset D =
{(z1,91), (x2,y2), ..., (xn,yn)} consisting of inputs
x; € X and quantities of interest y; € Y. For example,
when estimating geospatial indicators like poverty, x; may
be a latitude and longitude, along with other metadata about
that location. The system must produce an interpretable
program P : X — Y that maps inputs to corresponding
outputs. As is typical with standard supervised learning,
we also assume a loss function or metric M that measures
how good a particular prediction is, and seek a program
that yields the best evaluation score:

S(PiD) = 3" M(P(z:), 1) m
=1

For example, in the case of population density a good metric
used by domain experts is L2 error over log i.e. M(y/,y) =
[ltog(y") — log(y)l]2 [30, 31].

For our programs to be interpretable, they must put to-
gether modules or primitives in an interpretable way. We
conceptualize these primitives as a library of functions F =
{f1, f2... fr}, that can be used to construct a program P.
Given that we are analyzing visual data, a key primitive will

be an open-vocabulary recognition model that is applied to
any imagery associated with a data point. For example,
when estimating poverty for a location, we can define a
primitive that queries the satellite images available at that
location and uses an open-vocabulary recognition engine
such as GRAFT [26] to detect/segment various concepts.
Recent advances in recognition have produced such foun-
dation models for a range of modalities [26, 36]. In addi-
tion, we will assume basic mathematical, logical and image
operators such as logarithms, elementwise maximum, or a
distance transform. We note that the set of primitives is of-
ten not specific to the task and can be shared across a range
of problems in a domain. That said, the set of primitives can
be expanded upon if needed by domain experts for particu-
lar problems; for example, a climate scientist may want to
include a function that can look up the average temperature
at a particular place and time.

Finally, to enable us to search the space of programs
effectively and leverage the conceptual understanding of
LLMs, we assume that we have a natural language name
or description descr of the quantity of interest Y. For ex-
ample, this may be the phrase “population density”. As we
will see below, this information will be useful in guiding the
LLM to search the space well.

Putting everything together, our proposed system, DiS-
ciPLE (Discovering Scientific Programs using LLMs and
Evolution), takes as input the dataset D, the metric M, the
set of primitives F and the textual description descr. It pro-
duces an interpretable and accurate program P that maps
inputs X to the output quantity of interest Y.

We next describe our proposed system.

3.2. Evolutionary Search for Programs

To search through the vast, discrete space of programs, DiS-
ciPLE adapts evolutionary search. Evolutionary program
search typically starts with a large population of random
programs. These programs are then sampled based on their
fitness as parents. The parent programs create new pro-
grams through crossover and mutation, resulting in a new
population. Newer generations improve over the previous
as the population is getting optimized for the fitness func-
tion. We use the metric M as the fitness function in our
work.

We keep the overall evolutionary algorithm the same but
replace key steps with an LLM. First, at the start of the pro-
cess, we provide the LLM with a prompt for the objective to
generate the initial programs. To leverage the prior knowl-
edge of LLMs, we use a prompt p, that mentions the speci-
fied description of the quantity of interest: “Given a satellite
image, write a function to estimate (descr)”. We do not ex-
pect the LLM to answer such a difficult scientific question
without leveraging the observations D; however, the prompt
prevents the evolutionary algorithm from searching in com-
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def estimator(im):
vegetation = elementwise_max(segment(im, *forest"), segment(im, “trees"))
water_body = segment(im, "lake")
distance_to_water = min_pixel_distance_to_mask(water_body)
return distance_to_water, vegetation

def segment(img):...

def elementwise_max(img):..

def elementwise_sum(img):...

def elementwise_log(img):..

def elementwise_product(img):...

def elementwise_division(img):..

def min_pixel_distance_to_mask(img):...
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e feature5 = elementwise_log(segment(im, "airport"))

— return feature1, feature2, feature3, feature4, feature5
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def estimator(im):
vegetation = elementwise_max(segment(im, “forest"), segment(im, "trees"))
water_body = segment(im, “lake")
distance_to_water = min_pixel_distance_to_mask(water_body)
road = segment(im, "highway")
building = elementwise_max(segment(im, “residential building"),
segment(im, "commercial area"))
distance_to_road = min_pixel_distance_to_mask(road)
return distance_to_water, distance_to_road, vegetation, building
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def estimator(im): def estimator(im):
vegetation = elementwise_max(segment(im, “forest"), segment(im, "trees"))
road = segment(im, "highway")
building = elementwise_max(segment(im, "residential building"),
segment(im, "commercial area"))
distance_to_road = min_pixel_distance_to_mask(road)
distance_to_airport = min_pixel_distance_to_mask(segment(“airport"))
return distance_to_road, vegetation, building, distance_to_airport
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Figure 2. Overview of our evolutionary algorithm with critic and simplification. We start with an initialized bank of program trying to solve
a task. From this bank we sample pairs of programs based on their fitness score and perform crossover/mutations over them to produce
new programs. The generated program is further improved by passing it through a critic and then an analytical simplification step. This
program is then evaluated and put in the next generation of program bank. The evaluation score of the program is used to determine the

fitness for the next generation of evolution.

pletely random directions. As a result, our initial population
is not entirely random.

Second, rather than using the symbolic methods of
crossover and mutation, we use the LLM to perform these
operations. LLMs have common sense about programming
and result in much better program modifications when per-
forming crossover and mutations. More specifically, let P,ﬁl
and P} be two programs sampled from the ' generation
selected as parents based on the fitness function. To perform
a crossover operation we pass, the objective prompt p,,, the
two programs P,ﬁl and Pt2, their corresponding scores (us-
ing Eq. (1)), along with a crossover prompt p. to obtain a
new program:

P = LLM(PY,, PL. s(PLi D), s(PLy: D), po pe)
2)
The crossover prompt instructs the LLM to make use of
the two-parent program and come up with a new program.
The LLM is able to combine elements from the parents to
produce something new as can be seen in Fig. 2. Please
refer to the supplementary for more examples.
Similar to crossover, we also mutate a program with
some probability using a mutation prompt p,,.

"R = LLM(PET s(PETS D), pos pm) - (3)

We present the exact input fed to the LLM for crossover
and mutation in the supplementary. Note that both

crossover and mutation operations also include the objec-
tive prompt preventing the LLM from generating programs
far away from the objective.

3.3. Feature Set Prediction

Solutions for many problems require combination of mul-
tiple feature. Optimizing for the correct combination of
these features is challenging for an LLM, as we are not
doing gradient-based optimization. Therefore instead of
prompting the LLM to directly generate a predictor for ¥,
we prompt it to create a list of predictive features. We then
learn a linear regressor on top of this list and use the regres-
sor with the list of features as the final program. Since both
the generated program and regressor are interpretable, our
final program is also interpretable.

3.4. Program Critic

The only form of supervision our method gets is through the
metric score s(P; D) created by evaluating the program P
on the observations. However, since we perform crossover
and mutation through a language model, we can provide
finer-grained information to LLM in order to aid the search.

More specifically, we propose a critic that performs a
finer-grained evaluation of the program that we get after
crossover/mutation. In most visual domains, the data can
categorically distributed by using the same set of founda-
tional primitives. Our critic performs a stratified evaluation
by partitioning the observation data into multiple categories



Algorithm 1: DiSciPLE’s learning loop

Input: Observation set
D ={(z1,51), (®2,92), -, (Tn, yn) },
metric M, an objective prompt p,, a set of
primitive function F = {f1, fa ... fx}
Hyperparams: Mutation probability p,,, total
number of generations 7',
population size M, crossover p,.
and and mutation p,,, prompts.
Output: A program P* in the form of a program
that explains the observations best.
1 BY « {} // Initialize a programs bank
2 fori=1,...,M do
3 | PP« LLM(p,)
4 LBO<—BO u {P?}
5 P*«+ P!
// Evolution loop

6 fort =0,...,7T do
7 Bt+1 — {}
8 fori=1,...,M do
9 Pf , P} < sample_parents(B;) // sample
parents for crossover
10 P/t
LLM(Pf,, Pf,,s(P{;D),s(P{,;D),pospe)
// crossover operation
1 if u~U(0,1) < py, then
12 P
LLM(PH s(PEF D), pos pm)
// mutation operation
// critique and simplification
13 P critic(PIT)
P! «simplifier(P{ ')
14 if s(P/*!; D) > s(P*; D) then
15 | P*« Pt
16 B+l « Bty (Pt}

17 return P*;

and evaluating the program on individual strata.

D=d UdyU---Ud,, whered;,Nd; =0fori+#j (4

Since all the problems in our benchmark are geospatial,
we use a critic that takes the satellite image corresponding
to each input and uses a segmentation model to partition the
observation dataset into land-use categories. The critic ob-
tains per-partition score s(P;d;) and prompts the LLM to
improve the program on categories the model is bad. The
addition of a critic improves the programs on data over-
looked by existing programs, resulting in reliable programs.

3.5. Program Simplification

Successive steps of crossovers and mutations of programs
result in large programs with many redundancies, hurting
interpretability. We propose an analytical approach to sim-
plify the programs and remove the redundant parts of it. Our
generated programs can be represented as a directed acyclic
graphs (DAG) (we use the abstract syntax tree (AST); see
supplementary). In these DAGs, all the constants and the
arguments of the function are root nodes. Only the return
statement and the unused variables are the leaf nodes. Any
leaf node that is not a return statement, is a piece of code
that is not needed and can be removed. We then recursively
remove all the leaf nodes that are not return statements.

While removing such nodes (unreachable by the return
statement) is useful, there could still be features that are re-
turned by the program but are not contributing. Recall that
we use linear regression on the list of features returned by
the program. The weights assigned to individual features
by the regression model are useful indicators of which fea-
tures are redundant. We remove the features that have a
significantly smaller weight compared to the largest weight
in the regression (a threshold of 5% works well). Removing
these features from the return statement results in several
newly created leaf nodes. We therefore, redo the recursive
leaf node removal to further simplify the program. Each
generated program is first improved through the critic and
then simplified before adding back to the population. Algo-
rithm | shows the complete process.

4. Results

4.1. Implementation details

For all our main experiments we used an open-source
LLM llama-3-8b-instruct [9] served using the vLLM li-
brary [21]. However, in the supplementary, we also ex-
plore other open-source language models. All the visual
data in our benchmarks comes from satellite images, so
to allow inferring semantic information from it, we use a
black-box open-world foundational model for satellite im-
ages, GRAFT [26]. Some experiments use ground-truth
annotations from OpenStreetMaps [40] as an alternative to
disentangle the effect of segmentation from discovery.

We run our evolutionary method for 7' = 15 generations
with a population size of M = 100. For all the problems,
the input observation data comes from different geographi-
cal locations around the world. We split this data into three
parts. Two-thirds of the easternmost observations are used
to create a training-testing split. The remaining one-third
of the data is use to evaluate reliability (out-of-distribution
generalization). We also release this benchmark for future
research in this area.
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def estimator(location):
images = get_satellite_image (location)
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def estimator (location):
images = get_satellite image(location)
smalltrees = segment (images, 'trees')
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get_prec1p1tat1mn(locatl.on) > 127,
get_temperature (location) > 127)
avg_trees = get_average (smalltrees)
elevation = get_elevation(location)
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segment (im, 'highway')))
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segment (im,
'non-residential buildings'))
feature7 =
segment (im, 'road'))
return featurel, feature3, feature4,
feature5, feature6, feature7 / /
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Figure 3. The best performing programs for each of the 3 bench-
mark problems as Python programs (left in each card) and the
corresponding DAG representation on the right. The DAG repre-
sentation allows better visualization of the importance of different
components. The thickness of the red edges determine how im-
portant that component is. A black edge represents computation;
when removed it is either the same as one of its subsequent edges
or removing it could result in a bug.

4.2. Benchmark for Visual Program Discovery for
Scientific Applications

Given the novelty of the visual program discovery task,
there exists no pre-existing benchmark. We define a new
benchmark for this task, drawing on scientifically relevant
geospatial problems. Concretely, we choose two different
problems in Demography: population density and poverty
indicators, and to a problem in Climate Science: for above
ground biomass (AGB) estimation.

It is important to note that for these problems, true re-
lationships between variables of interest are actually un-
known. As such, an LLM cannot be expected to produce a
good program in a zero-shot manner, because it has never
seen these relationships before. This is in contrast to prob-
lems like VQA [37] where the reasoning required to answer
a question is well known and we can simply rely on the
LLM’s world knowledge. In the case of scientific discov-
ery, actual data is needed to discover the right reasoning.

In the following, we present the observation datasets,
metrics, and overview of primitives.

4.2.1. Population Density

Observation Dataset: The problem seeks to predict the
population density by observing the satellite images of a re-
gion [30, 31]. We obtain the population density values (y;)
for various locations in the USA by using ACS Community
Surveys S5-year estimates [39]. Input observations (x;) are
sentinel-2 satellite images at a resolution of 10m [7]. For
this experiment, we also use OpenStreetMaps masks [40]
for 42 different land-use concepts (see supplementary) as
part of the input.

Metric and Primitives: Population density values are
aggregated at the county block group level. The predicted
population densities are therefore also aggregated at the
county block group level. The metric is the per-block group
level average L2 error after applying a log transformation.
Along with the arithmetic, and logical primitives (see sup-
plementary) , we use open-vocabulary segmentation as a
primitive. The segmentation function returns a binary mask
for an input concept.

4.2.2. Poverty Indicator

Observation Dataset: For poverty estimation, we use data
from SustainBench [43]. The dataset contains coordinate
location as input and wealth asset index as output.

Metric and Primitives: We use L2 error for each
location as the evaluation metric. To obtain semantic
land use information about a location, we first define a
get_satellite_image function, that returns a sentinel-2 satel-
lite image for any location. This can be used in conjunction
with the open-world satellite image recognition model to
obtain semantic information about the world. Other than
this we also include as primitives functions that return aver-
age annual temperature, precipitation, nightlight intensity,
and elevation at the input location.

4.2.3. Aboveground Biomass

Observation Dataset: Similar to poverty estimation, the
observation variables are an input location and the output
AGB estimate. We use NASA’s GEDI [8] to obtain the
observation value for three US states. We use data from
Massachusetts and Maine (North-East) as the train/test set
and Washington (NorthWest) as the out-of-distibution set.

Metric and Primitives: We use L2 error as the metric
and the same primitives as poverty estimation.

4.3. Experimental Setup

For the same set of training data we compare our best gen-

erated program with a set of baselines.

1. Mean: A naive baseline that use the mean of the training
observation as the prediction.



2. Concept Bottleneck (CB): Similar to [20, 33, 42], we
first extract a list of relevant features and train a linear
classifier on it. This method is interpretable due to the
bottleneck, however it is not very expressive (see sup-
plementary).

3. Deep models: We use deep models such as ResNets [16]
as baseline (see supplementary for details). We use a
small and large variant for each.

4. Zero-shot: This baseline tests how good would LLMs
be on their own in generating programs solely relying
on prior knowledge without any observation. Since the
generated programs can vary drastically, we report an
average of 5 different zero-shot programs.

5. Random Search: Instead of evolutionary search, this
baseline relies on the stochasticity of LLMs to perform
a random search. If DiSciPLE is better at searching,
it should do better than random searching for the same
number of calls to an LLM.

4.4. Results and Discussion

We first test our programs on unseen in-domain observa-
tions close to the regions used for training (Tab. 1 (left)).
We observe that DiSciPLE outperforms all interpretable
baselines. It can even outperform a deep model in many
cases, specifically on population density estimation, while
being significantly more interpretable. DiSciPLE also out-
performs zero-shot program inference from LLMs. As dis-
cussed before, this is in line with the fact that DiSciPLEis
uncovering new relationships that may not be known to us,
and by extension, to the LLM. The performance of random
search while better than zero-shot is significantly worse
than DiSciPLE. This shows that DiSciPLE is able to per-
form a significantly faster search, by reducing the mean-
ingful search space. Our evolutionary process effectively
leverages data to perform this novel discovery.

Are our programs reliable? If a program is reliable it
should be able to generalize to other regions. Tab. 1 (right)
shows DiSciPLE to these baselines on such an out-of-
distribution set. Here our approach outperforms all base-
lines including deep networks, suggesting that due to its
interpretable-by-design representation, our method learns a
model that can generalize better and overfit less to the in-
distribution training data.

We also show these results qualitatively in Fig. 4,
by comparing population density predictions of DiSci-
PLE and the baselines to the true population density. It
is very clearly evident that DiSciPLE can model the fine-
grained changes in population in unseen regions signifi-
cantly better than the baselines (refer to supplementary for
more visualizations).

Are our programs data-efficient? Our methods are only
trained on a maximum of 4000 observations. Fig. 5 fur-
ther shows that even when the amount of training data is
reduced, our approach shows minimal degradation in per-
formance compared to deep networks. This suggests that
while deep models can learn to generalize with a lot more
data, our model does not need as much data to begin with,
making it data-efficient.

Are our programs interpretable? Our programs are
interpretable-by-design as we can visualize the factors con-
tributing to performance. Fig. 3 shows such programs (left
in each card) for all the problems in our benchmark. An
expert who is working with our method to figure out such
programs can add/edit parts of the formula and figure out
which/how much do each of these components matters.

We perform this step of understanding the influence of
individual operations by removing each operation in our
program and measuring its effects on the final score. The
DAGs on the right of each program show the program struc-
ture and the red edges show the influence of each compo-
nent proportional to the width. This visualization can allow
experts to understand which operations are important for the
model. For example, in the program for population density
Fig. 3, we can see that semantic concepts such as “highway”
and “residential building” are very important.

Can our method perform better than expert humans?
Our method would only be useful in real-world scenarios if
it can come up with stronger or comparable programs to hu-
man experts. We test this on the task of AGB, by providing
an expert (a PhD student actively working on AGB) with a
user interface with the same information as our method. The
experts took about 1.5 hours to use their domain knowledge
and iterate over their program for AGB estimation. How-
ever, the best program they could come up with had an L1
error of 37.65 on the in-distribution set and 53.20 on the
0OD set (compared to 24.79 and 31.10 for DiSciPLE). We
figure this is primarily because experts need to spend more
time on the problem. In general, experts would spend nu-
merous days to come up with a good program, while our
method can come up with a better program faster.

Extension to more indicators We also test DiSciPLE on
a larger suite of demographic indicators. Using SocialEx-
plorer, we build a suite of 34 demography indicators. Refer
to the supplementary for a list of these indicators. This in-
cludes demography information such as age group, educa-
tion status, etc. In Tab. 2, we report the average performance
of our method compared to baselines on this data. Since
different indicators can have different scales, we first nor-
malize all of them to have zero mean and unit standard de-
viation. These indicators are challenging to predict directly



Table 1. Performance of our programs on in-distribution (left) and out-of-distribution (right) observations across various problems in the
proposed benchmark. This shows the reliability of programs produced by DiSciPLE (red is best and blue is second best).

In distribution OO0D
Population Density Poverty AGB Population Density Poverty AGB
L2-Log Ll-Log L1 RMSE L1 RMSE | L2-Log Ll-Log L1 RMSE L1 RMSE
Mean 0.6696 0.6540 1.613 1.836 42.15 50.65 0.6734 0.6561 1.591 1.844 74.15 83.02
CB 0.8298 0.7279 1.229 1476  26.33 33.49 0.7951 0.7112 1.257 1.504 44.19 63.52
Deep - Small 0.4431 0.5006 1.238 1.637 30.72 37.03 0.6623 0.5967 1.284 1.654 3527  53.06
Deep - Large 0.3974 0.4843 1.170 1.478 21.15 27.86 0.4460 0.5115 1.344 1.741 35.41 70.30
Zero-shot 0.4702 0.5371 1.525 1.754 38.80 46.41 0.7020 0.6412 1.510 1.773 55.11 64.32
Random Search ~ 0.4353 0.5118 1.277 1.679 29.40 36.70 0.6763 0.6298 1.418 1.840 42.32 52.53
Ours 0.2607 0.3778 1.077 1.314 24.79  32.99 0.3807 0.4426 1.134 1.420 31.10 42.93
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Figure 4. Qualitative comparison of DiSciPLE with other baselines on the tasks of population density. DiSciPLE Can map to the true
population density maps much more accurately than the baselines (Refer to the supplementary for more comparisons). The maps display

population density as the base-10 log of people per square mile.

from satellite images, as evidenced by the deep model fail-
ing to perform significantly better than CB and mean base-
lines. As a result while DiSciPLE performs better than all
the baselines the improvements are not huge. Nonetheless,
DiSciPLE performs better than every baseline. This large-
scale experiment shows the potential of applying DiSci-
PLE to a wider range of problems. More details about
these demographic indicators and individual performance
on these is shown in the supplementary.

4.5. Ablations

How important is the role of feature-set prediction,
critic, and simplification? Table 3 measures the perfor-
mance of our model on the task of population density as we
successively add these components to the evolutionary al-
gorithm. The addition of feature set prediction instead of
a single feature helps, as it allows our method to learn ex-
pressive linear regression parameters instead of letting the
LLM come up with them. Further adding critic results in

Table 2. Performance of DiSciPLE compared to baselines on a
larger suite of challenging 34 demographic indicators. Since the
dataset is very challenging, the deep baseline regresses to mean,
however with DiSciPLE we can still see some improvements.

Test OOD
L1 RMSE L1 RMSE
Mean 0.8578 1.1519 0.8939 1.1948
CB 0.8249 1.1159 0.8771 1.1767
Deep 0.8527 1.1556 0.8942 1.1990
Ours 0.8159 1.1065 0.8750 1.1719

further improvement as the programs start covering nicher
concepts resulting in better unseen and OOD generalization.
Finally adding in simplification also improves the program.
We posit that simplification removes irrelevant features pre-
venting the LLM from focusing on them when performing
CrOSSOVers.
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Figure 5. Performance of DiSciPLE compared to deep baselines
as we reduce the amount of training observation (in terms of L2
error). The Oracle (blue) uses a program learned from all observa-
tions but uses only partial observation for parameter training. DiS-
ciPLE (orange) uses partial observation during evolution as well.
While the errors get worse as we reduce the observation data, the
drop is significantly less severe for DiSciPLE compared to deep
models, which tend to overfit.

Table 3. Performance of our method as we successively remove
the components. Both critic and simplification lead to perfor-
mance improvement for our method.

Test OOD
Set Critic Simpli. L2log Lllog L2log Lllog
X X X 0.3159 0.4296 0.4835 0.5178
v X X 0.2906 0.4049 0.4258 0.4826
v v X 0.2873 0.3984 0.4184 0.4684
4 v v 0.2607 0.3778 0.3807  0.4426

How important are common sense and prior knowledge
of LLMs? The two major advantages an LLM provides
over traditional tree-search are: 1) better crossover and mu-
tation as LLMs can understand the meaning of the primi-
tives. 2) use of prior knowledge for better-guided search.
Therefore we remove these two sources of information and
test how well can our method perform. To remove the un-
derstanding of functions we rename them with meaningless
terms and remove the descriptions. To remove the context
of the problem we remove the objective prompt. Tab. 4,
show the performance of our method on density estimation
after removing each of these prompts. Without common
sense, the search cannot even progress away from the ini-
tial random programs, resulting in worse-than-mean results
(L1 error of 0.84 vs 0.26 for DiSciPLE). This suggests that
symbolic regression models, that have no understanding of
open-world primitives, would struggle to search. If we just
remove the context of the problem, the model does slightly

Table 4. Perfomance of our method when removing the context of
the problem (objective prompt from the evolution, and when re-
naming and not describing the primitive functions to the LLM. We
see significant drops in performance in both cases, suggesting that
both common sense and prior knowledge of LLM are important to
perform efficient evolutionary search. )

Method Lllog L2log

No common-sense  0.8401  0.7186
No problem context  0.4498  0.5140
DiSciPLE full 0.2607 0.3778

better and can obtain results better than the mean and zero-
shot programs (L1 error of 0.45). This suggests that while
the search is moving in the objective’s direction, it is slow.

5. Discussion and Conclusion

Limitations: One of our limitation is that we can only dif-
ferentiably optimize learnable parameters in the last compu-
tational layer. This could miss out on programs with useful
parameters in some intermediate computation layers. We at-
tempted to make the whole pipeline differentiable, however
the model performance did not improve much. Many of the
operations in our pipeline even though differentiable have
zero-gradient in large part of input space, making gradient
optimization challenging. Moreover, a completely differen-
tiable programs is even slower to optimize resulting in much
slower evolution. In future work, we plan to use initializa-
tion tricks for non-linear optimization and second-order op-
timization to obtain even more expressive models.

Conclusion: We present DiSciPLE — an evolutionary al-
gorithm that leverages the prior-knowledge and common
sense abilities of LLMs to create interpretable, reliable and
data-efficient programs for real-world scientific visual data.
This allows us to create programs that are more powerful
than existing interpretable counterparts and more insightful
than deeper uninterpretable models. We shows its prowess
on 3 scientific applications by proposing a benchmark for
visual program discovery. We believe that using DiSciPLE
in tandem with a human expert can rapidly speed up the
scientific process and result in numerous novel discoveries.
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