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Version 0:
Reviewer comments:
Referee #1

(Remarks to the Author)

The paper "TEXTGRAD: Automatic 'Differentiation’ via Text" introduces a novel framework designed to optimize complex Al
systems built upon large language models (LLMs). The authors draw an analogy to traditional backpropagation in neural
networks, leveraging textual feedback as gradients to refine various components within a computation graph. The framework
has been tested across a diverse range of applications including question-answering, code optimization, molecular design,
and radiotherapy treatment planning, demonstrating significant improvements in performance metrics.

Strengths:

1. Innovation and Originality:

- The concept of using textual gradients and metaphorically aligning them with traditional numerical gradient-based
backpropagation is both novel and creative. It opens a new frontier for optimization in Al systems.

- The framework is also general and versatile, applicable to multiple domains without needing domain-specific adjustments.
This showcases the potential broad applicability of the approach.

2. Technical Soundness:

- The implementation of TEXTGRAD is robust, utilizing existing LLMs in a unique optimization paradigm. The method
integrates seamlessly with existing machine learning frameworks like PyTorch, which is beneficial for ease of use and
adoption.

- The experiments are thorough and demonstrate clear performance benefits across varied tasks, underscoring the utility and
effectiveness of the framework.

3. Broader Impact:

- By improving the performance of complex Al systems and making optimization more accessible, TEXTGRAD could
accelerate research and innovation in multiple fields, particularly in areas like drug discovery and medical treatment
planning.

- The open-source nature of the framework encourages widespread use and further improvements from the research
community.

Weaknesses:

1. Scalability and Efficiency:

- The paper does not provide sufficient details about the computational efficiency and scalability of TEXTGRAD in large-
scale applications. An analysis of the computational overhead and performance trade-offs would significantly strengthen the
work.

2. Comparative Analysis:

- While the paper makes some comparisons against state-of-the-art methods, it would benefit from a more extensive set of
comparisons with other recent advancements in Al optimization. Including baseline results from a wider set of benchmarks
and methods would provide a more comprehensive performance assessment.

3. Contextual Limitations:
- The reliance on LLMs, which are typically large and require significant computational resources, might limit the



accessibility of TEXTGRAD in resource-constrained environments. Discussing potential mitigations or adaptations for more
lightweight models could enhance the paper’s relevance.

In addition, the way the paper is written in many places may confuse readers or make them feel that the paper is over-
claiming. For example, if | understand correctly, the components being optimized through TEXTGRAD in an Al system are
textual contents like prompts. However, the paper may give the readers the impression that it introduces a new way to
optimize a broader set of components, including model parameters, in an Al system. For instance, the abstract states,
"Inspired by this, we introduce TEXTGRAD, a powerful framework performing automatic 'differentiation’ via text. TEXTGRAD
backpropagates textual feedback provided by LLMs to improve individual components of a compound Al system."

My suggestion:

While the paper "TEXTGRAD: Automatic 'Differentiation’ via Text" introduces an innovative and potentially impactful
framework, | do not think it meets the publication standard of Nature, unless my concerns can be well addressed.
Specifically, the issues related to scalability, computational efficiency, comparative analysis, and contextual limitations need
to be thoroughly examined and resolved to ensure the robustness and broader applicability of the framework.

(Remarks on code availability)
The code is a good one.

Referee #2

(Remarks to the Author)

Yuksekgonul et al. introduces TextGrad as a strategy for “performing automatic differentiation via text”. Claims are made in
the abstract as to improvements in question and answering (51% to 55%), LeetCode-Hard coding problem solutions, and the
design of druglike small molecules and high-specificity oncology treatment plans. The premise of the work is that SOTA
machine learning approaches may require expertise to design, but can be posed as a computation graph that is
modified/improved by feedback from an LLM. TextGrad is introduced as a new framework with analogy to how PyTorch can
be used for parameter optimization in traditional supervised learning. There are two ‘modes’ of optimization: optimization of
instances and optimization of prompts. These capabilities are enabled through engineered prompts that explain the high-
level goal, include mention of past iterations to provide momentum in SGD, etc.

Overall, this work tries to demonstrate the generality and broad relevance of the framework to several tasks across several
domains. The manuscript is written clearly, formatted nicely, and is bold in its claims. However, | believe that with the
exception of the standard benchmarks used to evaluate LLMs and prompt engineering (the first two demonstrations), the
demonstrations on molecular design and radiotherapy treatment are shallow and do not show evidence of performance that
exceeds what is already capable with other, sometimes task-specific and sometimes non-ML approaches. It is already clear
that one *can* use LLMs to approach these tasks, but it is not clear that one *should* and this paper does not illustrate their
value adequately, especially in the case of drug discovery. Even setting aside that this is a toy task, no comparisons are
made to show SOTA or near-SOTA performance. My comments below around the drug discovery example might appear
harsh, but | believe itis irresponsible to have overstated claims about the role of Al, let alone LLMs, for such tasks that are
significantly more nuanced than what is discussed or evaluated. | cannot be supportive of publication based on this section,
and hope that other experts for the other demonstrations can speak to the significance of those as well.

The description of the strategy relies on pseudo-mathematical statements about partial derivatives that are not true
derivatives, i.e., empirical applications of chain rule-like reasoning. Conceptually, what is reported bears a strong
resemblance to ideas in self-refinement and other cited works like Reflexion. The relationship to other prompt optimization
frameworks is discussed in the Related Work, including ProTeGi, which uses the exact same textual gradient analogy. This
work packages these ideas into a convenient framework that may not represent an entirely novel conceptual advance, but is
presented in an intuitive manner.

Modest improvements in performance are observed for a few different tasks (e.g., Table 2); | am not the best reviewer to
judge the significance of these differences. Table 3 shows performance matching DSPy on two tasks and moderately better
performance on a third.

It is not clear how some of the hyperparameters for the model are chosen, e.g., how many iterations to use for refinement
(sometimes 3, sometimes 12). Does performance deteriorate if too many iterations are used?

To comment on the chemistry and drug discovery related tasks from the perspective of a domain expert, there is a lot | am
concerned about. The significance of a Vina score and QED value are overstated. QED is an extraordinarily simple and
uninformative metric that has been overused in computational benchmarks, but is trivial to maximize with a score of 0.948
using almost any molecular generative model. QED does not inherently favor molecules with “better absorption properties”
and docking scores don’t inherently prefer “many functional groups”. Comparing a Vina score of a generated molecule to a
clinically approved molecule is not evidence that a better molecule has been found. The trajectory does show steady
improvement from the starting molecule, but the seed molecules are artificially poor binders. If the optimization is continued
for more iterations, are even better molecules identified? The claim that TextGrad produces competitive results without a
prior training set is also highly flawed, as the base LLM has been trained on data including knowledge of molecular
structures, approved drugs, and various other aspects of molecular design. This goes beyond memorization of approved
drugs for specific protein targets and is not mitigated by an evaluation of Tanimoto similarity to ChEMBL molecules. The



explanations provided by the model that are claimed to be informative/interpretable are shallow and could be summarized in
the most basic of introductory articles about medicinal chemistry “moves” and basic concepts in binding; moreover, they do
not seem specific to the protein target of interest and instead are generic comments about what kind of interactions might be
relevant for binding in general. The evaluation of this molecular optimization task lacks any discussion of other approaches,
whether based on generative design or based on virtual screening of known molecules from compound libraries. Section F.2
claims that the vina_ged_ratio can be tuned to change the tradeoff but no results are shown to indicate that the scalarization
of the two objectives is quantitatively respected by the model. | believe that defending claims of utility for drug design
requires a stricter standard than claims of improving performance on standardized Q&A/LeetCode benchmarks.

For the application of radiotherapy treatment plan optimization, what is the performance of a task-specific optimizer that
approaches the problem as a numerical optimization? Or any other nested optimization that directly tries to optimize the
performance metrics reported in Figure 3de? Though | am not an expert in this application, | suspect there are plausible
baselines that have been omitted. Details are not provided as to the origin fo the “human-optimized” plans.

Referee #3

(Remarks to the Author)
A. Summary of the key results

The paper introduces TextGrad, a framework analogous to backpropagation and automatic differentiation, designed for
optimizing text prompts or instances through backpropagated textual feedback. This general and effective approach is
applied across diverse scenarios: optimizing code snippets, molecular structures, question-answering, and designing
radiation oncology treatment plans. The results demonstrate that the proposed method significantly improves the
performance of LLM agents. Additionally, the authors present a library that enables developers to easily apply the approach
using programming syntax similar to PyTorch.

B. Originality and significance: if not novel, please include reference

The use of textual feedback as an optimizer is not new and has been discussed in the literature (see, for example, the paper
list https://github.com/AGI-Edgerunners/LLM-Optimizers-Papers). To me, the method of using textual feedback as a gradient
is similar to approaches found in [1] and [2], as cited in this paper. However, to the best of my knowledge, none of the prior
works provides a general framework for implementing this idea, nor do they leverage PyTorch’s programming syntax to
allow developers to easily construct complex, domain-specific applications. The authors demonstrate that their library
enables this approach to be applied across a range of diverse and knowledge-intensive fields. In the same way that deep
learning has benefited from libraries that simplify implementation, making it accessible to various fields, the proposed
framework simplifies the use of LLM as an optimizer. | can see the potential impact of this framework being significant.

[1] Large Language Models as Optimizers

[2] Automatic Prompt Optimization with “Gradient Descent” and Beam Search

C. Data & methodology: validity of approach, quality of data, quality of presentation

Overall, the proposed approach is well-motivated and clearly articulated. The authors validate the framework across a
diverse range of applications, effectively demonstrating its utility. The experimental design is both solid and reasonable, and
the results strongly support the authors' claims. | have several suggestions and questions about the experiment settings,
please see Section F.

D. Appropriate use of statistics and treatment of uncertainties

Certain factors may introduce variance in the evaluation process. Additionally, some experimental results rely on models
released by OpenAl, which may evolve or be removed over time. In such cases, future attempts to reproduce the results
might not be possible. Therefore, it would be great to address these uncertainties and discuss their potential impact on
reproducibility.

E. Conclusions: robustness, validity, reliability

Overall, the experiment results demonstrate the effectiveness of the proposed framework. With testing the approach in
various datasets and tasks, the authors also demonstrate the robustness of the approach. See more comments and
discussion in Section F.

F. Suggested improvements: experiments, data for possible revision

Please see comments/suggestions in the following:

1. I'm curious whether the proposed approach can be applied to optimizing few-shot examples in an in-context learning
setting.

2. Please correct me if 'm wrong — while the proposed framework is general, the applications discussed in the paper don’t
seem to involve complex backpropagation chains and multiple variables, as shown in Figure 1(b). | acknowledge that the
authors have demonstrated the framework’s effectiveness in several real-world tasks, but it would be interesting to test itin
more complex agent-based tasks, such as WebArena, which require more intricate actions and tool use.

3. | wonder how robust the prompts or instances identified by this framework are. Specifically, how does the performance
hold up when applying prompts or instances obtained from one LLM (e.g., GPT-4) to another (e.g., Gemini)?

4. 1wonder how "correct" the textual feedback provided by the LLMs in this framework is. If the feedback is inaccurate or
varies over time, this could potentially impact the optimization process.



5. There are several self-reflection and self-correction approaches in the literature (e.g., see the survey:
https://arxiv.org/abs/2308.03188). | am curious how the proposed approach compares to these.

G. References: appropriate credit to previous work?
Overall, the paper provides appropriate references to related work. However, | would like to see more discussion with related
concurrent work such as “LLMs as optimizer” as it seems to me the idea is quite similar at first glance.

H. Clarity and context: lucidity of abstract/summary, appropriateness of abstract, introduction and conclusions

The paper is well-written. The abstract and introduction provide strong motivation and clear intuition for the work. It
articulates the details of the proposed framework with illustrative examples and provides excellent real-world applications
that demonstrate how the framework can be used.

(Remarks on code availability)
I did a light review of the

Version 1:
Reviewer comments:
Referee #1

(Remarks to the Author)

The authors have made commendable efforts to address and incorporate the feedback provided by all reviewers. | found the
reading process quite enlightening, as it offered new insights and knowledge. The work presented is certainly both
interesting and valuable.

However, after careful consideration, particularly in light of the points raised by reviewer 3, | still feel that the manuscript may
not fully align with the publication standards of Nature. While this assessment is inherently subjective, it is important to note
that a framework such as Auto-Grad, which can be likened to Pytorch in its domain, might not require the platform of Nature
for its dissemination and recognition. At its current stage, a highly influential application or very broad usage might be
necessary to meet the criteria for publication in Nature.

Referee #2

(Remarks to the Author)
The authors have made numerous changes to the manuscript that | believe has strengthened it and clarified its contributions.
I'm supportive of its publication.

1. | appreciate the additional evaluations using a smaller base model and the discussion of cost required for optimization.

2. | appreciate the additional contextualization with respect to Reflexion, OPRO, and DSPy. The emphasis on (and benefit
of) generality is noted.

3. | appreciate the decision to move the molecular optimization example to the Appendix and the additional caveats of the
analysis (i.e., the existence of many additional considerations in molecular design). | know my initial comments were very
picky about the language, so | am grateful that they were considered seriously. The inclusion of comparisons from the PMO
benchmark provide better evidence of strong empirical performance in this proof of concept.

When skimming some of the examples in the appendices, | noticed in D.2 that the GPQA Diamond example has mis-
formatted superscripts; might be worth checking others.

Referee #3

(Remarks to the Author)
I would like to thank the authors for thoroughly addressing all the feedback and for including new experiments on MathVista
and ScienceQA, as well as exploring the setting of optimizing compound Al systems.

The results on MathVista and ScienceQA are promising, with TextGrad demonstrating improvements over strong published
baselines in both cases. These experiments address my concerns.

However, the claim regarding the reduction of hallucinations in the multimodal language model for VQA is not convincing to
me. First, the authors mention that the experiment is only on "the spatial relation type, using 200 images from this subset". In
such a case, the authors should only claim that TextGrad improves spatial reasoning in vision-language models. Second, it
is unclear why the authors chose to conduct experiments on HQH rather than other well-established VQA or spatial relation
benchmarks. Third, the definition of hallucination in HQH seems problematic. For example, in Figure 3d, the initial answer
appears to involve an object recognition error rather than what is typically considered hallucination. In vision-language,
hallucination is not a well-defined term, but it is generally understood as VL models generate captions that include objects
not present in the input images. However, HQH seems to consider all types of errors as hallucinations. | would recommend
avoiding the use of such a vague term without further clarification.



Overall, the paper is interesting and demonstrates that TextGrad can be effectively applied across various scenarios.
Therefore, | lean into accepting the paper. However, | encourage the authors to dive deeper into each experimental scenario,
providing intuition on how TextGrad contributes to performance improvements and ensuring that all claims are supported by
the results.

Open Access This Peer Review File is licensed under a Creative Commons Attribution 4.0 International License, which
permits use, sharing, adaptation, distribution and reproduction in any medium or format, as long as you give appropriate
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made.
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Reply to the Reviewers
Manuscript 2024-06-12036
TextGrad: Automatic “Differentiation” via Text
Nature

Overall Comments to Reviewers

We sincerely thank the reviewers for their thorough evaluation of our manuscript.

We thank reviewers for recognizing TEXTGRAD as a versatile and intuitive frame-
work that will have substantial impact. We are excited that Reviewer 1 found our work
"both novel and creative" and noted that it “opens a new frontier for optimization in Al
systems.”. We appreciate Reviewer 1’s recognition of TEXTGRAD’s “general and ver-
satile” nature and its potential for “broad applicability.” We are grateful that Reviewer 2
found our manuscript to be “written clearly, formatted nicely”, and found our framework
"convenient". We also thank Reviewer 3 for highlighting that our framework “simplifies
the use of LLM as an optimizer” and noting that they “can see the potential impact of this
framework being significant.”

The reviewers’ insights have been invaluable in helping us improve our work. As Re-
viewer 1 stated, we believe TEXTGRAD can “accelerate research and innovation in multi-
ple fields”. We have carefully incorporated all of the reviewers’ feedback in our updated
manuscript. To this end, we have added substantial new experiments to demonstrate
the significant improvements achieved by TEXTGRAD compared to other sophisticated
approaches across diverse settings.

High-level summary of new results

We performed extensive experiments to demonstrate the generality, scalability, and ro-
bustness of TEXTGRAD. Below is a list of all the new results, which we explain in detail
in the individual responses to reviewers.

1. Adding new experiments in new settings: We explore new and more challenging
settings to expand the applications of TEXTGRAD from the initial submission.

¢ Compound Al systems: We explore optimizing compound Al systems in two new
domains: i) agentic systems that use tools and retrieval, and ii) optimizing prompts
and instances simultaneously to reduce hallucinations (Figure [2). We optimize the
solution chains from Chameleon [1], an agentic system that uses tools to solve visual
question answering problems, and improve its performance from 77.5% to 85.2%.
Further, in the hallucination benchmark HQH [2], we reduce the failure rate of
gpt-4o from 30% to 21% (new Figure 3 in the main paper).

* Multimodal solution optimization: We added applications of TEXTGRAD to mul-
timodal domains such as scientific question answering (Table[I), where TEXTGRAD
improves the accuracy from 63.8% to 66.1% on ScienceQA [3], and from 91.6% to
92.4% on MathVista [4] (new Table 2 in the main paper).
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* Optimizing in-context demonstrations We demonstrate that not only instructions,
but also the in-context demonstrations can be optimized using Textual Gradients (Ta-
ble2). In particular, without making any changes to our framework, we can opti-
mize the in context demonstrations to improve prompt optimization, and this brings
consistent performance gains in our prompt optimization benchmarks (new Supple-
mentary Table 5 in the main paper).

2. Expanding our experiments with new baselines: To better ground our work, we
added new baselines to our experiments as requested by reviewers:

* Baselines for language modeling benchmarks: First, for the language modeling
benchmarks, Table 2 includes the new OPRO [5] baseline for prompt optimization,
Table|l|includes the Reflexion [6] baseline for instance optimization. Figure|l|shows
that in solution optimization and prompt optimization, TEXTGRAD achieves results
beyond the Pareto frontier of cost-accuracy of existing approaches (new Supplemen-
tary Figure 8 in the main paper).

* Baselines for molecule optimization experiments: Second, for molecule optimiza-
tion, Figure [7] includes 6 baselines from the Practical Molecule Optimization bench-
mark [7], including methods based on Monte Carlo Tree Search, Reinforcement
Learning, and Genetic Algorithms. Compared to these baselines, TEXTGRAD con-
verges faster, and also achieves better Vina scores across 58 proteins (new Supple-
mentary Figure 7 in the main paper).

* Baselines for treatment plan optimization: Third, in our radiotherapy treatment
planning study, we added a new baseline with a Bayesian Optimization (BO) algo-
rithm similar to Wang et al. [§]. In Table 5, we find that TEXTGRAD-optimized plans
achieve significantly better PTV than the BO algorithm (new Supplementary Table
1 in the main paper).

3. Studying the cost and robustness of TEXTGRAD: Based on comments from our re-
viewers, we extensively studied the feasibility (cost and scalability) and the robustness of
optimization using TEXTGRAD in various applications. In particular:

¢ Cost-accuracy frontier: First, we study the feasibility of TEXTGRAD by exploring
the Cost-Accuracy frontier (Figure|[l) in prompt optimization and solution optimiza-
tion. For instance, we find that in all of our settings, prompt optimization has a fixed
cost of < $1, and solution optimization has a cost of $0.10 per instance. TEXTGRAD
achieves results beyond the Pareto frontier of existing approaches (new Supplemen-
tary Figure 8 in the main paper).

¢ Optimization using open-source models: Second, we explore performing opti-
mization using open-source models in Table 3, We find that recent open-source
models such as the Llama-3.1 family [9] can also be capable optimizers. For in-
stance, by optimizing prompts for Llama-3.1-70B using itself, we can push its per-
formance on Object Counting from 85.9% to 93.1%, and on Word Sorting from 87.9%
t0 95.8%. As open-source models get better by the day, we expect TEXTGRAD using
an open-source model as an optimizer to be competitive with optimizers based on
closed-source models (new Supplementary Table 3 in the main paper).
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* Robustness of prompts and transferability to open-source models: Third, we study
the robustness of prompts learned using closed-source models in Table @} We find
prompts are often transferable to open-source models, providing another avenue
for improving the performance of open-source models. For instance, by using the
prompts optimized for gpt-3.5-turbo-0125, we can improve the performance of
Qwen 2.5 - 32B on Object Counting from 83.8% to 92.9%, and on Word Sorting from
47.5% to 55.6% (new Supplementary Table 4 in the main paper).

¢ Steerability in multi-objective molecule optimization: Fourth, we analyze the
steerability of TEXTGRAD’s solutions in multi-objective molecule optimization in
Figure 8, and find that TEXTGRAD is able to alter the distribution of generated
molecules in response to a user tuned prioritization of the Vina and QED met-
rics (new Supplementary Figure 5 in the main paper).

¢ Sensitivity analysis in molecule optimization: Fifth, in molecule optimization, we
perform a sensitivity analysis study to analyze the depth and specificity of TEXTGRAD
gradients for targeted ligand design. We find that TEXTGRAD's feedback are spe-
cific to the optimized molecule and protein. An ablation with randomized, promis-
cuously applied gradients produced molecules that were significantly inferior across
multiple properties (new Supplementary Figure 6).

4. Clarifications: Finally, we added clarifications to the writing and added further dis-
cussion on relevant work as requested by reviewers, such as adding a more detailed dis-
cussion on OPRO [5] and using a more careful language with the claims in the molecule
optimization section.

A note on generality: Importantly, a crucial novelty and benefit of our framework
is its generality. For instance, looking at Reflexion or OPRO, we see that for each task,
there is a need to create separate implementations, prompts, and a user has to go through
a great deal of effort to actually use their approaches effectively. Achieving meaningful
improvements with these methods requires such a great effort that a user essentially needs
to redesign existing methods, or invent new methods to apply to new tasks.

Generality is one novel and key benefit of TEXTGRAD. Once viewing optimization
as the first-class citizen task, achieving performant results in novel applications becomes
turnkey. In particular, a user need not modify the framework to apply to a new domain.
TEXTGRAD works out of the box for all the domains we tested without any modifications,
and we spent a great deal of work to make sure optimization works as broadly as possible.

For clarity, we use green to indicate original reviewer comments. We use orange to
highlight revisions we made to our writing, both here and the revised version of the
manuscript. We use black to to respond to reviewer’s comments here.
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https://github.com/noahshinn/reflexion
https://github.com/google-deepmind/opro

1 Responses to Reviewer 1

Comment #1.1

The paper "TEXTGRAD: Automatic 'Ditferentiation’ via Text" introduces a novel frame-
work designed to optimize complex Al systems built upon large language models (LLMs).
The authors draw an analogy to traditional backpropagation in neural networks, lever-
aging textual feedback as gradients to refine various components within a computation
graph. The framework has been tested across a diverse range of applications including
question-answering, code optimization, molecular design, and radiotherapy treatment
planning, demonstrating significant improvements in performance metrics.

Strengths:

* The concept of using textual gradients and metaphorically aligning them with tra-
ditional numerical gradient-based backpropagation is both novel and creative. It
opens a new frontier for optimization in Al systems.

e The framework is general and versatile, applicable to multiple domains without
needing domain-specific adjustments. This showcases the potential broad applica-
bility of the approach.

e The implementation of TEXTGRAD is robust, utilizing existing LLMs in a unique
optimization paradigm. The method integrates seamlessly with existing machine
learning frameworks like PyTorch, which is beneficial for ease of use and adoption.

* The experiments are thorough and demonstrate clear performance benefits across
varied tasks, underscoring the utility and effectiveness of the framework.

e By improving the performance of complex Al systems and making optimization
more accessible, TEXTGRAD could accelerate research and innovation in multiple
tields, particularly in areas like drug discovery and medical treatment planning.

* The open-source nature of the framework encourages widespread use and further
improvements from the research community.

Response to #1.1

We sincerely thank you for your thorough evaluation of our manuscript and its strengths.
We appreciate your recognition of TEXTGRAD as "both novel and creative" and noting
that it "opens a new frontier for optimization in Al systems." We are grateful for your ac-
knowledgment of TEXTGRAD's "general and versatile" nature and its potential for "broad
applicability."

Comment #1.2

Weakness: The paper does not provide sufficient details about the computational effi-
ciency and scalability of TEXTGRAD in large-scale applications. An analysis of the com-
putational overhead and performance trade-offs would significantly strengthen the work.
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Response to #1.2

Thank you for this great suggestion! To give further results on the scalability and
efficiency of TEXTGRAD, we study the cost of running optimization along with the cost
accuracy frontier across a variety of methods.

Cost vs Accuracy Frontier:

First, we report the cost-accuracy frontier of prompt optimization in Figure|l} In particu-
lar, we compare the fixed cost of optimizing a prompt for gpt-3.5-turbo-0125 using the
existing techniques to the performance obtained via that method. This cost is paid once
to optimize a prompt. On x-axis, we report this cost, and on the y-axis, we report the
performance.

Overall, we highlight two observations. First, TEXTGRAD is always at the Pareto
frontier. Second, the cost of running prompt optimization is often < $1, highlighting
that prompt optimization is inexpensive, as it only needs to be done once and then the
optimized prompt can be reused.

Secondly, we report the cost-accuracy frontier for instance optimization also in Fig-
ure (I, Here, we report the average cost of running instance optimization across all the
test instances. We again observe that TEXTGRAD is at the Pareto frontier here, and the
cost of running optimization per instance is usually < $0.10. This again highlights that
running optimization using these models is often acceptable.

We provide further results on the scalability and accessibility in the answer to Com-

ment (1.4l
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Cost vs. Performance for Object Counting
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Figure 1: (new Supp. Figure 8 in the paper) Cost-Accuracy frontier for prompt opti-
mization (top row) and instance optimization (bottom row). We observe that prompt
optimization often has a cost < $1, and instance optimization often has a cost of < 0.15,
highlighting that optimization with TEXTGRAD is inexpensive.

Comment #1.3

While the paper makes some comparisons against state-of-the-art methods, it would
benefit from a more extensive set of comparisons with other recent advancements in Al
optimization. Including baseline results from a wider set of benchmarks and methods
would provide a more comprehensive performance assessment.

Response to #1.3
Thank you for this suggestion! We have further expanded our experiments in several
distinct ways.

New setting 1: optimization in multimodal vision and language problems

We expand solution optimization to multimodal problems, specifically the MathVista [4]
and the ScienceQA [3] tasks. MathVista is a comprehensive benchmark for evaluating
models’ capabilities in mathematical reasoning with visual contexts. It contains seven
mathematical reasoning categories including arithmetic reasoning, algebraic reasoning,
and statistical reasoning, and requires fine-grained visual understanding across natu-
ral images, diagrams, charts, and graphs. We utilize the testmini split with 1,000 exam-
ples for evaluation. ScienceQA is a multimodal benchmark of multiple-choice questions
in scientific domains. It covers three subjects: nature scicence, social science, and lan-
gauge science, featuring a diverse set of domains and topics. We conduct experiments on
ScienceQA-IMG, the test split in multimodal setting, which consists of 2,017 examples.
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On both tasks, we test gpt-4o using a zero-shot chain-of-thought (CoT) prompting
strategy for inference and follow default evaluation pipelines [3, 4]. TEXTGRAD is em-
ployed to optimize the solutions generated by gpt-4o, with solution refinement objectives
defined as follows:

Solution Refinement Objective for Multimodal Question Answering

For visual mathematical reasoning (MathVista):

LLM("Please evaluate the existing answer to the visual math problem without solv-
ing it yourself. Verify that the answer provides accurate reasoning logic to address
the question.

Image: {Image data}

Question: {Question}

Answer by the language model: {Solution}")

For visual scientific reasoning (ScienceQA-IMG):

LLM("Please evaluate the existing answer to the visual scientific problem without
solving it yourself. Verify that the answer accurately understands the image, pro-
vides appropriate knowledge and reasoning logic to address the question.

Image: {Image data}

Question: {Question}

Answer by the language model: {Solution}")

The evaluation results are presented in Table 1, We compare TEXTGRAD and gpt-4o
with CoT [10, [11] and gpt-4o0 with Reflexion, a widely used method that uses verbal
teedback for self-improvement [|6]. Notably, compared to Reflexion, TEXTGRAD achieves
performance gains of 2.1% and 2.2% on MathVista and ScienceQA-IMG, respectively.
TEXTGRAD also consistently outperformed all of these alternative approaches in the nat-
ural language problem solving tasks (Google-proof QA, MMLU-Machine Learning and
MMLU-College Physics).
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Table 1: (New Table 2) Solution optimization for zero-shot question answering with
gpt-4o0. TEXTGRAD outperforms the baselines consistently across different tasks.

Dataset Method Accuracy (%)
Natural Language Problem Solving Tasks
CoT [10,[11] 51.0
Reflexion [6] 51.0
Google-proof QA [12] GPT-40 best reported [13] 53.6
TEXTGRAD 55.0
CoT [10, [11] 85.7
MMLU-Machine Learning [14] Reflexion [6] 85.7
TEXTGRAD 88.4
CoT [10,11] 91.2
MMLU-College Physics [14] Reflexion [6] 94.1
TEXTGRAD 95.1
Multimodal Problem Solving Tasks
CoT [10, [11] 63.8
MathVista [4] Reflexion [6] 64.0
TEXTGRAD 66.1
CoT [10,11] 91.6
ScienceQA-IMG [3]] Reflexion [6] 90.2
TEXTGRAD 924

The effectiveness of TEXTGRAD in multimodal settings is further illustrated through
two examples below. The first example from MathVista involves interpreting elements
in a bar chart and performing arithmetic calculation. Initially, gpt-4o misinterprets one
of the bars in the chart, leading to an incorrect solution. TEXTGRAD provides critical
feedback, identifying this perceptual error and enabling gpt-4o to refine its initial solu-
tion. The second example from ScienceQA-IMG is a scientific question that requires an
accurate understanding of the biological process of seed formation in fruit trees. While
the initial solution includes correct intermediate steps, it ultimately fails to arrive at the
correct answer. TEXTGRAD verifies the correct steps and highlights the logical mistake
that leads to the incorrect conclusion, guiding gpt-4o to correct itself.
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Example: Multimodal solution optimization for visual mathematical reasoning

10 Accuracy of different algorithms

Accuracy

kick -
become A
neat
cowboy A
fat
draw -
acre

Question: What is the sum of the accuracies of the algorithms fat and acre?

Solution at initialization:
To find the sum of the accuracies of the algorithms “fat” and “acre,” we need to
accurately interpret the values from the bar chart.

From the chart: The accuracy of “fat” is represented by the fourth bar from the left,
which shows an accuracy of 6. The accuracy of “acre” is represented by the last bar
on the right, which shows an accuracy of 4.

Now, we add these two values together: 6 + 4 = 10. The correct sum of the accura-
cies of the algorithms “fat” and “acre” is 10.

Output of TEXTGRAD'’s loss function based on multimodal context:

The existing answer provides a clear and logical approach to solving the problem by
interpreting the bar chart and summing the accuracies of the specified algorithms.
However, there is an error in the interpretation of the values from the chart.

Upon reviewing the bar chart: The accuracy of “fat” is represented by the fifth bar
from the left, which shows an accuracy of 5. The accuracy of “acre” is represented
by the last bar on the right, which shows an accuracy of 4.

Solution after optimization:
To find the sum of the accuracies of the algorithms “fat” and “acre,” we need to
accurately interpret the values from the bar chart.

From the chart: The accuracy of “fat” is represented by the fifth bar from the left,
which shows an accuracy of 5. The accuracy of “acre” is represented by the last bar
on the right, which shows an accuracy of 4.

Now, we add these two values together: 5 + 4 =9. The correct sum of the accuracies
of the algorithms “fat” and “acre” is 9.
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Example: Multimodal solution optimization for visual scientific reasoning

Question: An adult orange tree can grow seeds. Which part of the orange tree
makes the seeds? (A) the flowers (B) the fruit

Solution at initialization:

The image shows an orange tree with numerous fruits and flowers, indicating dif-
ferent stages of the reproductive process. Flowers are pollinated, leading to the fer-
tilization of ovules, which develop into seeds. These seeds are then encased within
the fruit as it forms.

The flowers of the orange tree are pollinated, leading to the development of seeds
within the ovules of the flowers. These seeds are then encased within the fruit as
the flower turns into the fruit. Therefore, the part of the orange tree that makes
the seeds is the fruit. Answer: (B) the fruit

Output of TEXTGRAD’s loss function based on multimodal context:

The existing answer provides a detailed explanation of the biological process of
seed formation in fruit trees, which is accurate. It correctly identifies that flowers
are pollinated, leading to the development of seeds within the ovules, and these
seeds are then encased within the fruit. The answer also correctly interprets the
image, noting the presence of both fruits and flowers on the orange tree.

However, there is a slight misinterpretation in the final conclusion. While the
seeds are indeed found within the fruit, the part of the tree that initially makes
the seeds is the flower, as the seeds develop from the fertilized ovules within the
flowers.

Solution after optimization:

The image shows an orange tree with numerous fruits and flowers, indicating dif-
ferent stages of the reproductive process. Flowers are pollinated, leading to the fer-
tilization of ovules, which develop into seeds. These seeds are then encased within
the fruit as it forms.

In summary, the flowers of the orange tree are pollinated, leading to the develop-
ment of seeds within the ovules of the flowers. These seeds are then encased within
the fruit as the flower turns into the fruit. Therefore, the part of the orange tree
that initially makes the seeds is the flower. Answer: (A) the flowers

October 9, 2024
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New setting 2: Optimizing compound Al systems

We expand TEXTGRAD for optimization in more complex systems involving multiple
variables and longer chains of processes.

Optimizing longer chains: Our first study focuses on Chameleon [1]], a sophisticated
agent system involving multiple LLM modules using diverse tools. Chameleon previ-
ously reported state-of-the-art results across several reasoning-intensive tasks. It includes
a module inventory of different tools and an LLM-based planner. Each module produces
an output given the inputs from the previous models, and the final module generates the
overall response. However, the lack of a feedback mechanism in the planning and tool
execution processes can lead to error accumulation over time.

To address this, we use TEXTGRAD to optimize Chameleon by using textual gradients
to adjust each module’s output at test time. The system first completes a standard forward
pass, then iteratively optimizes each module and unrolls the forward pass, starting from
the first and moving sequentially.

For evaluation, we use ScienceQA-IMG [3]], a dataset requiring coordinated use of
tools for visual perception, knowledge retrieval, and response generation. The module
inventory includes tools for tasks like OCR (via EasyOCR [15]]), image captioning, knowl-
edge retrieval, solution generation, and answer generation. The results, as shown in Fig-
ure 2| Panel (e). TEXTGRAD achieves a 5.7% increase over the original Chameleon with
two iterations of optimization. This improvement further extends to 7.7% with three iter-
ations, indicating the benefits of multiple optimization iterations.

Overall, TEXTGRAD proves to be an effective method to significantly enhance the
capabilities of compound systems like Chameleon in complex, multi-modal tasks that
require coordinated use of diverse tools.

Reducing hallucinations by jointly optimizing prompts and solutions: In our sec-
ond compound Al system application, we apply TEXTGRAD to reduce hallucinations in
multimodal models, focusing on the Visual Question Answering (VQA) task. In VQA, im-
ages are presented alongside questions related to the content of the images. To guide the
model in answering the questions, instructional prompts are provided, such as "Answer
the question based on the image, let’s think step by step.". These instructional prompts
help direct the model’s reasoning process. Then another language model evaluate the
solution based on a loss function prompt. Here we use TEXTGRAD to jointly optimize
the two sets of prompts—instructional prompt for the answer generation LLM and the
loss prompt for the evaluation LLM—as well as the generated solution itself. All of these
can be treated as variables in TEXTGRAD and are optimized jointly through our text-
based chain rule. We show that this approach lead to an accuracy of 79% HQH VQA
benchmark [2], a challenging task where multimodal language models often hallucinate,
compared to an accuracy of 70% by gpt-4o0 with Chain-of-thought (CoT).
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Figure 2: (New Figure 3 in the main paper) Optimizing compound AI systems. (a)
TEXTGRAD enhances the solution generated by Chameleon, an agentic system that gen-
erates a plan followed by tool execution. We treat the output of each module as a sep-
arate variable to optimize and improve them. (b) Textual gradients are computed and
backpropagated through the tool execution chain. (¢) TEXTGRAD iteratively optimizes
the answer to a multimodal question. To mitigate hallucinations of multimodal language
models in visual question answering, we treat loss prompt, the instruction, and the solu-
tion as variables to jointly optimize and improve them. (d) With an example in HQH we
show how TEXTGRAD jointly optimizes the prompts and solutions. TEXTGRAD yields
accuracy improvements of 7.7% and 9% on ScienceQA (e) and HQH (f), respectively.
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Expanding the experiments in molecule optimization and treatment plan optimization

We included new baselines for molecule optimization, comparing 6 molecular optimiza-
tion algorithms against TEXTGRAD. The comparison algorithms included optimization
approaches from Monte Carlo Tree Search [16], Reinforcement Learning [17], Bayesian
Optimization [18], and Genetic Algorithms [16], operating on both graph and text molecule
representations. We benchmarked all methods on the task of ligand design against 58
protein targets in the DOCKSTRING benchmark, evaluated by simulated binding affin-
ity using the Autodock Vina molecular docking software [19]. We compared perfor-
mance across both the quality of the designed ligands (in silico binding affinity, e.g. Vina
score) and oracle efficiency (number of docking simulations required), and determined
that TEXTGRAD significantly outperformed all other methods, with the full results and
sample trajectories shown in Figure[7} For treatment planning, we have explored a task-
specific optimization approach using Bayesian Optimization (BO), similar to the work in
[8], where a score function—a weighted sum of multiple plan quality metrics—was di-
rectly optimized. TEXTGRAD significantly outperforms the baseline in both efficiency
and plan quality.

Adding more baselines to existing experiments

We added new baselines to our experiments. In particular, we added OPRO [5], which
uses LLMs as optimizers and was suggested by Reviewer 3, to our prompt optimization
experiments and Reflexion [6] to all instance optimization tasks.

In Figure([T} Table[2] and Table[Ijwe report a new state-of-the-art baseline OPRO [5] and
extend the state-of-the-art Reflexion [6] baseline to other instance optimization settings.
Overall, TEXTGRAD outperforms both of these approaches in all of the settings we tested.

In addition to better performance, we would also like to highlight the generality of
our framework. The codebase for Reflexion and OPRO have a separate implementation
and/or prompting strategy for every task. For each task, there are separate implemen-
tations and prompts, making it nontrivial for users to apply these approaches to a new
task.

With TEXTGRAD, a user does need not modify the framework to apply to a new do-
main. It works out of the box for all the domains we tested without any modifications,
and we spent a great deal of work to make sure optimization works as broadly as possible.
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Table 2: (New Supplementary Table 5) Prompt optimization for reasoning tasks.
With TEXTGRAD, we optimize a system prompt or the in-context examples for
gpt-3.5-turbo using gpt-4o as the gradient engine that provides the feedback during
backpropagation.

Dataset Method Accuracy (%)
CoT (0-shot) [10,11] 77.8
OPRO [5] (instruction-only, 0 demonstrations) 82.8
DSPy (BFSR, 8 demonstrations) [22]] 84.9

Object Counting [20, 21] 1\ 1 GrAD (3 demonstrations) 91.9

TEXTGRAD (instruction-only, 0 demonstrations) 91.9
TEXTGRAD (instruction and 3 demonstrations)  91.9

CoT (0-shot) [10,11] 76.7

OPRO [5] (instruction-only, 0 demonstrations) 77.8

. DSPy (BFSR, 8 demonstrations) [22] 79.8

Word Sorting [20, 21] TEXTGRAD (3 demonstrations) 78.8

TEXTGRAD (instruction-only, 0 demonstrations) 79.8
TEXTGRAD (instruction and 3 demonstrations)  80.8

CoT (0-shot) [10,/11] 72.9

OPRO [5] (instruction-only, 0 demonstrations) 76.8

DSPy (BFSR, 8 demonstrations) [22]] 81.1
GSM8k [23] TEXTGRAD (3 demonstrations) 80.1

TEXTGRAD (instruction-only, 0 demonstrations) 81.1

TEXTGRAD (instruction and 3 demonstrations)  82.4
Comment #1.4

The reliance on LLMs, which are typically large and require significant computational
resources, might limit the accessibility of TEXTGRAD in resource-constrained environ-
ments. Discussing potential mitigations or adaptations for more lightweight models
could enhance the paper’s relevance.

Response to #1.4

Thank you for raising this important point! We propose two distinct ways to test
the accessibility of our framework. First, we test optimization using open-source mod-
els such as Llama [24] or Mixtral [25]. This informs us about whether our framework
could be deployed using open-source models, and we show that it can. Next, we test the
transferability and robustness of the prompts we optimized for closed-source models to
other open-source models. We show a great deal of robustness for the transferability of
TEXTGRAD optimized prompts, suggesting that users can pay a fixed cost to optimize
prompts using closed-source models, to later be used by smaller models.
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Using open-source models with TEXTGRAD

We test prompt optimization using Llama-3.1-70B Instruct, which is a recently released
open-source model. We use Llama-3.1-70B as an optimizer, and we test optimizing prompts
for three different models: Llama-3.2-11B, Mixtral 8x22B, and Llama-3.1-70B itself. This
is to demonstrate the generality of our approach.

In Table |3, we show the results for prompt optimization. In particular, we see that
prompt optimization with TEXTGRAD consistently improves the performance of open-
source models. We observe that the degree of improvement is larger for more capable
models. As open-source LLMs rapidly progress, we expect TEXTGRAD to be even more
useful to a broader audience.

Table 3: (New Supplementary Table 3) Prompt optimization for reasoning tasks using
open-source models. We optimize system prompts and in-context demonstrations for
various models using TEXTGRAD with Llama-3.1-70B Instruct as the gradient engine that
provides feedback during backpropagation and the optimizer.

Dataset Method Accuracy (%)
Llama 3.2 11B Vision Instruct [24]
. . CoT (0-shot) [10,11] 82.8
Object Counting [20,21] TEXTGRAD (instruction and 3 demonstrations) 89.4
: CoT (0-shot) [10,11] 63.6
Word Sorting [20, 21] TEXTGRAD (instruction and 3 demonstrations) 64.6
CoT (0-shot) [10,11] 86.1

GSM8k [23] TEXTGRAD (instruction and 3 demonstrations) 86.1

Mixtral 8x22B Instruct [25]

. . CoT (0-shot) [10,11] 87.9
Object Counting [20,21] TEXTGRAD (instruction and 3 demonstrations) 89.8
. CoT (0-shot) [10,11] 71.7

Word Sorting [20, 21] TEXTGRAD (instruction and 3 demonstrations) 78.3
CoT (0-shot) [10,/11] 91.3

GSM8 [23] TEXTGRAD (instruction and 3 demonstrations) 91.3

Llama 3.1 70B Instruct [24]

: . CoT (0-shot) [10,11] 85.9
Object Counting [20,21] TEXTGRAD (instruction and 3 demonstrations) 93.1
: CoT (0-shot) [10,11] 87.9

Word Sorting [20, 21] TEXTGRAD (instruction and 3 demonstrations) 95.8
CoT (0-shot) [10,11] 94.8

GSM8k [23] TEXTGRAD (instruction and 3 demonstrations) 95.1
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Transferring prompts learned using closed-source models to open-source models

Next, we test the transferability of prompts optimized for gpt-3.5-turbo-0125. In partic-
ular, we take the prompts optimized for gpt-3.5-turbo-0125, and use them as prompts
to various other open-source models.

In Table 4}, we present the results. Overall, prompts optimized for closed-source mod-
els using closed-source models, transfer well to open-source models. In particular, we
observe a greater degree of transferability for more capable models, and again we expect
this degree of improvement to only get better as open-source models are becoming more
capable.
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Table 4: (New Supplementary Table 3) Transferability of optimized prompts. We test the
transferability of prompts optimized for gpt-3.5-turbo using TEXTGRAD on different
models. Overall, optimized prompts improve the performance of various open-source
and closed models, with up to 10% absolute performance gains.

Model Dataset Method Accuracy
Gemini 1.5 - Flash CoT 91.1
GSMB8K TG - Transfer 92.3
_  CoT 86.9
Object Counting TG - Transfer 81.8
. CoT 59.6
Word Sorting TG - Transfer 70.7
Qwen 2.5 - 14B Instruct CoT 94.6
GSMB8K TG - Transfer 94.9
. _ CoT 85.9
Object Counting TG - Transfer 86.9
. CoT 32.3
Word Sorting TG - Transfer 33.3
Qwen 2.5 - 32B Instruct CoT 95.6
GSMB8K TG - Transfer 96.6
. . CoT 83.8
Object Counting TG - Transfer 92.9
) CoT 47.5
Word Sorting TG - Transfer 55.6
Llama 3.1 - 8B Instruct CoT 56.8
GSMB8K TG - Transfer 86.8
. . CoT 86.9
Object Counting TG - Transfer 94.9
_ CoT 46.5
Word Sorting TG - Transfer 45.5
Llama 3.1 - 70B Instruct CoT Ja4
GSMSK TG - Transfer 94.0
. _ CoT 94.9
Object Counting TG - Transfer 96.0
_ CoT 73.7
Word Sorting TG - Transfer 84.8

Comment #1.5
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In addition, the way the paper is written in many places may confuse readers or make
them feel that the paper is over-claiming. For example, if I understand correctly, the com-
ponents being optimized through TEXTGRAD in an Al system are textual contents like
prompts. However, the paper may give the readers the impression that it introduces a
new way to optimize a broader set of components, including model parameters, in an Al
system. For instance, the abstract states, "Inspired by this, we introduce TEXTGRAD, a
powerful framework performing automatic ‘ditferentiation’ via text. TEXTGRAD back-
propagates textual feedback provided by LLMs to improve individual components of a
compound Al system."

Response to #1.5

We apologize for this confusion, and thank you for this comment. It is correct that
we are only optimizing textual content so far. First, we firmly believe this does not limit
the applicability of TEXTGRAD in broader contexts. Natural language feedback is very
expressive, as demonstrated in the various applications of our framework. Once future
systems are better equipped at optimizing variables from other modalities (such as the
multimodal outputs of gpt-4o are released to public), our framework will be applicable
to other domains.

To reduce the confusion here, we clarified these aspects in the abstract, introduction
and in Section 2. We hope this addresses the your concern. In particular, here is the
revised version of the relevant parts of the text:

Inspired by this, we introduce TEXTGRAD, a powerful framework performing automatic “differ-
entiation” via text. TEXTGRAD backpropagates textual feedback provided by LLMs to improve
individual components of a compound Al system by optimizing natural language text variables.

In this framework, each Al system is transformed into a computation graph, where variables are
inputs and outputs of complex (not necessarily differentiable) function calls that are in the form
of unstructured variables [...] Notably, the text feedback does not modify the parameters of the
underlying neural network and is thus compatible with black-box APIs.

Example textual gradient computation. TEXTGRAD generates feedback to and optimizes
unstructured variables in the form of text; it does not compute numerical gradients.

Comment #1.6

My suggestion: While the paper "TEXTGRAD: Automatic ’'Ditferentiation” via Text"
introduces an innovative and potentially impactful framework, I do not think it meets
the publication standard of Nature, unless my concerns can be well addressed. Specifi-
cally, the issues related to scalability, computational efficiency, comparative analysis, and
contextual limitations need to be thoroughly examined and resolved to ensure the robust-
ness and broader applicability of the framework.

Response to #1.6

We sincerely appreciate the your thoughtful comments and suggestions. We hope
that our extensive new results and analyses thoroughly address the concerns raised re-
garding scalability, computational efficiency, comparative analysis, and contextual limi-
tations. Specifically, we have:
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1. Conducted a comprehensive cost-accuracy analysis (Figure[I) to demonstrate TEXTGRAD's
efficiency and scalability.

2. Expanded our comparative analysis by including new state-of-the-art baselines such
as OPRO and Reflexion (Tables 2][).

3. Demonstrated TEXTGRAD's benefits on open-source models (Table[3) and validated
the transferability of optimized prompts (Table[d) to address accessibility concerns.

4. Added new experiments in multimodal solution optimization (Table [1) and more
complex systems (Figure [2) to showcase TEXTGRAD’s broad applicability.

5. Provided more detailed explanations and clarifications throughout the manuscript
to address potential misunderstandings.

We believe these additions significantly strengthen our work and demonstrate the ro-
bustness and broader applicability of TEXTGRAD. We hope these new results and analy-
ses meet the high standards expected for publication in Nature.

Comment #1.7
The code is a good one.

Response to #1.7

We thank you for your positive feedback on our code! We strive to maintain high
standards of code quality and documentation to ensure reproducibility and facilitate fur-
ther research in this area.
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2 Response to Reviewer 2

Comment #2.1

Yuksekgonul et al. introduces TextGrad as a strategy for "performing automatic dif-
ferentiation via text". Claims are made in the abstract as to improvements in question
and answering (51% to 55%), LeetCode-Hard coding problem solutions, and the design
of druglike small molecules and high-specificity oncology treatment plans. The premise
of the work is that SOTA machine learning approaches may require expertise to design,
but can be posed as a computation graph that is modified /improved by feedback from
an LLM. TextGrad is introduced as a new framework with analogy to how PyTorch can
be used for parameter optimization in traditional supervised learning. There are two
‘modes’ of optimization: optimization of instances and optimization of prompts. These
capabilities are enabled through engineered prompts that explain the high-level goal, in-
clude mention of past iterations to provide momentum in SGD, etc. Overall, this work
tries to demonstrate the generality and broad relevance of the framework to several tasks
across several domains.

Response to #2.1

We sincerely thank you for your comprehensive summary of our work! We appreciate
the recognition of TEXTGRAD as a framework that uses LLM optimized computation
graphs as a general paradigm for parameter optimization. This generality is a key novel
contribution of this work. Unlike existing and related works for LLM driven optimization
such as Reflexion or OPRO which require separate implementations for different tasks,
TEXTGRAD users do not need to modify the framework to apply it to their problem
domain. The same code and framework can be applied from code optimization to science
reasoning, from prompt engineering to biomedical applications.

Comment #2.2

The manuscript is written clearly, formatted nicely, and is bold in its claims. However,
I believe that with the exception of the standard benchmarks used to evaluate LLMs and
prompt engineering (the first two demonstrations), the demonstrations on molecular de-
sign and radiotherapy treatment are shallow and do not show evidence of performance
that exceeds what is already capable with other, sometimes task-specific and sometimes
non-ML approaches. It is already clear that one *can* use LLMs to approach these tasks,
but it is not clear that one *should* and this paper does not illustrate their value ade-
quately, especially in the case of drug discovery.

Response to #2.2

We are pleased to hear that our manuscript was clearly written and that our evalua-
tions on standard benchmarks were acknowledged as significant. For our demonstrations
of TEXTGRAD’s applications to molecule and radiotherapy treatment, we do not intend
to recommend TEXTGRAD as a replacement for existing, domain-expert designed ap-
proaches. We apologize if our manuscript was not clear in this regard, and we have made
corrections to ensure that this is not misinterpreted. In particular, for molecular optimiza-
tion we have highlighted our reliance on a small subset of in silico oracles, and cautioned
the practical value of our generated molecules in the absence of experimental validation.
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TEXTGRAD is designed to work with domain specific methods. This is a major mo-
tivation and benefit of TEXTGRAD's treatment of optimization using a generalized com-
putation graph, along with our PyTorch-like syntax. TEXTGRAD enables users to easily
integrate existing or newly developed domain specific tools that are suited for their prob-
lem of interest. In our applications, we integrate TEXTGRAD with tools from computa-
tional chemistry and radiotherapy, using the outputs of docking simulations, molecular
property evaluation scores, and physical simulators to optimize molecular structures and
treatment plans.

Comment #2.3

Even setting aside that this is a toy task, no comparisons are made to show SOTA
or near-SOTA performance. My comments below around the drug discovery example
might appear harsh, but I believe it is irresponsible to have overstated claims about the
role of Al let alone LLMs, for such tasks that are significantly more nuanced than what is
discussed or evaluated. I cannot be supportive of publication based on this section, and
hope that other experts for the other demonstrations can speak to the significance of those
as well.

Response to #2.3

We sincerely appreciate your thoughtful comments and suggestions. We have in-
troduced extensive new results and analysis to address specific concerns related to the
domain specific applications of drug discovery and radiotherapy. Specifically, we have:

* Conducted experiments demonstrating improved performance of TEXTGRAD com-
pared to existing molecule optimization algorithms.

¢ Conducted a sensitivity analysis study to analyze the specificity and value of TEXTGRAD
gradients.

* Explored the steerability of TEXTGRAD’s optimization in multi-objective molecular
property optimization.

¢ Conducted experiments demonstrating the benefit of TEXTGRAD compared to a
Bayesian optimization approach for treatment planning.

In addition, throughout the text, we have provided additional commentary to better con-
textualize both the general contributions of TEXTGRAD and its applications and limita-
tions to specific domains like molecule optimization and radiotherapy treatment plan-
ning.

Based on your feedback, we have also removed the molecule optimization section
from the main paper. It is now presented in the Appendix as a supplementary, proof-
of-concept case study. This better reflects the primary contribution of TEXTGRAD as a
versatile optimization framework that achieves state-of-the-art results across diverse ap-
plications like coding, visual reasoning, question-answering, etc.

To this end, we have also added new applications of TEXTGRAD. We explore optimiz-
ing even more complex systems including systems that use tools and retrieval, and also
optimizing prompts and instances simultaneously to reduce hallucinations in compound
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systems (Figure [2). We optimize the solution chains from Chameleon [1], an agentic sys-
tem that uses tools to solve visual question answering problems, and improve its perfor-
mance from 77.5% to 85.2%. Further, in the hallucination benchmark HQH [2], we reduce
the failure rate of gpt-4o from 30% to 21%.

We have also added applications of TEXTGRAD to multimodal domains such as sci-
entific question answering in vision-language domains (Table [I), where TEXTGRAD im-
proves the accuracy for visual question answering from 63.8% to 66.1% on ScienceQA [3]],
and from 91.6% to 92.4% on MathVista [4].

Comment #2.4

The description of the strategy relies on pseudo-mathematical statements about par-
tial derivatives that are not true derivatives, i.e., empirical applications of chain rule-like
reasoning. Conceptually, what is reported bears a strong resemblance to ideas in self-
refinement and other cited works like Reflexion. The relationship to other prompt op-
timization frameworks is discussed in the Related Work, including ProTeGi, which uses
the exact same textual gradient analogy. This work packages these ideas into a convenient
framework that may not represent an entirely novel conceptual advance, but is presented
in an intuitive manner.

Response to #2.4

We truly appreciate you pointing out these details of our work! Our method is re-
lated to works such as Reflexion or ProTeGi; however, we do think that TEXTGRAD pro-
vides multiple conceptual advancements. First of all, none of the previous works provide
a method that can work with compound systems. Our backpropagation algorithm is
uniquely targeting compound computation graphs.

Secondly, through all of our benchmarks in prompt optimization (Table[2), multimodal
solution optimization (Table [1) or reducing hallucinations (Figure , we observe that
TEXTGRAD consistently performs better than Reflexion, OPRO, and DSPy.

In addition to better performance, we would also like to highlight the generality of
our framework. The codebase for Reflexion and OPRO have a separate implementation
and/or prompting strategy for every task. For each task, there are separate implemen-
tations and prompts, making it nontrivial for users to apply these approaches to a new
task.

With TEXTGRAD, a user does need not modify the framework to apply to a new do-
main. It works out of the box for all the domains we tested without any modifications,
and we spent a great deal of work to make sure optimization works as broadly as possible.

Comment #2.5
Modest improvements in performance are observed for a few ditferent tasks (e.g., Ta-
ble 2); I am not the best reviewer to judge the significance of these differences. Table 3

shows performance matching DSPy on two tasks and moderately better performance on
a third.

Response to #2.5
We thank your for recognizing the earlier improvements. We further note the recog-
nition of significance from the other two reviewers for the existing results.
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We added a new set of results including baselines we added with i) performance gains
including Figure ii) robustness in Table [, and iii) cost-accuracy in Figure

For instance, first, we find that TEXTGRAD can optimize more complex compound
Al systems such as Chameleon [1], an agentic system, or that we can optimize in-context
examples to exceed the performance of baselines such as DSPy across all of the tasks (Ta-
ble 2). Second, TEXTGRAD-optimized prompts are transferable to open-source models,
and we can use open-source models as optimizers in TEXTGRAD (3). Third, optimization
with TEXTGRAD is often inexpensive, costing < $1 for prompt optimization and < $0.1
for solution optimization experiments.

Overall, we hope the robustness, feasibility, and performance benefits are better high-
lighted in these new set of experiments.

Comment #2.6

It is not clear how some of the hyperparameters for the model are chosen, e.g., how
many iterations to use for refinement (sometimes 3, sometimes 12). Does performance
deteriorate if too many iterations are used?

Response to #2.6

Thank you for this question! We use optimization trajectories to determine how many
iterations to perform. For instance, below are the learning curves for Prompt Optimiza-
tion:
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Figure 3: Learning curves for prompt optimization. Here, x-axis is the number of opti-
mization iterations, and y-axis is the accuracy over the entire test set. We observe that
optimization with TEXTGRAD is stable and the performance does not deteriorate over
time.

In the case of prompt optimization, since we did not observe performance improve-
ment in the validation set beyond 12 iterations, we capped it at 12.

Comment #2.7

To comment on the chemistry and drug discovery related tasks from the perspective of
a domain expert, there is a lot I am concerned about. The significance of a Vina score and
QED value are overstated. QED is an extraordinarily simple and uninformative metric
that has been overused in computational benchmarks, but is trivial to maximize with a
score of 0.948 using almost any molecular generative model.
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Response to #2.7
We appreciate the your perspective and detailed analysis. We outline our choice and
treatment of the QED and Vina metrics as follows.

Selection: We agree with you that binding affinity and druglikeness as measured by
Vina and QED respectively do not accurately reflect all the considerations and challenges
in practical drug discovery campaigns. However, as you acknowledged, both the Vina
and QED scores have been included as objective functions in numerous molecular op-
timization benchmarks [7, 19, 26|]. Since the main contribution of TextGrad is as a gen-
eral purpose framework for LLM-driven optimization, we elected to provide a proof-of-
concept with standard objectives and datasets whenever possible.

For the molecule optimization task, we adopted both the objective function and bench-
mark dataset from the DOCKSTRING molecule design benchmark [19]. In our manuscript,
we acknowledged that these metrics are not comprehensive, and have provided addi-
tional text to ensure that readers are aware of the limitations of our evaluation (in bold):

In drug discovery, researchers seek to discover or design molecules that maximize a variety
of objectives with regards to synthesizability, efficacy, and safety. [27| [28]. To demonstrate
TEXTGRAD's applications to multi-objective optimization, we apply TEXTGRAD to drug molecule
optimization, and show how our framework can interface with computational tools and optimize
chemical structures towards simultaneously improving their binding affinity and druglikeness as
measured by in-silico oracles. --- Though there are many more considerations for suc-
cessful molecules, in our experiments, we restrict our objectives to minimizing the Vina
score and maximizing the QED.

Difficulty: We agree that the QED score on its own is straightforward to optimize and
indeed has a ceiling of 0.948 [7]. However, the task presented was not towards single ob-
jective QED optimization, but rather the multi-objective task of improving both the QED
and Vina scores. As recent works have shown, designing molecules that dock well is chal-
lenging for generative models [19) 29]. Since increasing the Vina score is not guaranteed
to simultaneously increase the QED score or vice versa, simultaneously maximizing both
is a non-trivial problem.

We acknowledge that the inclusion of the QED score can cause difficulties in judging
the performance of TEXTGRAD, and in a further section, we have compared TEXTGRAD with
existing molecule optimization algorithms for Vina only optimization.

Significance: As mentioned above, we agree that binding affinity and druglikeness
are not the only important properties in drug development and have included this con-
text in our manuscript. We further evaluate the quality of the TEXTGRAD generated
molecules using in-silico safety properties, namely predicted Clinical Toxicity and Mu-
tagenisis using the ADMET-AI algorithm [30] (Figure @). Since these criteria were not
included in the DOCKSTRING benchmark, we did not include them in our optimization,
but perform the analysis post-generation. In the excerpted text preceding and following
this response, we acknowledge that there are still further criteria of interest, and note that
both selecting and designing informative metrics for successful drug discovery is an area
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Figure 4: (New Supplementary Figure 4) Safety Profiles We evaluate the predicted harm-
fullness of TEXTGRAD molecules using the ADMET-AI model and compare them to
clinically approved drugs. For both mutagenicity and clinical toxicity, 1.0 indicates a
highly likelihood for harm and 0.0 a low likelihood. We observe that TEXTGRAD pro-
poses molecules a similar predicted distributions to clinical counterparts, despite neither
metric being directly optimized.

of ongoing research.

Comment #2.8
QED does not inherently favor molecules with "better absorption properties" and
docking scores don’t inherently prefer "many functional groups".

Response to #2.8

We thank you for your correction and apologize for our imprecise characterization
of these metrics. Our intention was to indicate that these two objectives are distinct,
and to provide intuition that optimizing the Vina Score does not automatically imply
an improved QED score, and vice versa. We have removed the inaccurate text, and the
corrected text is recorded below.

AG can be estimated using “docking” simulations of protein-ligand binding B2l. In our
experiments, we employ the Vina score from the Autodock Vina tool, a widely used physics-based
docking simulator [33]. A more negative Vina score indicates that the drug is predicted to be more
likely to bind to its intended target.

One metric for “druglikeness” is the Quantitative Estimate of Druglikeness (QED) score, a weighted
composite score of chemical characteristics such as molecular weight, lipophilicity, polar surface
area, among others.

Though there are many more considerations for successful molecules, in our experiments, we re-
strict our objectives to minimizing the Vina score and maximizing the QED. Since each score
evaluates different considerations in molecular design, optimizing one does not necessarily imply
improvement in the other. Thus, optimizing molecules that simultaneously improve both objectives
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is non-trivial.

Comment #2.9
Comparing a Vina score of a generated molecule to a clinically approved molecule is
not evidence that a better molecule has been found.

Response to #2.9

We thank you for this important clarification. We agree with you, and we do not
claim that the molecules that TEXTGRAD has optimized are better than clinically ap-
proved molecules. We apologize if this was unclear, and we have included additional
text to highlight the limitations of optimizing in silico objective functions. We include the
relevant text below and highlight the addition in bold.

For all 58 targets, TEXTGRAD consistently generates molecules with improved binding affinity

and druglikeness irrespective of the initial starting fragment (Appendix F.4). For the 29 protein
targets with clinically approved drugs, we observe that TEXTGRAD generates molecules with
highly competitive affinity and druglikeness when compared to clinical molecules evaluated using
the same objective function (Figure 2 (b)). --- we caution that the practical value of the
molecules TEXTGRAD has generated are limited. In particular, we optimize over and
evaluate only a few properties, all evaluated using in silico objective functions (e.g. Vina,
QED, ADMET scores), which are not reliable substitutes for experimental and clinical
evaluation.

Comment #2.10

The trajectory does show steady improvement from the starting molecule, but the
seed molecules are artificially poor binders. If the optimization is continued for more
iterations, are even better molecules identified?

Response to #2.10

We thank you for your insightful question. The trajectory does improve, but we
encounter diminishing returns. In order to provide the best gain for the least optimization
cost (both TEXTGRAD calls and docking simulations), and to allow us to explore more
combinations of targets and initial molecules, we employ early stopping. Briefly, we score
each molecule produced using a scoring function, and if the mean of the top-K = 5 scores
does not improve by more than TOL = 0.1 for more than patience = 5 iterations, the run
is terminated, or until the max_epoch is reached. Since our objective is both Vina and QED
optimization, we use the summarizing function described in Appendix F3 to generate a
single scalar value, reproduced here for convenience:

. . : 10
Sovera11 (molecule, protein) = Vina(molecule, protein) + vina_qed_ratio (1 — QED(molecule))
(1)

In our original experiments, we set max_epoch = 10, where the low budget allowed
us to explore a wide variety of targets (n = 58) and initial molecules (n = 3) for a to-

October 9, 2024 27 of



tal of 174 unique trajectories or 1740 molecules generated. In an additional set of ex-
periments outlined below where we compared TEXTGRAD to existing molecule opti-
mization algorithms, we increased max_epoch = 50, and used the scoring function de-
scribed in the further section (e.g. Vina only). The scoring function and all parameters
K, TOL, patience, max_epoch are all tunable. In general, a higher value of all the param-
eters (except TOL) will allow for longer explorations, and we invite users to select these
parameters to suit their optimization budgets.

Comment #2.11

The claim that TextGrad produces competitive results without a prior training set is
also highly flawed, as the base LLM has been trained on data including knowledge of
molecular structures, approved drugs, and various other aspects of molecular design.
This goes beyond memorization of approved drugs for specific protein targets and is not
mitigated by an evaluation of Tanimoto similarity to ChEMBL molecules.

Response to #2.11
We agree with you and apologize for the confusing text. We believe you are referring
to the following sentence in our original draft:

-+« by combining traditional chemoinformatics tools with the general knowledge and reasoning
capabilities of LLMs, TEXTGRAD produces competitive results even without a prior training set.

We mistakenly failed to include the preceding text “finetuning” before “training set”
and apologize for our error.

Our intention was to highlight that from a user’s perspective, applying TEXTGRAD to
a problem domain has significantly less requirements than other LLM or traditional ap-
proaches. In the instance optimization setting, TEXTGRAD does not require the user to
provide additional datasets for supervised finetuning or in-context-learning like other
LLM approaches. For applications to molecular optimization, an additional compound
library may be helpful, but is not necessary whether for initialization or supervision.
TEXTGRAD only requires that the user provide an evaluation function and a starting
molecule, which as we have shown, can be arbitrarily selected and does not need to be a
high performing initial guess. We apologize that this was poorly and inaccurately com-
municated, and have corrected the text as follow.

By combining specialized tools from computational chemistry with the general knowledge and rea-
soning capabilities of LLMs, TEXTGRAD enables molecule optimization from arbitrary starting
molecules, without the need for additional fine-tuning datasets, or high-performing initializations
from curated compound libraries.

Regarding the memorization of approved drugs, we are aware that the base LLM se-
lected by the user as the backend for TEXTGRAD is likely to have been trained on molec-
ular structures, including approved drugs and information from compound libraries.
However, we showed that the Tanimoto and Tversky similarity to ChEBML and ap-
proved drugs respectively is low, and furthermore, the Pearson correlation between the
Tversky similarity to approved drugs and the objective function TEXTGRAD optimizes
is < 0.15 (Figure [5). Together, these results suggest that while TEXTGRAD is designed
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Figure 5: (New Supplementary Figure 3) Structural Novelty In panel (a), we observe
increasing novelty over optimization updates, where a generated molecule is consid-
ered”“novel” if there does not exist any existing molecule in ChEMBL with a Tanimoto
similarity score greater than 0.8. In panels (b,c,d), we estimate substructure similarity
using the Tversky metric between TEXTGRAD molecules and clinically approved drugs
for each target. While there are a wide range of similarity scores, we observe that sim-
ilarity with known drugs has little correlation with molecule performance, suggesting
that TEXTGRAD's generation process is weakly influenced by “memorized” knowledge
of clinically approved structures.
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to harness the capabilities of LLMs, the molecules it produces during the optimization
trajectory are not simply extracted from memory.

Comment #2.12

The explanations provided by the model that are claimed to be informative/inter-
pretable are shallow and could be summarized in the most basic of introductory articles
about medicinal chemistry "moves" and basic concepts in binding; moreover, they do not
seem specific to the protein target of interest and instead are generic comments about
what kind of interactions might be relevant for binding in general.

Response to #2.12

Thank you for this perspective! The gradients that TEXTGRAD produces are condi-
tioned on the loss function and taken with respect to the optimized variable, and thus
contain information regarding both the objective and the variable to be optimized. Since
the loss function in our experiments is a molecule’s QED and its Vina score when docked
against a particular protein (the full prompt is shown in Appendix F2), while the variable
tobe optimized is the molecule’s SMILES string, we expect that the content of TEXTGRAD’s
gradient to be largely composed of comments related to binding and medicinal chemistry.
We acknowledge that the interpretability and depth of these gradients are subjective, and
may not be highly informative to domain experts. In particular, here is the revised version
of the relevant parts of the text:

TEXTGRAD s natural language gradients enable users to transparently analyze the optimization
process and the impetus for the changes between each molecule in the trajectory.

We also performed new experiments to quantify the information content and speci-
ficity of these gradients. Concretely, we compare two optimization trajectories.

¢ Original: In the original TEXTGRAD framework, an initial molecule is modified by
computing the loss function against a particular protein and updating its structure
based on the gradient computed with respect to the loss. This process is repeated
for multiple iterations, with the all gradients computed against the same protein.

* Random: In the random framework, an initial molecule is modified by randomly se-
lecting a gradient from a different molecule docked against a different protein. This
process is repeated for the same number of iterations, but with random gradients
selected at each iteration.

We evaluate both sequences of molecules using the loss function (QED and Vina Score)
against the original protein. If the gradients produced by TEXTGRAD are non-target spe-
cific, we expect that the randomized trajectory to perform as well as the original trajectory.

We compute “original” trajectories for all 58 targets in the DOCKSTRING benchmark,
each starting from 3 initial starting fragments (benzene, pentane, acetamide) for a total of
174 original trajectories. For each original trajectory, we generate 10 random trajectories
using the same initial fragment and evaluated against the same target, for a total of 1740
random trajectories. Each trajectory, both random and original, was optimized for 10 iter-
ations. While the optimization length was fixed to allow for a comprehensive comparison
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across multiple targets and for multiple randomizations, we observed that the trends for
both the random and original trajectories are readily apparent within 10 iterations.

We observe that random trajectory produces lower performing molecules relative to
original trajectory across both QED and Vina metrics. Using a paired t-test across pro-
tein targets and initial molecules, we compute the difference between the QED of the
final molecule generated in the original trajectory and the mean QED value of the final
molecules across the 10 repetitions in the random trajectories. For a total of n = 174
paired trajectory comparisons, we report that the random trajectories have statistically
significant lower QED scores than the original trajectories with a p-value of less than
le—4. We repeat this comparison for the Vina score, and report similar results, with the
random trajectories having significantly higher (worse) Vina scores (p < le—4). We also
observe that random trajectories have a higher incidence of invalid molecules, produc-
ing on aggregate 1.5x more invalid SMILES strings than the original trajectory. Using the
same statistical procedure for invalidity as the Vina and QED comparison, we report that
the significance is p < le—2.

Comment #2.13

The evaluation of this molecular optimization task lacks any discussion of other ap-
proaches, whether based on generative design or based on virtual screening of known
molecules from compound libraries.

Response to #2.13

We thank you for your suggestion, and have added further comparisons to molecu-
lar optimization algorithms. Since TEXTGRAD is a general framework for optimization
that only requires a loss function and an arbitrary initial molecule, we believe that virtual
screening represents a complementary, orthogonal approach as it does not perform opti-
mization and whose performance is dependent on the compound library provided by the
user. We provide a comprehensive outline of our comparisons below.

Algorithms: We compare TEXTGRAD to 6 molecular optimization algorithms, de-
scribed briefly below.

* Graph MCTS: Based on Monte-Carlo Tree Search (MCTS), Graph MCTS applies
MCTS to an atom-level molecular graph [16].

* REINVENT: Based on Reinforment Learning (RL). REINVENT uses a policy based
RL approach to tune RNNs to generate SMILES strings [17].

* REINVENT-Selfies: Similar to REINVENT, but with SELFIES strings instead of
SMILES strings [7].

¢ GP BO: Combines Bayesian Optimization with a Gaussian Process kernel to sample
molecular structures [18].

* Smiles GA: A genetic algorithm (GA) that explores molecular space through muta-
tions and crossovers. In Smiles GA, the action space is taken over SMILES strings
[34].
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Figure 6: (New Supplementary Figure 6) Gradient Sensitivity Analysis (A) Sample per-
formance trajectories under original and randomly selected gradients for different protein
targets and initial molecules, using the combined objective score defined by Equation [T}
with a vina_qged_ratio = 10, identical to the value in the loss prompt. (B) We observe
that random trajectories underperform the original across Vina, QED, and percentage of
valid molecules. Statistical significance computed using a paired t-test across protein-

initial molecule pairs.
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¢ Graph GA: Similar to Smiles GA, except that the action space is defined over molec-
ular graphs [16].

Implementations were taken from the Practical Molecular Optimization (PMO) bench-
mark suite [7] without modification and with default hyperparameters, with the excep-
tion of the Graph MCTS algorithm which accepts an initial molecule (default CC). For
Graph MCTS, we replaced the default initial molecule with the same molecule used by
TEXTGRAD (pentane, acetamide, or benzene). For a full treatment of their implemen-
tation and algorithmic details, we refer the reviewer to the PMO benchmark and their
original publications.

Objective: Incorporating your earlier feedback, for this comparison, we modified
our original multi-objective of optimizing both the Vina and QED scores to only the
Vina score. For the reasons outlined earlier, we still believe that our original task of
multi-objective Vina/QED optimization is relevant and non-trivial. However since the
benchmark algorithms above only accept single-value objective functions, combining
the Vina and QED metrics would necessitate including a weighted QED term. Given
your earlier concerns, we did not want the QED term to influence our comparison of
TEXTGRAD against other models. For implementation reasons, the objective score was
converted to a negative Vina Score (e.g. better binding o positive score) as the PMO
benchmark adopts a maximization objective.

Evaluation Metrics: To compare the performances of different molecular optimization
algorithms, we use the scaled AUC top-K metric introduced by the Practical Molecular
Optimization benchmark [7], with K = 5. Briefly, the top-K trajectory measures the mean
performance of the top K molecules generated at for a given oracle budget (in our setting,
number of docking simulations). This is preferred over a single “best” (K = 1) molecule
as it rewards algorithms that generate multiple viable candidates. The AUC of the top-K
trajectory quantifies both the performance of the molecules generated as well the sample
efficiency of the algorithm. In our setting, the objective function is the negative docking
score (e.g. maximization) which is an unbounded objective that is variable between pro-
teins. In order to compare algorithm performance across multiple proteins, we scale each
trajectory to a [0, 1] range by empirically deriving maximal and minimal AUCs for each
protein across the set of algorithms compared. Specifically, for a given protein, we set the
maximum AUC Top-K to be the AUC if the highest point in the top-K trajectory across
all algorithms was discovered at the first oracle call, while the minimum to be the AUC if
the lowest point in the top-k trajectory of all algorithms persisted for all oracle calls.

Set-up: We evaluated the 6 benchmark algorithms and TEXTGRAD over all 58 unique
protein targets in the DOCKSTRING benchmark dataset. For each protein target and al-
gorithm, we repeated the optimization run three times for different randomization seeds
for REINVENT, REINVENT-Selfies, Graph GA, Smiles GA, and GP BO. In the case of
TEXTGRAD and Graph MCTS, the runs were repeated for different initial molecules (ben-
zene, pentane, acetamide). Each run was performed for a maximum oracle budget (e.g.
number of docking simulations) of 50. For the benchmark algorithms, we ran all tra-
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Figure 7: (New Supplementary Figure 7) TEXTGRAD Comparisons agasint Baseline
Methods (A) Scaled mean top-5 AUCs for each method across all 58 protein targets.
(B). Sample trajectories. For each algorithm, we selected the best performing trajectory
to visualize, as measured by scaled Top-5 AUC, for the protein target listed, with the
shaded error bars representing the standard error across the three repetitions (seeds/ini-
tial molecules). The blue star indicates the iteration at which TEXTGRAD s early stopping
condition was triggered. All objective scores afterwards are imputed by replacement with
the last reached objective score.

jectories for the full 50 oracle calls. For TEXTGRAD , in order to limit the number of
LLM calls, we employed the early stopping procedure outlined previously. Briefly, if
the mean top-K = 5 objective did not improve by more than TOL = 0.1 for more than
patience = 5 iterations, the run was terminated. To calculate the AUC of these early
stopped runs, we simply extend the last mean top-K objective score for the remaining
oracle calls. Since the mean top-K is a non-decreasing function, this prevents us from
overestimating TEXTGRAD’s performance. In total, this experiment performed a com-
prehensive evaluation between the 7 algorithms across 58 proteins with 174 trajectories,
and generating a total of 8700 molecules.

Results: We outline our results in Figure |7, where the performance across all 58 pro-
teins is shown in panel A, and sample trajectories in panel B. We conducted a paired
t-test between the AUC Top-K of TEXTGRAD for each protein against all other meth-
ods. The difference between TEXTGRAD and all other methods was significant, with
the greatest difference between TEXTGRAD and Graph MCTCS and the closest between
TEXTGRAD and Graph GA.

While these results demonstrate the promising potential of TEXTGRAD to optimize
molecules, we don’t want to claim that it is the best method for this particular task. We
have framed all of these experiments as a proof-of-concept case study of molecule opti-
mization in the Appendix, as it is not critical to the main message of TEXTGRAD.

Comment #2.14

Section F.2 claims that the vina_qged_ratio can be tuned to change the tradeoff but no
results are shown to indicate that the scalarization of the two objectives is quantitatively
respected by the model.
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Response to #2.14
We thank you for your suggestion and have included additional results showing the
effect of the vina_qed_ratio parameter.

Setup: Using the prompt provided in Appendix E.3 (copied below for convenience),
we set the vina_qged_ratio to 50,25, 1 respectively. This sequence of values represents
an increase in the prioritization of the QED score relative to the Vina. Intuitively, for the
value of 50, we essentially instruct TEXTGRAD to disregard the QED score, while at 1,
we inform TEXTGRAD that the QED and Vina objectives are equally important. Start-
ing from pentane, we optimize molecules for 10 iterations against all 58 proteins in the
DOCKSTRING benchmark, for a total of 58 unique trajectories and 580 molecules.

Results: We observe that tuning the vina_ged_ratio alters the distributions of the
generated molecules (Figure|8|). We observed that an increase in QED prioritization led
to a corresponding increase QED values. Conversely, a decrease in Vina prioritization
led to a decrease in Vina performance (e.g. higher Vina scores). Using a paired t-test, we
observed that the changes in both Vina and QED were statistically significant between
the parameter settings of 50 and 1.

Molecule Optimization Prompt

Given a docking and a druglikeness score, and a molecule as a SMILES string
provide a short criticism to improve the druglikeness of this molecule and its
binding affinity with the protein {protein_name}. For docking, lower is better (less
than —10 is considered good) and for druglikeness, 1 is the best and 0 is the worst
(greater than 0.8 is considered good). In terms of prioritization, the docking score
is {vina_qged_ratio} times as important as the druglikeness score. Make sure your
criticism is very succinct and to the point.

#if smiles_string is valid
SMILES: {smiles_string}, Docking: {Vina}, Druglikeness: {QED}

#if smiles_string is invalid
SMILES: {smiles_string}, This molecule is invalid.

Comment #2.15
I believe that defending claims of utility for drug design requires a stricter standard
than claims of improving performance on standardized Q&A /LeetCode benchmarks.

Response to #2.15

Thank you for this important remark. We agree with your perspective and believe that
drug development is a more nuanced topic with less standardized benchmarks than tra-
ditional LLM evaluations on question answering and code improvement. To this end, we
have removed the molecule optimization section from the main paper and now present it
as a supplementary case study in the Appendix. The main contribution of TEXTGRAD is
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Figure 8: (New Supplementary Figure 5) Vina/QED Steerability Distributions of
molecule properties under different prioritization instructions. We observe a statistically
significant worsening (increase) in the Vina scores upon reducing the Vina importance,
and a corresponding significant improvement in the QED scores.

a versatile framework to optimize diverse tasks that people use LLMs to do. In place of
molecule optimization, we have added several additional tasks to demonstrate the value
of TEXTGRAD across diverse settings. This includes showing that TEXTGRAD can op-
timize more complex compound Al systems such as Chameleon [1]], an agentic system,
TEXTGRAD can optimize in-context examples to exceed the performance of baselines
such as DSPy across all of the tasks (Table [2), TEXTGRAD can reduce hallucinations in
multimodal visual question answering, and we can use open-source models as optimiz-
ers in TEXTGRAD (3), among many other new results.

Comment #2.16

For the application of radiotherapy treatment plan optimization, what is the perfor-
mance of a task-specitic optimizer that approaches the problem as a numerical optimiza-
tion? Or any other nested optimization that directly tries to optimize the performance
metrics reported in Figure 3de? Though I am not an expert in this application, I suspect
there are plausible baselines that have been omitted. Details are not provided as to the
origin of the "human-optimized" plans.

Response to #2.16

Thank you for this important question! We would like to clarify the strength of our
clinical “human-optimized” baseline and the reasons behind its use. These plans were de-
veloped by experienced Stanford dosimetrists and radiation oncologists using the Eclipse
treatment planning system from Varian Medical Systems, which is a widely used software
in the clinical workflow. The plans were manually created as Volumetric Modulated Arc
Therapy (VMAT) plans and clinically approved for patient treatment, which qualifies
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Method | Mean Dose (Gy) | Dos (Gy)

Clinical Goal 70.20 70.20
Radiation Oncologist +1.97 (0.36) -0.10 (0.15)
Bayesian Optimization +4.84 (1.65) +0.00 (0.07)
TEXTGRAD +0.51 (0.09) +0.00 (0.00)

Table 5: (New Supplementary Table 1) Radiotherapy treatment plan optimization for
prostate cancer patients. TEXTGRAD optimized plans have better dose metrics (mean
dose and D95) for the planning target volume (PTV) than plans obtained with Bayesian
Optimization.

them as standard clinical practices. We have added more details to the paper.

This human-optimized baseline represents a very strong comparison because it re-
flects real-world treatment planning, which involves multidisciplinary expertise from
dosimetrists, radiation oncologists, and technicians. In creating these plans, clinicians
manually balance multiple treatment quality metrics, such as target coverage, organ-at-
risk sparing, and plan delivery efficiency. These metrics are weighted according to the
experts’ clinical judgment, which is highly context-specific. Moreover, the complexity of
these manual processes and the balancing of competing quality metrics make human-
optimized plans a robust standard for comparison. We therefore believe that it is a strong
demonstration that TEXTGRAD is able to get closer to the ideal clinical dosages while
reducing organ exposure compared to these clinician-optimized treatment plans.

Regarding other optimization techniques, while there are task-specific optimization
systems such as those mentioned in [35-37], their adoption in clinical practice remains
limited due to the challenges of balancing multiple non-differentiable quality metrics.
There is no unified objective score that consolidates all relevant metrics, and developing
such a score would require explicit trade-offs between conflicting goals. This makes direct
numerical optimization difficult in practice. Furthermore, many of these metrics are non-
differentiable, limiting the application of gradient-based optimization methods in this
setting.

To address your suggestion, we experimented with a task-specific optimization ap-
proach using Bayesian Optimization (BO), following the methodology of [8]. In this im-
plementation, we created a score function as a weighted sum of multiple plan quality
metrics and applied Optuna [38] to perform BO over this objective. The results of these
experiments are detailed in Table 5| While BO was able to optimize the score function
reasonably well, it didn’t perform as well as TEXTGRAD. Moreover BO converged much
more slowly than TEXTGRAD, typically requiring an average of 21.3 iterations to achieve
suboptimal plans. In contrast, TEXTGRAD generated high-quality plans within just 10
iterations. This highlights the efficiency and effectiveness of our approach compared to
the baseline.

We have further demonstrated the applicability of TEXTGRAD to optimize radiation
treatment plans for patients with a different type of cancer—head-and-neck cancer. In
this setting, TEXTGRAD optimized plans achieved mean dosages that are closer to the
clinical target than oncologist-optimized plans —average deviation of 2.3 in planning tar-
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get volumes (PTVs) from the target dose for TEXTGRAD compared to average deviation
of 3.4 for the oncologist plans.
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3 Response to Reviewer 3

Comment #3.1

A. Summary of the key results

The paper introduces TextGrad, a framework analogous to backpropagation and au-
tomatic differentiation, designed for optimizing text prompts or instances through back-
propagated textual feedback. This general and effective approach is applied across di-
verse scenarios: optimizing code snippets, molecular structures, question-answering, and
designing radiation oncology treatment plans. The results demonstrate that the proposed
method significantly improves the performance of LLM agents. Additionally, the authors
present a library that enables developers to easily apply the approach using programming
syntax similar to PyTorch.

Response to #3.1

We thank you for your comprehensive summary of our work. We appreciate your
recognition of TEXTGRAD as a framework analogous to backpropagation and automatic
differentiation, designed for optimizing text prompts or instances through backpropa-
gated textual feedback. We are pleased that you have highlighted the broad applicabil-
ity of our approach across diverse scenarios and acknowledged the significance of our
PyTorch-like library for easy implementation.

Comment #3.2

B. Originality and significance: if not novel, please include reference

The use of textual feedback as an optimizer is not new and has been discussed in the
literature (see, for example, the paper list https://github.com/AGI-Edgerunners/LLM-
Optimizers-Papers). To me, the method of using textual feedback as a gradient is similar
to approaches found in [1] and [2], as cited in this paper. However, to the best of my
knowledge, none of the prior works provides a general framework for implementing this
idea, nor do they leverage Pylorch’s programming syntax to allow developers to eas-
ily construct complex, domain-specific applications. The authors demonstrate that their
library enables this approach to be applied across a range of diverse and knowledge-
intensive fields. In the same way that deep learning has benefited from libraries that
simplify implementation, making it accessible to various fields, the proposed framework
simplifies the use of LLM as an optimizer. I can see the potential impact of this frame-
work being significant. [1] Large Language Models as Optimizers [2] Automatic Prompt
Optimization with "Gradient Descent” and Beam Search

Response to #3.2

We truly appreciate your thoughtful assessment of the originality and significance of
our work! We agree that the use of textual feedback as an optimizer has been explored
in previous literature, and we acknowledge the similarities with approaches like those
in OPRO and ProTeGi. We are pleased that you recognize the unique contributions of
TEXTGRAD, particularly:

¢ Leveraging PyTorch-like programming syntax to allow developers to easily con-
struct complex, domain-specific applications.
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¢ Demonstrating the framework’s applicability across a range of diverse and knowledge-

intensive fields.

* Providing a general framework for implementing textual feedback as an optimiza-
tion method.

We agree with the your assessment that, much like how deep learning libraries have
simplified implementation and made it accessible to various fields, TEXTGRAD simpli-
ties the use of LLMs as optimizers. We are encouraged by your view on the potential
significant impact of our framework.

Thank you for highlighting these key aspects that differentiate TEXTGRAD from prior
work and underscore its potential to advance the field!

Comment #3.3

C. Data & methodology: validity of approach, quality of data, quality of presentation
Overall, the proposed approach is well-motivated and clearly articulated. The authors
validate the framework across a diverse range of applications, effectively demonstrating
its utility. The experimental design is both solid and reasonable, and the results strongly
support the authors’ claims. I have several suggestions and questions about the experi-
ment settings, please see Section F.

Response to #3.3

We appreciate your positive assessment of our methodology. We're pleased they
found our approach well-motivated, clearly articulated, and effectively demonstrated
across diverse applications. We're grateful for your view that our experimental design
is solid and our results strongly support our claims. Below we’ve addressed your addi-
tional suggestions about experiment settings in our responses to the specific comments.

Comment #3.4

D. Appropriate use of statistics and treatment of uncertainties Certain factors may
introduce variance in the evaluation process. Additionally, some experimental results
rely on models released by OpenAl, which may evolve or be removed over time. In
such cases, future attempts to reproduce the results might not be possible. Therefore,
it would be great to address these uncertainties and discuss their potential impact on
reproducibility.

Response to #3.4
Thank you for this comment! To ensure the reproducibility of the results, we take
three key steps:

Details on the models used:

For all the models we used, we refer to the specific endpoints. For instance, we report
that we use the gpt-40-2024-05-13 version of gpt-4o0, and gpt-3.5-turbo-0125 version
of gpt-3.5-turbo. These are dated snapshots, meaning that future or more up-to-date
deployments of these models will not change these endpoints. Further, we ensure we run
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our experiments with temperature 0 to make results as close to deterministic as possi-
ble. For our new experiments with open-source models, we are using public models so
experiments should be easier to reproduce.

Releasing implementations of our experiments:

In our open-source repository under the evaluation folder, we release scripts to reproduce
our experiments.

Releasing optimization trajectories:

Finally, in our repository, we release the optimization trajectories for various experiments.
For instance, we release all steps of the optimization for solution optimization, the discov-
ered prompts, and the discovered code snippet. This makes it easier and more transparent
for the research community to understand the behavior of TEXTGRAD.

Comment #3.5

E. Conclusions: robustness, validity, reliability Overall, the experiment results demon-
strate the effectiveness of the proposed framework. With testing the approach in various
datasets and tasks, the authors also demonstrate the robustness of the approach. See more
comments and discussion in Section F.

Response to #3.5

We thank you for recognizing the effectiveness and robustness of our framework
across various datasets and tasks. We appreciate your acknowledgment of our efforts to
demonstrate TEXTGRAD's capabilities in real-world applications.

Comment #3.6

F. Suggested improvements: experiments, data for possible revision Please see com-
ments/suggestions in the following: 1. I'm curious whether the proposed approach can
be applied to optimizing few-shot examples in an in-context learning setting.

Response to #3.6

Thank you for this interesting question! To demonstrate the broad applicability of
TEXTGRAD, we expanded our prompt optimization experiments to jointly optimize both
in-context demonstrations and also the instruction.

In particular, optimizing in-context demonstration falls nicely under the TEXTGRAD
abstractions. At optimization time, we backpropagate feedback to in-context demonstra-
tions, and update them using Textual Gradient Descent. For instance, for Object Count-
ing, the initialization and the optimized version of in-context demonstrations look like
follows:
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Example: TextGrad-optimized in-context demonstrations for gpt-3.5-turbo-0125

Demonstrations at initialization:

Input: I have 1 banana, 4 strawberries, 1 apple, 2 peaches, 1 plum, 1 blackberry, and
2 raspberries. How many fruits do I have? Answer: 12

Input: I have 1 blackberry, 1 peach, 1 nectarine, 1 plum, 1 raspberry, 1 orange, 1
strawberry, 1 banana, 2 apples, and 4 grapes. How many fruits do I have? Answer:
14

Input: I have 1 apple, 3 bananas, 1 strawberry, 1 peach, 3 oranges, 1 plum, 1 rasp-
berry, 2 grapes, 1 nectarine, and 1 blackberry. How many fruits do I have? Answer:
15

Demonstrations after TEXTGRAD optimization:

Input: I have a banana, four strawberries, an apple, two peaches, a plum, a black-
berry, and two raspberries. How many fruits do I have? Ground Truth Response:
To find the total number of fruits, we add up the quantities of each type of fruit
mentioned in the input. Banana: 1, Strawberries: 4, Apple: 1, Peaches: 2, Plum: 1,
Blackberry: 1, Raspberries: 2. Adding these quantities together, we get1 +4 + 1 + 2
+1+1+2=12. Answer: 12

Input: I have a blackberry, a peach, a nectarine, a plum, a raspberry, an orange,
a strawberry, a banana, two apples, and four grapes. How many fruits do I have?
Ground Truth Response: To find the total number of fruits, we add up the quantities
of each type of fruit mentioned in the input. Blackberry: 1, Peach: 1, Nectarine: 1,
Plum: 1, Raspberry: 1, Orange: 1, Strawberry: 1, Banana: 1, Apples: 2, Grapes: 4.
Adding these quantities together, we get 1 +1+1+1+1+1+1+1+2+4=14.
Answer: 14

Input: I have an apple, three bananas, a strawberry, a peach, three oranges, a plum,
a raspberry, two grapes, a nectarine, and a blackberry. How many fruits do I have?
Ground Truth Response: To find the total number of fruits, we add up the quantities
of each type of fruit mentioned in the input. Apple: 1, Bananas: 3, Strawberry: 1,
Peach: 1, Oranges: 3, Plum: 1, Raspberry: 1, Grapes: 2, Nectarine: 1, Blackberry: 1.
Adding these quantities together, we get1+3+1+1+3+1+1+2+1+1=15.
Answer: 15

Overall results are shown in Table[6| We observe that optimizing in-context examples
are often helpful for optimization, and gives us improved performance for 2/3 prompt
optimization tasks. We truly appreciate this suggestion! We added further details on this
to the main paper.
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Table 6: (New Supplementary Table 5) Prompt optimization for reasoning tasks.
With TEXTGRAD, we optimize a system prompt or the in-context examples for
gpt-3.5-turbo using gpt-4o as the gradient engine that provides the feedback during
backpropagation.

Dataset Method Accuracy (%)
CoT (0-shot) [10,11] 77.8
OPRO [5] (instruction-only, 0 demonstrations) 82.8
DSPy (BFSR, 8 demonstrations) [22]] 84.9

Object Counting [20, 21] 1\ 1 GrAD (3 demonstrations) 91.9

TEXTGRAD (instruction-only, 0 demonstrations) 91.9
TEXTGRAD (instruction and 3 demonstrations)  91.9

CoT (0-shot) [10,11] 76.7

OPRO [5] (instruction-only, 0 demonstrations) 77.8

. DSPy (BFSR, 8 demonstrations) [22] 79.8

Word Sorting [20, 21] TEXTGRAD (3 demonstrations) 78.8

TEXTGRAD (instruction-only, 0 demonstrations) 79.8
TEXTGRAD (instruction and 3 demonstrations)  80.8

CoT (0-shot) [10,11] 72.9
OPRO [5] (instruction-only, 0 demonstrations) 76.8
DSPy (BFSR, 8 demonstrations) [22]] 81.1
GSM8k [23] TEXTGRAD (3 demonstrations) 80.1

TEXTGRAD (instruction-only, 0 demonstrations) 81.1
TEXTGRAD (instruction and 3 demonstrations)  82.4

Comment #3.7

2. Please correct me if I'm wrong — while the proposed framework is general, the ap-
plications discussed in the paper don’t seem to involve complex backpropagation chains
and multiple variables, as shown in Figure 1(b). I acknowledge that the authors have
demonstrated the framework’s effectiveness in several real-world tasks, but it would be
interesting to test it in more complex agent-based tasks, such as WebArena, which require
more intricate actions and tool use.

Response to #3.7

Thank you for the insightful question. We added new experiments with more com-
plex optimization problems. These new results are summarized in Fig. 9]

Optimizing longer chains: We study Chameleon [1], a sophisticated agent system
involving multiple LLM modules using diverse tools. Chameleon previously reported
state-of-the-art results across several reasoning-intensive tasks. It includes a module in-
ventory of different tools and an LLM-based planner. Each module produces an output
given the inputs from the previous models, and the final module generates the overall
response. However, the lack of a feedback mechanism in the planning and tool execution
processes can lead to error accumulation over time.
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To address this, we use TEXTGRAD to optimize Chameleon by using textual gradients
to adjust each module’s output at test time. The system first completes a standard forward
pass, then iteratively optimizes each module and unrolls the forward pass, starting from
the first and moving sequentially.

For evaluation, we use ScienceQA-IMG [3], a dataset requiring coordinated use of
tools for visual perception, knowledge retrieval, and response generation. The mod-
ule inventory includes tools for tasks like OCR (via EasyOCR [15]), image captioning,
knowledge retrieval, solution generation, and answer generation. The results, as shown
in Figure 2| Panel (e). TEXTGRAD achieves a 5.7% increase over the orignal Chameleon
with two iterations of optimization. This improvement further extends to 7.7% with three
iterations, indicating the benefits of multiple optimization iterations.

Overall, TEXTGRAD proves to be an effective method to significantly enhance the
capabilities of compound systems like Chameleon in complex, multi-modal tasks that
require coordinated use of diverse tools.

Optimizing complex chains: In our second compound Al system application, we
apply TEXTGRAD to reduce hallucinations in multimodal models, focusing on the Vi-
sual Question Answering (VQA) task. In VQA, images are presented alongside ques-
tions related to the content of the images. To guide the model in answering the ques-
tions, instructional prompts are provided, such as "Answer the question based on the
image, let’s think step by step.". These instructional prompts help direct the model’s
reasoning process. Then another language model evaluate the solution based on a loss
function prompt. Here we use TEXTGRAD to jointly optimize the two sets of prompts—
instructional prompt for the answer generation LLM and the loss prompt for the evalua-
tion LLM—as well as the generated solution itself. All of these can be treated as variables
in TEXTGRAD and are optimized jointly through our text-based chain rule. We show that
this approach lead to an excellent accuracy of 79% HGH VQA benchmark [2]], a challeng-
ing task where multimodal language models often hallucinate, compared to an accuracy
of 70% by gpt-4o with CoT.
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Figure 9: (New Figure 3 in the main paper) Optimizing compound AI systems. (a)
TEXTGRAD enhances the solution generated by Chameleon, an agentic system that gen-
erates a plan followed by tool execution. We treat the output of each module as a sep-
arate variable to optimize and improve them. (b) Textual gradients are computed and
backpropagated through the tool execution chain. (¢) TEXTGRAD iteratively optimizes
the answer to a multimodal question. To mitigate hallucinations of multimodal language
models in visual question answering, we treat loss prompt, the instruction, and the solu-
tion as variables to jointly optimize and improve them. (d) With an example in HQH we
show how TEXTGRAD jointly optimizes the prompts and solutions. TEXTGRAD yields
accuracy improvements of 7.7% and 9% on ScienceQA (e) and HQH (f), respectively.
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Comment #3.8

3. I wonder how robust the prompts or instances identitied by this framework are.
Specifically, how does the performance hold up when applying prompts or instances ob-
tained from one LLM (e.g., GPT-4) to another (e.g., Gemini)?

Response to #3.8
Thank you for this important question! We test the transferability of prompts opti-
mized for gpt-3.5-turbo-0125. In particular, we take the prompts optimized for gpt-3.5-turbo-0125,
and use them as prompts to various other open-source models.
In Table[7, we present the results. Overall, prompts optimized for closed-source mod-
els using closed-source models transfer well to open-source models. We observe a greater
degree of transferability for more capable models, and we expect this degree of improve-
ment to only get better as open-source models become stronger.
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Table 7: (New Supplementary Table 3) Transferability of optimized prompts. We test the
transferability of prompts optimized for gpt-3.5-turbo using TEXTGRAD on different
models. Overall, optimized prompts improve the performance of various open-source
and closed models, with up to 10% absolute performance gains.

Model Dataset Method Accuracy
Gemini 1.5 - Flash CoT 91.1
GSMB8K TG - Transfer 92.3
_  CoT 86.9
Object Counting TG - Transfer 81.8
. CoT 59.6
Word Sorting TG - Transfer 70.7
Qwen 2.5 - 14B Instruct CoT 94.6
GSMB8K TG - Transfer 94.9
. _ CoT 85.9
Object Counting TG - Transfer 86.9
. CoT 32.3
Word Sorting TG - Transfer 33.3
Qwen 2.5 - 32B Instruct CoT 95.6
GSMB8K TG - Transfer 96.6
. . CoT 83.8
Object Counting TG - Transfer 92.9
) CoT 47.5
Word Sorting TG - Transfer 55.6
Llama 3.1 - 8B Instruct CoT 56.8
GSMB8K TG - Transfer 86.8
. . CoT 86.9
Object Counting TG - Transfer 94.9
_ CoT 46.5
Word Sorting TG - Transfer 45.5
Llama 3.1 - 70B Instruct CoT Ja4
GSMSK TG - Transfer 94.0
. _ CoT 94.9
Object Counting TG - Transfer 96.0
_ CoT 73.7
Word Sorting TG - Transfer 84.8

Comment #3.9

October 9, 2024
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4. I wonder how "correct"” the textual feedback provided by the LLMs in this frame-
work is. If the feedback is inaccurate or varies over time, this could potentially impact the
optimization process.

Response to #3.9

Thank you for this question. We report the learning curves for prompt optimization.
In particular, in Figure [10|, we report the accuracy over the test set on the y-axis, and the
number of optimization iterations we performed on the x-axis. We often observe that per-
formance improves over time. We use a proposal-validation loop for TEXTGRAD prompt
optimization, where given a new proposal for a variable, we test it on the validation set
and decide to accept the proposal based on the performance.
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Figure 10: Learning curves for prompt optimization. Here, x-axis is the number of op-
timization iterations, and y-axis is the accuracy over the entire test set. We observe that
optimization with TEXTGRAD is stable and the performance does not deteriorate over
time.

Comment #3.10

5. There are several selt-reflection and self-correction approaches in the literature (e.g.,
see the survey: https://arxiv.org/abs/2308.03188). I am curious how the proposed ap-
proach compares to these.

Overall, the paper provides appropriate references to related work. However, I would
like to see more discussion with related concurrent work such as "LLMs as optimizer" as
it seems to me the idea is quite similar at first glance.

Response to #3.10
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Thank you for making this point! We agree that TEXTGRAD has important relations to
both concepts in the existing literature. We have added new experiments and discussions
to highlight the benefit of TEXTGRAD compared to these related works.

Performance comparisons: We compare to the state-of-the-art reflection method, Re-
tlexion [6]], and also to the LLMs as optimizer approach, OPRO [5]. Results can be found
in Table [§ and Table [f, TEXTGRAD consistently outperforms these approaches in both
language tasks and vision-language tasks.

Table 8: (New Table 2) Solution optimization for zero-shot question answering with
gpt-4o. TEXTGRAD outperforms the baselines consistently across different tasks.

Dataset Method Accuracy (%)
Natural Language Tasks
CoT [10,[11] 51.0
Reflexion [6] 51.0
Google-proof QA [12] GPT-40 best reported [13] 53.6
TEXTGRAD 55.0
CoT [10, 11] 85.7
MMLU-Machine Learning [14] Reflexion [6] 85.7
TEXTGRAD 88.4
CoT [10, 11] 91.2
MMLU-College Physics [14] Reflexion [6] 94.1
TEXTGRAD 95.1

Multimodal Reasoning Tasks

CoT [10, 11] 63.8
MathVista [4] Reflexion [6] 64.0
TEXTGRAD 66.1
CoT [10, 11] 91.6
ScienceQA-IMG [3]] Reflexion [6] 90.2
TEXTGRAD 924

Generality: In addition to better performance, we would also like to highlight the
generality of our framework. The codebase for Reflexion and OPRO have a separate im-
plementation and/or prompting strategy for every task. For each task, there are separate
implementations and prompts, making it nontrivial for users to apply these approaches
to a new task.

With TEXTGRAD, a user does need not modify the framework to apply to a new do-
main. It works out of the box for all the domains we tested without any modifications,
and we spent a great deal of work to make sure optimization works as broadly as possible.

Finally, we add further discussion on the relation to Yang et al. [5]. Here is the change
to the writing:
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Third, OPRO [5] is one of the first papers to use LLMs as optimizers. OPRO uses an optimizer
LLM to generate solution candidates, and uses the downstream task performance (called “score’)
to iteratively select and improve available candidates. Importantly, since OPRO relies on a scalar
supervision signal to select and improve solution candidates, it is not possible without further
innovation to use it in settings such as instance optimization, or settings with multiple compo-
nents where we use backpropagation. Furthermore, the implementation of the framework depends
on the task, unlike the generality of our framework where we do not make any modifications to
the implementation for new tasks. Finally, both DSPy, ProTeGi, and OPRO focused on prompt
optimization as the key application, while a significant advance of TEXTGRAD, as demonstrated
through our diverse applications, is in instance optimization.

Comment #3.11

H. Clarity and context: lucidity of abstract/summary, appropriateness of abstract, in-
troduction and conclusions The paper is well-written. The abstract and introduction pro-
vide strong motivation and clear intuition for the work. It articulates the details of the
proposed framework with illustrative examples and provides excellent real-world appli-
cations that demonstrate how the framework can be used.

Response to #3.11

We sincerely appreciate your positive feedback on the clarity and presentation of our
paper. We're grateful that they found the abstract and introduction to provide strong
motivation and clear intuition for our work. We're pleased that our explanations of the
framework, along with the illustrative examples and real-world applications, effectively
demonstrated TEXTGRAD’s utility and potential impact.
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Referee #1 (Remarks to the Author):

The authors have made commendable efforts to address and incorporate the feedback provided by all
reviewers. | found the reading process quite enlightening, as it offered new insights and knowledge.
The work presented is certainly both interesting and valuable.

However, after careful consideration, particularly in light of the points raised by reviewer 3, | still
feel that the manuscript may not fully align with the publication standards of Nature. While this
assessment is inherently subjective, it is important to note that a framework such as Auto-Grad,
which can be likened to Pytorch in its domain, might not require the platform of Nature for its
dissemination and recognition. At its current stage, a highly influential application or very broad
usage might be necessary to meet the criteria for publication in Nature.

Thank you for your thoughtful feedback; your suggestions have truly helped to strengthen the paper.
We greatly appreciate your recognition of our efforts to address and incorporate the reviewers'
comments and acknowledgment of the insights and value in our work.

Referee #2 (Remarks to the Author):

The authors have made numerous changes to the manuscript that | believe has strengthened it and
clarified its contributions. I'm supportive of its publication.

1. | appreciate the additional evaluations using a smaller base model and the discussion of cost
required for optimization.

2. | appreciate the additional contextualization with respect to Reflexion, OPRO, and DSPy. The
emphasis on (and benefit of) generality is noted.

3. | appreciate the decision to move the molecular optimization example to the Appendix and the
additional caveats of the analysis (i.e., the existence of many additional considerations in molecular
design). I know my initial comments were very picky about the language, so | am grateful that they
were considered seriously. The inclusion of comparisons from the PMO benchmark provide better
evidence of strong empirical performance in this proof of concept.

Thank you! We sincerely appreciate your positive feedback and support for the publication of
our work. Thank you very much for helping us make our manuscript stronger and more
thoughtful.

When skimming some of the examples in the appendices, I noticed in D.2 that the GPQA Diamond
example has mis-formatted superscripts; might be worth checking others.



Thank you for pointing this out. We have corrected the misformatted superscripts in the GPQA
Diamond example in the Supplement. Additionally, we reviewed the entire manuscript to ensure that
all formatting, including superscripts, is consistent and error-free.

Referee #3 (Remarks to the Author):

I would like to thank the authors for thoroughly addressing all the feedback and for including new
experiments on MathVista and ScienceQA, as well as exploring the setting of optimizing compound
Al systems.

Thank you! We sincerely appreciate your positive feedback and support for the publication of
our work.

The results on MathVista and ScienceQA are promising, with TextGrad demonstrating improvements
over strong published baselines in both cases. These experiments address my concerns.

We are glad to hear that our results on MathVista and ScienceQA, showcasing TextGrad's
improvements over strong published baselines, addressed your concerns. Thank you for
acknowledging the promise of our approach in these experiments.

However, the claim regarding the reduction of hallucinations in the multimodal language model for
VQA is not convincing to me. First, the authors mention that the experiment is only on "the spatial
relation type, using 200 images from this subset™. In such a case, the authors should only claim that
TextGrad improves spatial reasoning in vision-language models. Second, it is unclear why the
authors chose to conduct experiments on HQH rather than other well-established VQA or spatial
relation benchmarks. Third, the definition of hallucination in HQH seems problematic. For example,
in Figure 3d, the initial answer appears to involve an object recognition error rather than what is
typically considered hallucination. In vision-language, hallucination is not a well-defined term, but it
is generally understood as VL models generate captions that include objects not present in the input
images. However, HQH seems to consider all types of errors as hallucinations. | would recommend
avoiding the use of such a vague term without further clarification.

Thank you for your helpful feedback. We agree with your points and have revised our claims
accordingly. Specifically, based on your suggestion, we reduced the claim of "removing
hallucinations” to "improving the spatial reasoning ability" of vision-language models. We
emphasized that this experiment focuses on spatial reasoning errors and provided more precise
language to describe these phenomena in the revised paper. We chose the HQH dataset
because performance on several popular benchmarks such as VQA (Agrawal et al 2015) and
GQA (Hudson et al 2019) have nearly saturated, especially as many of these datasets used
COCO images, which have been included in the training of multimodal language models. In
contrast, HQH, released in 2024, still shows evolving performance with GPT models, making it a
useful benchmark for evaluating the impact of TextGrad.



Overall, the paper is interesting and demonstrates that TextGrad can be effectively applied across
various scenarios. Therefore, | lean into accepting the paper. However, | encourage the authors to
dive deeper into each experimental scenario, providing intuition on how TextGrad contributes to
performance improvements and ensuring that all claims are supported by the results.

We appreciate your positive feedback and are glad that you find the paper interesting and the
application of TextGrad effective across various scenarios. We agree with your suggestion to
dive deeper into each experimental scenario. In the revised manuscript, we provided additional
intuition on how TextGrad contributes to performance improvements, elaborating on the
mechanisms underlying its success. Furthermore, we ensured that all claims are supported by
the results, with clear connections between our methods, experiments, and findings.

Thank you for your thoughtful recommendation, which has helped us strengthen the clarity and
depth of our work.
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