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ABSTRACT

Agentic systems built on large language models increasingly operate in settings
that demand stable reasoning, effective collaboration, and reliable adaptation. Ex-
isting optimization methods offer valuable signals through prompting strategies,
alignment techniques, decentralized coordination, and experiential retrieval, but
they do not translate feedback gathered across multiple trajectories into persistent
improvements in agent behavior. We introduce MemGrad, a memory-guided opti-
mization framework that uses textual gradients to transform batches of behavioral
feedback into coherent and interpretable improvement directions. These gradients
support a retrospective–prospective memory structure: retrospective memory cap-
tures recurring patterns and common failure modes, while prospective memory
encodes gradient-derived strategies that guide future reasoning and coordination.
The framework also updates system prompts so that agents internalize these im-
provements without model fine-tuning. Applied to AgileCoder, a multi-agent soft-
ware development framework, our approach improves task success, reasoning sta-
bility, and alignment with user intent. These results show that text-based, memory-
centered optimization provides a practical and scalable route toward more reliable
agentic systems.

1 INTRODUCTION

Building robust agentic systems for complex, long-horizon tasks requires more than stronger single-
shot reasoning. It requires mechanisms that (i) extract rich behavioral signals from execution, (ii)
aggregate and abstract these signals across trajectories, roles, and time, and (iii) translate them
into persistent updates to system policy and memory. Although recent methods improve deliber-
ate reasoning (e.g., chain-of-thought) (Wei et al., 2022), enable structured perception–action loops
(e.g., ReAct) (Yao et al., 2022), and align behavior through preference optimization (e.g., RLHF
and Constitutional AI) (Ouyang et al., 2022; Bai et al., 2022), they do not provide a unified way
to convert batched, trajectory-level feedback into durable, role-aware improvements. At the same
time, textual optimization primitives such as textual gradients (Yuksekgonul et al., 2024) offer in-
terpretable, language-native update signals, but their use for multi-agent, long-horizon adaptation is
still not well understood. We present a detailed discussion on the related works in Section A in the
Appendix.

In realistic settings, natural feedback appears as a stream of heterogeneous textual signals (for ex-
ample, code review comments, test logs, bug reports, and acceptance notes) collected across mul-
tiple decision points and trajectories. This feedback is multi-granular (ranging from line-level cor-
rections to system-level design issues), multi-role (including programmers, reviewers, testers, and
product owners), and multi-instance (reoccurring with context-specific variations). Reducing such
information to scalar rewards or isolated critiques removes the structure needed to generalize correc-
tions across tasks. Moreover, improvements must persist without modifying model weights, instead
influencing future behavior through memory and prompt updates that depend on both role and con-
text (Madaan et al., 2023; Shinn et al., 2023; Packer et al., 2023). The central challenge is therefore
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Figure 1: Overview of the MemGrad framework. Starting from a user query, agents collabora-
tively generate artifacts and receive batch feedback from execution traces. This feedback is decom-
posed into feedback–resolution pairs and routed to role-specific clusters, where it is abstracted into
compact textual gradients. These gradients update a dual memory system comprising retrospec-
tive memory (capturing recurring failure patterns) and prospective memory (encoding actionable
improvement strategies) as shown in (B). The abstracted gradients (as shown in C) further drive
prompt optimization, enabling agents to incorporate persistent, role-aware improvements without
parameter updates, resulting in more stable and effective long-horizon behavior.

to transform batched textual feedback into compact, role-aware, and actionable representations that
update both memory and policy.

A multi-agent software engineering workflow illustrates this challenge. Over a sprint, a batch of
tickets generates multiple trajectories: the programmer edits code, the reviewer flags API misuse,
the tester reports flaky integration failures, and the product owner notes unmet acceptance criteria.
These failures are heterogeneous (for example, cross-module inconsistencies, missing edge-case
validation, nondeterministic tests), distributed across files and commits, and often recur with small
variations. An effective optimization mechanism must (i) route feedback to the correct role, (ii)
abstract recurring patterns (for example, “improper error handling for I/O operations”), and (iii)
store both the cue (“during file I/O wrapper design”) and the intention (“validate return codes, apply
backoff retries, surface typed errors”) so that future actions integrate these corrections automatically.

We introduce MemGrad, a memory-guided optimization framework that uses textual gradi-
ents (Yuksekgonul et al., 2024) to connect batched behavioral feedback with role-conditioned mem-
ory and prompt updates. MemGrad operates along three principles. First, it aggregates feedback
from multiple trajectories and abstracts it into textual gradients that express high-level improve-
ment directions rather than isolated fixes. Second, it updates agent memory using a retrospec-
tive–prospective structure that stores distilled failure patterns along with improvement heuristics,
enabling consistent adaptation across future interactions (Tan et al., 2025). Third, it optimizes sys-
tem prompts so that each agent’s policy incorporates both user instructions and gradient-informed
memory updates (refer Figure 1).

We evaluate MemGrad on AgileCoder (Nguyen et al., 2025), a multi-agent software development
framework involving Agile-style sprints, dynamic code-graph modifications, and a beta-testing pro-
tocol that generates trajectory-level textual critiques. This environment stresses long-horizon coor-
dination, role specialization, and recurring failure patterns, making it an ideal setting to test batched
feedback abstraction and memory-conditioned optimization. We report results on end-to-end task
success, human evaluation and success rate of unit-test cases, and analyze the contributions of role-
based routing, feedback abstraction, dual-store memory, and prompt optimization.
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2 PRELIMINARIES

2.1 TEXTGRAD

TextGrad extends automatic differentiation to natural language systems by treating textual artifacts
(e.g., prompts, code snippets, intermediate outputs) as variables in a computation graph. The op-
timization process begins with a forward pass in which a variable x produces an output y = f(x)
and a textual loss is computed via tg.TextLoss (Eq. (12) in Figure 7). This loss is itself a
natural-language critique describing deficiencies of the current output relative to a specification.

The backward pass then converts this critique into a textual gradient, as shown in Eq. (13) in Figure
7. TextGrad produces a structured natural-language gradient that specifies how x should be modified
to reduce the loss. Intuitively, the textual gradient serves as a improvement signal in language space.
The update step (Eq. (14) in Figure 7) applies Textual Gradient Descent (TGD), which rewrites
the current x conditioned on this feedback, analogous to how stochastic gradient descent adjusts
parameters along the negative gradient direction.

In minibatch settings, multiple losses are aggregated using tg.sum (Eq. (15) in Figure 7), and their
corresponding textual gradients are composed according to the backward rule shown in Eq. (16) in
Figure 7. Operationally, this results in concatenation of gradient signals from each batch element,
preserving detailed instance-level feedback. While this design maintains fidelity to individual cri-
tiques, the size and verbosity of the resulting gradient object grow with batch size and trajectory
length. In complex agentic systems involving long-horizon interactions and heterogeneous feed-
back sources, such unstructured aggregation can introduce redundancy, interference, and instability,
motivating mechanisms that structure and abstract textual gradients prior to propagation (Foerster
et al., 2018; Zhou et al., 2025).

2.2 AGILECODER

AgileCoder instantiates professional Agile methodology within a multi-agent LLM framework by
assigning agents to specialized roles such as Product Manager, Developer, Reviewer, and Tester.
Development proceeds through iterative sprints, each comprising requirement analysis, implemen-
tation, testing, debugging, and review. Within a sprint, agents exchange artifacts (e.g., specifications,
code patches, and test results), and execution feedback generated during testing is used to revise the
current repository state. Across successive sprints, refined artifacts are inherited and further im-
proved, while a dynamic code graph maintains repository-level dependencies to support targeted
debugging and context-aware retrieval.

AgileCoder’s feedback loop focuses on artifacts: tests and critiques trigger small code fixes that
propagate through sprint-to-sprint inheritance. This process does not convert feedback into persis-
tent updates to agent behavior or accumulate generalizable tendencies across batches. In contrast,
our approach interprets feedback as textual gradients, aggregates them across trajectories, and stores
their issue–gradient structure in role-specific memories. These memories capture both recurring fail-
ure patterns and their forward-looking corrections, enabling updates to role-conditioned prompts. As
a result, improvement occurs not only within the artifacts but also in the agents’ underlying policies.

3 OUR APPROACH

3.1 FEEDBACK ABSTRACTION

We consider a multi-agent software development framework inspired by AgileCoder (Section 3.2),
where a team of role-specialized agents (programmer, code reviewer, software test engineer, product
owner) develops software in response to a batch of queries Q = {q(1), . . . , q(B)}.
For each query q ∈ Q (we drop the superscript for ease of reading), the team produces a software
artifact S(q). Executing the artifact under a beta-testing specification E produces a trajectory τ(q),
which is evaluated to produce a textual loss

L(q) = tg.TextLoss(τ(q); E) (1)
The prompt for Beta-Tester is presented in the Appendix (see Figure 20). We compute a loss for
every trajectory in the batch, yielding Lbatch = {L(q) | q ∈ Q }.
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The prompt for TextLoss is provided in the Appendix(see Figure 21). Each trajectory-level loss L(q)
may describe multiple independent failure modes. We therefore extract a set of feedback statements
F from the loss L(q), where each feedback F captures a deficiency in the generated artifact S(q).
For every extracted feedback, we compute a textual gradient ∂L(q)

∂F which we call as resolution. A
resolution provides a structured natural-language instruction describing how the issue identified by
F should be corrected.

This operation is implemented through a TextGradDecomposer class which is presented in the
Appendix (see Figure 22):

TextGradDecomposer
(
L(q)

)
−→

{(
F,

∂L(q)

∂F

)}
(2)

A single loss L(q) can therefore yield multiple feedback–resolution pairs, since a trajectory often
reveals several distinct problems. Aggregating these across the batch gives the collection of feedback
statements and their associated resolutions {F, ∂L(q)

∂F }
batch, which serves as the complete set of

improvement signals for that training step.

Role-Based Gradient Routing. To distribute improvement signals by agent role, each feedback
statement is assigned to the role whose description is most semantically aligned with it. Let ϕ(·) be
a text encoder andR the set of roles. We define the role assignment function

assignRole(F ) = argmax
r∈R

cos
(
ϕ(F ), ϕ(r)

)
which selects the role whose embedding is closest to that of the feedback.

This assignment induces role-specific clusters by collecting all feedback–resolution pairs associated
with a given role:

Cluster(r) =
{
(F,

∂L(q)

∂F

∣∣∣ assignRole(F ) = r
}

(3)

Each cluster therefore contains the feedback and its corresponding resolution for which role r is
responsible.

Role-Level Gradient Abstraction. Multiple trajectory-level losses may generate overlapping
or semantically redundant feedbacks for the same role, the raw cluster Cluster(r) can be-
come verbose and repetitive. We therefore compress each role-conditioned cluster using a
RoleBasedAbstractor class (see Figure 23):

RoleBasedAbstractor
(
Cluster(r)) −→

(
F̄r,

∂Lrole

∂F̄r

)
(4)

This class is presented in the Appendix (see Figure 21). Here, F̄r denotes a generalized, non-
redundant feedback that summarizes recurring failure patterns associated with role r, while ∂Lrole

∂īr
represents the corresponding abstracted resolution capturing the corrective direction. Here, Lrole
denotes the feedback-accumulated loss for role r computed over the entire batch (refer Figures 1(C)
and 2).

3.2 MEMORY UPDATION

To make improvements persist across long-horizon agent runs, we maintain an explicit memory
state that separates (i) what went wrong from (ii) what to do next. This split is motivated by the
classical distinction where prospective memory concerns reinstating an intention when the appro-
priate context or cue is encountered, whereas retrospective memory concerns recalling past content
and events (Uttl et al., 2018). Prior work further decomposes prospective memory into subdomains
(e.g., episodic event-cued vs. vigilance/monitoring), highlighting that future-oriented behavior ben-
efits from compact, cue-like representations rather than continuously maintained verbose plans (Uttl
et al., 2018; Einstein & McDaniel, 2005; Graf & Uttl, 2001).
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Figure 2: Feedback Abstraction: Example of raw losses in Lbatch (left), followed by the generation
of feedback–resolution pairs (center), and the role-based distribution of the feedback–resolution
pairs (right).

In our setting, each trajectory-level critique L(q) is decomposed into role-conditioned feed-
back–resolution (as discussed in Section 3.1). We store this non-abstracted pairs directly in memory,
allowing us to maintain detailed instance-level structure and richer contextual variation. (see Fig-
ures 1(A) and (B)).

Let Mret,r and Mpro,r denote the retrospective and prospective memory stores associated with role
r, respectively, both initialized as empty. Retrospective memory records concrete failure patterns
observed across trajectories, while prospective memory records future-oriented corrective intentions.
Memory is updated via the following write operations:

Mret,r ← Write(Mret,r{F | assignRole(F ) = r }) (5)

Mpro,r ← Write

(
Mpro,r

{(
F,

∂L(q)

∂F

) ∣∣∣∣ assignRole(F ) = r

})
(6)

Storing both the feedback and its associated resolution in prospective memory allows the feedback
to serve as a triggering cue, while the resolution specifies the corrective action linked to that cue.
Because a broad feedback can appear in different forms across tasks, it may accumulate multiple
resolution over time. Formally, for an feedback F , we maintain the set

Mpro,r =
{
F :

[ ∂L(q1)
∂F , ∂L(q2)

∂F , . . .
]}

(7)

which contains all resolution associated with F across trajectories. This captures how the same
failure may call for different responses depending on context. We present example of how the
memory looks in Figure 3 (see Figure 14, 15 and 16 in the Appendix for additional examples).

3.3 OPTIMIZATION AND INFERENCE

Following Equation 4, we obtain abstracted role-conditioned feedback–resolution pair
(
(
F̄r,

∂Lrole
∂F̄r

)
). We use the abstracted feedback–resolution pair as input to a TextGrad-style back-

ward operator to obtain a prompt-level gradient for role r. The prompt for backward operator is
presented in the Figure 17. Concretely, we compute

∂Lrole

∂pr
= ∇LLM

(
pr,

(
F̄r,

∂Lrole

∂F̄r

))
(8)
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Figure 3: Illustration of retrospective and prospective memory in the Programmer Agent.

where∇LLM applies the TextGrad backward operation to
(
F̄r,

∂Lrole
∂F̄r

)
to produce a textual gradient

indicating how pr should be updated. The role-specific system prompt is then updated using Textual
Gradient Descent:

p(t+1)
r ← TGD.step

(
p(t)r ,

∂Lrole

∂pr

)
(9)

The optimized system prompt by our our method and TextGrad is presented in the Figure 4 (refer
to the Figure 10, 11, and 12 in the Appendix for optimized system prompt of other agents). Simul-
taneously, the feedback–directive pairs are written into memory stores as shown in Equation 5 and
6.

After T optimization steps, the learned agent configuration is defined by the optimized prompts
{p(T )

r } and the consolidated memory stores {M (T )
ret,r,M

(T )
pro,r}.

Inference with Memory-Conditioned Prompts. During test-time execution, the system is
frozen.When an agent with role r is about to execute an action a, it retrieves relevant retrospec-
tive cues by embedding the current query and matching it against entries stored in retrospective
memory, selecting the top-k most similar elements based on a similarity metric.

Fr(a) = Retrieve(Mret,r, a) (10)

Given the retrieved feedback, the agent then performs a second retrieval step over prospective mem-
ory to obtain corresponding resolutions. Specifically, the agent retrieves resolution-level guidance
that addresses the identified issues:

Rer(a) = Retrieve(Mpro,r, Fr(a)) (11)

The agent’s system prompt (pr) is augmented with both the retrospective feedback cues and the
retrieved prospective resolutions, yielding a memory-conditioned prompt p̃r. The prompt for the
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Base Prompt

You are Programmer. we are both working at AgileCoder. We share a common interest in collaborating
to successfully complete a task assigned by a new customer. You can write/create computer software or
applications by providing a specific programming language to the computer. You have extensive comput-
ing and coding experience in many varieties of programming languages and platforms, such as Python,
Java, C, C++, HTML, CSS, JavaScript, XML, SQL, PHP, etc, Here is a new customer’s task: task.To
complete the task, you must write a response that appropriately solves the requested instruction based on
your expertise and customer’s needs.

TextGrad

You are Programmer. In alignment with the goal of creating an engaging and functional software experi-
ence, the following software design principles should be prioritized. Development should focus on build-
ing a deterministic, reliable system that responds predictably to user actions while maintaining a clear
and consistent internal state. The system must represent its core state accurately and enforce well-defined
rules for state transitions. Only valid inputs should be accepted, and invalid inputs should be rejected
without altering the system state. Clear feedback must be provided to users for both valid and invalid
actions, ensuring transparency and ease of use. Core logic should be implemented in a centralized and
well-encapsulated component to ensure correctness and maintainability. The system should also provide
user feedback for invalid inputs, ensure the system state remains unchanged after such inputs, and log
invalid interaction attempts for diagnostic purposes. Robust error handling should be implemented to
gracefully manage unexpected conditions, with detailed error messages that describe the nature of the
issue and potential corrective actions. All significant events, state changes, and errors should be logged
to facilitate debugging and post-execution analysis. The system should handle invalid inputs gracefully
without crashing, provide suggestions for valid inputs, and ensure stability across repeated interactions.
The system should log events, state changes, and errors comprehensively after each user interaction to
support traceability and debugging.......

MemGrad

You are an advanced programming assistant tasked with building a turn-based, CLI-based game with an
engaging, user-friendly experience grounded in robust logic and defensive error handling. Adopt a struc-
tured, user-centered development approach that emphasizes clarity, modularity, and continuous feedback
throughout the lifecycle of a software system. Clearly define core objectives, rules, and success or failure
conditions while designing interactions that encourage engagement and meaningful user responses. Incor-
porate strong input validation with informative, user-friendly feedback to prevent errors and guide correct
usage. Maintain thorough documentation and clear in-code commentary to explain functionality, design
decisions, and interaction flows for future maintainability. Apply proactive error handling that anticipates
common user mistakes and communicates issues without frustration. Design the system using modular
components with well-defined responsibilities to support scalability, testing, and collaboration. Establish
focused testing protocols and iterative feedback mechanisms that integrate real user insights into each de-
velopment cycle, and ensure that visual or interface elements consistently reflect system state changes in
a clear and intuitive manner to reinforce usability and engagement.

Figure 4: Optimization of system prompt for the Programmer agent: (A) the original system
prompt, (B) the prompt optimized using TextGrad, where colored segments indicate redundant or
overlapping instructions introduced during optimization (shortened for readability; full version
in Figure 9), and (C) the prompt optimized using MemGrad.

retrieval from prospective memory is provided in the Appendix (see Figure 19). Each agent exe-
cutes its action conditioned on the augmented prompt p̃r, thereby proactively integrating previously
learned remedies. All roles perform this retrieval–augmentation step before producing their outputs,
and the coordinated execution of memory-conditioned agents yields the final artifact.

4 EXPERIMENTAL SETUP

Dataset and Task Setup. We curate a set of 30 command-line games as tasks to be implemented
by AgileCoder. Inspired by the AgileCoder framework, we adopt several games from its ProjectDev
dataset that support command-line interaction, and additionally generate new games to further aug-
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ure).
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Figure 5: Dataset example: Representative games from the evaluation test set. For each game, we
present the specific requirements for game creation.

ment and diversify our dataset. From this dataset, 10 samples are used for training the system, and
the remaining 20 are reserved for testing. An example illustrating the structure of the samples in the
dataset is shown in Figure 5 and full details are presented in the Appendix (refer Section B).

System and Training. Our system follows the AgileCoder paradigm, employing four collabo-
rative agents that operate across successive development phases to synthesize, refine, and validate
software artifacts. These agents include: product owner, programmer, code reviewer, and software
test engineer. To enable artifact-level loss computation and provide executable feedback signals, we
introduce an additional Beta-Tester agent that runs each generated game and logs all salient actions
and outcomes (refer Figures 20 and 21 in the Appendix). These execution logs are analyzed to com-
pute the loss and derive feedback–resolution pairs, which are stored in memory to guide subsequent
iterations. Training is conducted for two epochs with a batch size of five, after which the optimized
system prompt and the populated memory are used to generate games for the held-out test set. We
use GPT-4o mini for all our experiments. In all components requiring embedding generation, textual
inputs are encoded using the text-embedding-3-small model

Evaluation Protocol. At test time, the system is evaluated under two complementary setups, and
we report the final score as the average of both evaluations. In the first setup, the software test
engineer agent generates unit-test cases based on the requirements provided for the target game,
and performance is measured as the percentage of test cases successfully passed (example is pre-
sented in the Figure 8 in the Appendix). In the second setup, a human software engineer interacts
with the generated game and verifies the extent to which the specified requirements (provided as a
query) are satisfied; the percentage of fulfilled requirements is recorded. For the human-evaluation
setup, each game is played twice by a human evaluator, and the better-performing run is selected
as the representative score for that game. We report the unit-test case performance and the human
requirement-fulfillment performance. We compare MemGrad against Agile Coder with and without
TextGrad as the baseline.

5 RESULTS AND ANALYSIS

1. Memory improves long horizon performance: Figures 6, 26, and 27 show that MemGrad
outperforms TextGrad across most evaluated games, with the performance gap widening as game
complexity increases. While TextGrad remains competitive on tasks such as 8-Puzzle, Chess and
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Figure 6: Quantitative Results. We present the average score achieved when evaluating on a test
set of 20 games. We compare MemGrad against AgileCoder with and without TextGrad, as well as
AgileCoder augmented with MemGrad but without memory.

Nim, its performance deteriorates on other games that require sustained state tracking. TextGrad-
generated games also tend to be less user-friendly. For example, in Figures 24 and 25 , the
Mastermind game reveals the secret code at the start, fails to prompt the user for a seed, and
does not communicate the number of steps in advance. MemGrad, in contrast, satisfies these
usability criteria consistently. These results suggest that memory-driven optimization enables
more reliable and durable improvements in both gameplay correctness and user experience.

2. Abstraction stablizes prompts and gradients: Directly accumulating raw losses can produce
large gradients, as shown in Figure 13 in the Appendix. This leads to unstable updates and exces-
sively long prompts (see Figures 4 and 9). Moreover, the system prompt starts carrying redundant
instruction, for example, repetitive instruction proper invalid input handling. MemGrad mitigates
this issue by abstracting feedback before using it as a gradient signal, preventing gradient explo-
sion during optimization. The abstracted gradients compress repeated feedback and resolutions
into concise signals, enabling more stable updates and producing prompts that are more effective
for implementing the user requirements.

3. Role based clustering improves optimization balance: Figure 4, 10, 11, and 12 suggests that
aggregating feedback without role-based clustering dilutes the learning signal for agents that
participate less frequently. For example, in Table 1 of the Appendix it can be seen that Software
Test Engineer and Code Reviewer participate less frequently than the other two. Thus the impact
on their system prompt by TextGrad is minimal. On the other hand, by distributing the losses
and gradients at the role level, MemGrad ensures that each agent receives a focused and relevant
update signal. Thus, resulting in more balanced learning and improved overall performance.

4. Efficient performance gains with minimal cost overhead :
Overall token usage and monetary cost remain minimal for both methods, with total expenditure
staying well below one dollar even after three full training epochs. While MemGrad incurs a min-
imal increase in token usage compared to TextGrad (2.92M vs. 2.29M tokens), the resulting cost
difference is small approximately 0.08 dollor under the GPT-4o-mini. Despite this minimal in-
crease in computational overhead, MemGrad consistently achieves higher evaluation scores than
TextGrad, demonstrating that the performance improvements are obtained efficiently without a
meaningful rise in cost.

6 CONCLUSION

This work demonstrates that structured textual feedback combined with explicit memory enables
multi-agent systems to adapt more reliably over long time horizons. By organizing feedback, ab-
stracting recurring patterns, and retaining actionable guidance in persistent memory, agents can
learn from prior experience and reduce repeated errors. Our findings indicate that MemGrad offers
a foundation for building adaptive, interpretable, and robust agentic systems across diverse tasks,
with clear implications for real-world applications.
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A RELATED WORK

Optimization in language space. TextGrad formalizes natural-language feedback as textual gra-
dients and offers a PyTorch-like API to optimize prompts, solutions, code, and other variables (Yuk-
sekgonul et al., 2024). REVOLVE stabilizes iterative textual optimization by tracking response
evolution across steps (Zhang et al., 2024). DSPy compiles declarative language-model programs
into self-improving pipelines via a compiler that learns demonstrations and tunes multi-stage graphs
(Khattab et al., 2023). OPRO treats large language models as derivative-free optimizers that itera-
tively propose improved instructions or solutions (Yang et al., 2023). DPO directly optimizes poli-
cies from preference data, simplifying alignment relative to RLHF (Rafailov et al., 2023). Mem-
Grad differs by aggregating batch-level behavioral feedback into textual gradients that co-update
retrospective and prospective memory and system prompts, providing a persistent, interpretable tar-
get that can be scheduled by controllers like REVOLVE or serve as an endpoint for compiler-style
tuning and derivative-free search (Yuksekgonul et al., 2024; Zhang et al., 2024).

Self-improvement without weight updates. Self-Refine iteratively critiques and revises outputs
without supervised training or RL (Madaan et al., 2023), and Reflexion introduces verbal reinforce-
ment with episodic reflective memory to guide future trials (Shinn et al., 2023). MemGrad inherits
the interpretability and parameter-free benefits of these approaches but abstracts across batches
of trajectories into structured gradients and writes them into a retrospective–prospective memory,
rather than refining single outputs or storing ad hoc reflections.

Acting, tools, and persistent state. ReAct interleaves chain-of-thought with environment actions
for grounded decision making (Yao et al., 2022); Toolformer self-learns API usage to calculators,
search, and other tools from few demonstrations (Schick et al., 2023). MemGPT implements OS-
style virtual context management with multi-tier memory and interrupts for long-horizon interaction
(Packer et al., 2023), while Voyager demonstrates open-ended lifelong learning with an automatic
curriculum and a transferable skill library (Wang et al., 2023). MemGrad is orthogonal to planning
and tools and instead makes improvements persistent by updating memory and prompts using batch-
abstracted textual gradients.

Multi-agent software engineering and orchestration. AgileCoder structures collaborative soft-
ware development into Agile-style sprints with specialized roles and a dynamic code-dependency
graph (Nguyen et al., 2025). MetaGPT encodes standardized operating procedures to guide role-
based collaboration (Hong et al., 2023), while ChatDev coordinates agents through staged processes
of design, coding, testing, and documentation (Qian et al., 2024). Beyond these workflow-oriented
systems, AgentNet explores decentralized coordination over a dynamically evolving DAG with
retrieval-based agent memories (Yang et al., 2025), and MAEL focuses on cross-task transfer by
maintaining per-agent experience pools containing high-reward exemplars (Li et al., 2025). Our
work is complementary to these approaches: MemGrad aims to distill patterns present in batches of
agent trajectories into textual gradients that update memory and prompts. In contexts such as Ag-
ileCoder, this enables role-specific retrospective and prospective cues in the agent’s memory. More
broadly, MemGrad offers a distinct mechanism for shaping agent behavior through aggregate feed-
back, without modifying the internal retrieval or coordination strategies of systems like MAEL or
AgentNet.

B EVALUATION SETUP

The evaluation process is conducted using both manual inspection and automated unit test cases to
ensure the correctness and reliability of the evaluation results. For each task, we run a method two
times using the same prompt, producing a program for each run. For each generated program, we
attempt to execute this program. If the program is executable, we evaluate it against all expected
requirements. The final score is determined by the percentage of requirements the program meets.
We present the games along with their corresponding requirements for both the training and test sets.

B.1 TRAIN SET

• Guess the Number

12
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Forward Backward Update

Forward: Textual Loss Given an optimizable variable x (e.g., a prompt or code snippet)
and output y = f(x), TextGrad defines:

L = tg.TextLoss(y, spec) (12)

Example loss output (schematic):
“The solution fails on edge cases (empty input, overflow). The algorithm is
O(n2) and may time out. Clarify invariants and handle the case when k is not
found.”

Backward: Textual Gradient TextGrad converts the critique into a textual gradient for x:

∂L

∂x
= ∇LLM(x, y, L) (13)

where ∇LLM denotes an LLM prompted to produce directional feedback. A minimal
gradient-prompt template is:

“Given variable x, output y = f(x), and critique L, describe precisely how x
should be modified to reduce L.”

Example gradient (schematic):
“Modify x to: (i) explicitly handle empty input and missing k; (ii) replace nested
loops with a prefix-balance method to achieve O(n); (iii) document the invariant
for balance.”

Update: Textual Gradient Descent TextGrad applies a rewrite update conditioned on the
textual gradient:

x(t+1) ← TGD.step

(
x(t),

∂L

∂x

)
(14)

Minibatch aggregation via tg.sum. For losses {Lb}Bb=1:

L = tg.sum(L1, . . . , LB) (15)

∂L

∂x
= tg.sum

(
∂L1

∂x
, . . . ,

∂LB

∂x

)
≈

{
∂L1

∂x

}
∥ · · · ∥

{
∂LB

∂x

}
(16)

Figure 7: Illustration of TextGrad’s forward textual loss (Eq. 12), backward textual gradient con-
struction (Eq. 13), and update via TGD (Eq. 14). Minibatch composition uses tg.sum (Eq. 15–16).

– Fixed integer range (e.g., 1–100)
– Deterministic secret number via seed
– Accept integer guesses within range only
– Reject invalid inputs without consuming attempts
– Feedback: higher / lower / correct
– Attempts consumed only on valid guesses
– Track remaining attempts
– Terminate on correct guess or attempt cap
– Reject inputs after termination

• Tic Tac Toe
– 3x3 board rendered each turn
– Accept moves as index or (row, col)
– Reject invalid or occupied cells without consuming turn
– Alternate turns with deterministic opponent
– Detect win (rows, columns, diagonals)
– Detect draw after 9 moves
– Terminate on win or draw

13
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– Reject inputs after termination
• Bulls and Cows (3-digit)

– Deterministic 3-digit secret with distinct digits
– Accept only valid 3-digit guesses with distinct digits
– Reject invalid guesses without consuming attempts
– Compute bulls (correct digit and position)
– Compute cows (correct digit, wrong position)
– Track attempts and remaining guesses
– Terminate on 3 bulls or attempt cap
– Reject inputs after termination

• 2048 (Move-Limited)
– Standard 4x4 grid
– Deterministic tile movement and merging
– Accept directions: up/down/left/right
– Reject invalid commands without consuming moves
– Seeded deterministic tile spawning
– Render grid after each move
– Terminate on win (2048), loss, or move cap
– Reject inputs after termination

• Minesweeper (Micro)
– Small grid (e.g., 6x6) with seeded mine placement
– Actions: reveal or flag
– Reject invalid actions without consuming moves
– Auto-expand zero cells
– Render board with hidden/flagged states
– Terminate on mine reveal or victory
– Enforce move cap
– Reject inputs after termination

• Hangman (Short Words)
– Seeded word list (4–6 letters)
– Deterministic word selection
– Accept single alphabetic letter guesses
– Reject invalid or repeated guesses
– Reveal all correct letter positions
– Track remaining lives
– Terminate on success or life exhaustion
– Reject inputs after termination

• Snake (Turn-Based Tiny)
– Small grid (e.g., 6x6)
– Deterministic snake and food placement
– Accept U/D/L/R commands
– Move snake each turn
– Detect wall and self-collision
– Grow snake and update score on food
– Terminate on collision or move cap
– Reject inputs after termination

• Chain Reaction (Tiny Grid)
– Small grid (e.g., 4x4)
– Track cell ownership and counters

14



ICLR 2026 Workshop: Memory for LLM-Based Agentic Systems

– Deterministic overflow propagation
– Alternate turns with deterministic opponent
– Reject illegal placements without consuming turn
– Detect win/loss by cell ownership
– Terminate on win, loss, or move cap
– Reject inputs after termination

• Othello (Small Board)
– 6x6 board with standard initial layout
– Validate moves in all 8 directions
– Flip captured discs deterministically
– Enforce forced pass if no legal moves
– Alternate turns with deterministic opponent
– Detect termination when no moves remain
– Compute final disc counts
– Reject inputs after termination

• Tetris (Turn-Based Micro)
– Small grid (e.g., 6x10)
– Deterministic tetromino sequence
– Accept movement and rotation commands
– Reject illegal moves or rotations
– Apply gravity each turn
– Lock pieces and clear full lines
– Detect top-out condition
– Terminate on top-out or move cap
– Reject inputs after termination

B.2 TEST SET

• Rock Paper Scissors (Best-of-5)
– Accept only rock, paper, or scissors (case-insensitive)
– Use seeded deterministic opponent moves
– Compute outcomes using standard rules
– Display per-round opponent move and result
– Maintain and display running scores
– Count ties as rounds without score change
– End early on reaching 3 wins
– End after exactly 5 rounds otherwise
– Print final result and scores
– Reject input after termination

• Coin Toss Predictor (Streak)
– Accept only H or T (case-insensitive)
– Generate flips deterministically from seed
– Increment streak on correct prediction
– Reset streak on incorrect prediction
– Track longest streak
– Show flip and correctness each step
– Terminate on target streak or move cap
– Print final summary
– Reject input after termination

• Dice Sum Guess
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– Accept integer guesses in range [2,12]
– Reject invalid inputs without using attempts
– Roll two dice deterministically
– Compare guess to true sum
– Return low, high, or correct
– Consume attempts only for valid guesses
– Terminate on correct guess or attempt cap
– Print end summary
– Ignore input after termination

• Word Scramble (Tiny)
– Use fixed list of 3–5 letter words
– Deterministically select and scramble word
– Display scrambled word
– Accept alphabetic full-word guesses only
– Reject wrong-length guesses without penalty
– Case-insensitive exact match
– Consume attempts only on valid guesses
– Reveal original word at end
– Reject input after termination

• Quiz Game (MCQ)
– Load fixed MCQ bank with one correct option
– Present questions in deterministic order
– Accept only A/B/C/D inputs
– Reject invalid input without advancing
– Provide immediate correctness feedback
– Increment score only on correct answers
– Advance exactly one question per answer
– Terminate after final question
– Print final score summary

• Flashcard Trainer
– Use predefined small deck
– Deterministic card order
– Accept string answers only
– Case-insensitive trimmed exact match
– Provide per-card feedback
– Advance after each valid answer
– Track correct/incorrect totals
– Terminate after last card
– Reject input after termination

• Nim (Take-Away)
– Initialize single pile (default 15)
– Accept removals in {1,2,3}
– Reject illegal removals without consuming turn
– Update pile size correctly
– Support solo or deterministic opponent
– Alternate turns in versus mode
– Declare winner correctly
– Terminate on zero pile or move cap
– Ignore input after termination
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• Lights Out
– Use 5x5 binary grid
– Deterministic initial configuration
– Accept valid (row,col) coordinates
– Reject out-of-bounds moves
– Flip cell and orthogonal neighbors
– Render grid after each move
– Track remaining moves
– Terminate on all lights off or move cap
– Reject input after termination

• Sudoku (4x4)
– Deterministic starting puzzle
– Accept (row,col,value) moves
– Reject moves on filled cells
– Enforce row, column, and subgrid constraints
– Count violations on invalid moves
– Update and render grid on valid moves
– Track remaining empty cells
– Terminate on completion or violation cap
– Ignore input after termination

• Connect Four (Turn-Capped)
– Use small grid (e.g., 6x7)
– Accept valid column indices
– Reject full-column moves
– Apply gravity correctly
– Alternate turns with deterministic opponent
– Detect wins in all directions
– Terminate immediately on win
– Terminate as draw on turn cap
– Reject input after termination

• Mastermind
– Fixed alphabet and code length 4
– Deterministic secret generation
– Accept valid-length guesses only
– Reject invalid guesses without attempt use
– Compute exact and partial matches
– Handle duplicates correctly
– Track remaining guesses
– Terminate on solve or guess cap
– Reveal code at end

• Battleship (Micro)
– Deterministic ship placement (sizes 2 and 3)
– Accept valid grid coordinates
– Reject repeated or invalid shots
– Resolve miss, hit, and sunk
– Track ship health
– Render fog-of-war grid
– Terminate when all ships sunk
– End on move cap if unsolved
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– Reveal layout after termination
• 8-Puzzle (Sliding)

– Deterministic solvable start state
– Accept U/D/L/R moves
– Reject illegal moves
– Swap blank with adjacent tile
– Render board after each move
– Track remaining moves
– Terminate on goal state
– End on move cap
– Ignore input after termination

• Checkers (Minimal Ruleset)
– Initialize 6x6 board
– Accept diagonal moves only
– Validate men and king movement
– Support single captures
– Promote to king on last rank
– Alternate turns with deterministic opponent
– Reject illegal moves
– Terminate on no moves or turn cap
– Ignore input after termination

• Caro (Gomoku Small Board)
– Use 9x9 board
– Accept valid placements
– Reject occupied or invalid cells
– Alternate turns with deterministic opponent
– Detect exact 5-in-a-row
– Render board after each move
– Terminate immediately on win
– End as draw on turn cap
– Ignore input after termination

• Text-Based Maze (Tiny)
– Deterministic maze layout
– Accept N/S/E/W commands
– Reject blocked or invalid moves
– Update position correctly
– Render position or map
– Track remaining steps
– Detect goal cell
– Terminate on success or step cap
– Ignore input after termination

• Sokoban (Micro Warehouse)
– Deterministic tiny level
– Accept N/S/E/W commands
– Allow pushing one box only
– Reject illegal pushes
– Update player and box positions
– Track boxes on targets
– Render grid after moves
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– Terminate on solve or move cap

– Reject input after termination

• Hex (Small Board)

– Use 5x5 hex grid

– Accept valid placements

– Reject occupied or invalid cells

– Alternate turns with deterministic opponent

– Check connectivity after each move

– Detect correct player win condition

– Terminate immediately on win

– End as draw on turn cap

– Ignore input after termination

• Chess Endgame Trainer (K+R vs K)

– Initialize K+R vs K positions

– Validate rook and king moves

– Prevent illegal or self-check moves

– Deterministic black replies

– Detect check, mate, and stalemate

– Optional 50-move rule

– Render board after each move

– Terminate on mate, stalemate, or cap

– Ignore input after termination

• Nonogram (5x5)

– Fixed row and column clues

– Start with unknown grid

– Accept valid marking commands

– Reject invalid coordinates

– Prevent basic contradictions

– Render grid after each move

– Track remaining moves

– Detect exact clue satisfaction

– Terminate on completion or move cap
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Mastermind: Additional Test Cases

import pytest
from mastermind_game import MastermindGame

def test_generate_code():
game = MastermindGame(seed=1)
assert game.secret_code == "BDAF"

def test_validate_guess():
game = MastermindGame()
assert game.validate_guess("ABCD") is True
assert game.validate_guess("AB") is False
assert game.validate_guess("ABXYZ") is False

def test_give_feedback():
game = MastermindGame(seed=1)
game.secret_code = "ABCD"
assert game.give_feedback("ABCD") == (4, 0)
assert game.give_feedback("ADEF") == (1, 0)
assert game.give_feedback("EFGH") == (0, 0)

def test_fixed_code_length():
game = MastermindGame()
assert len(game.secret_code) == 4

def test_secret_uses_fixed_alphabet():
game = MastermindGame(seed=1)
allowed = set("ABCDEF")
assert all(ch in allowed for ch in game.secret_code)

def test_deterministic_secret_generation_same_seed():
game1 = MastermindGame(seed=7)
game2 = MastermindGame(seed=7)
assert game1.secret_code == game2.secret_code

def test_deterministic_secret_generation_different_seed():
game1 = MastermindGame(seed=1)
game2 = MastermindGame(seed=2)
assert game1.secret_code != game2.secret_code

def test_reject_invalid_guess_without_attempt_use():
game = MastermindGame(seed=1)
before = game.remaining_guesses
assert game.validate_guess("AB") is False
assert game.remaining_guesses == before

def test_reject_invalid_alphabet_guess():
game = MastermindGame()
assert game.validate_guess("WXYZ") is False

Figure 8: Example unit test cases used for evaluation: We present representative unit tests for the
Mastermind game, illustrating how deterministic behavior, input validation, and feedback correct-
ness are verified during evaluation.

20



ICLR 2026 Workshop: Memory for LLM-Based Agentic Systems

Phase Name Participating Agent
1. ProductBacklogCreating Product Owner
2. ProductBacklogReview Product Owner

3. ProductBacklogModification Product Owner
4. SprintBacklogReview Product Owner

5. SprintBacklogModification Product Owner
6. SprintBacklogCreating Product Owner

7. NextSprintBacklogCreating Product Owner
8. SprintReview Product Owner

9. Coding Programmer
10. CodeFormatting Programmer

11. CodeReviewModification Programmer
12. CodeReviewComment Code Reviewer

13. TestingPlan Software Test Engineer

Table 1: Different phases in the AgileCoder framework and agents that function during that phase.
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Base Prompt

You are Programmer. we are both working at AgileCoder. We share a common interest in collaborating
to successfully complete a task assigned by a new customer. You can write/create computer software or
applications by providing a specific programming language to the computer. You have extensive comput-
ing and coding experience in many varieties of programming languages and platforms, such as Python,
Java, C, C++, HTML, CSS, JavaScript, XML, SQL, PHP, etc, Here is a new customer’s task: task.To
complete the task, you must write a response that appropriately solves the requested instruction based on
your expertise and customer’s needs.

TextGrad

Your task is to develop a robust, fully functional, and user-friendly implementation of the game Othello
(Reversi). The code should focus on providing an engaging experience for users while ensuring proac-
tive error handling and comprehensive documentation. Throughout development, you should actively
seek user feedback through structured methods such as surveys, interviews, and iterative playtesting, us-
ing these insights to refine gameplay mechanics, particularly help functionalities and user interactions.
A comprehensive help system must be implemented to clearly explain available commands and address
common user frustrations and input expectations, adapting dynamically over time based on user behav-
ior and newly introduced features. Help content should remain contextual, inclusive, and accessible to
users with diverse needs. Input handling must be robust, with a modular validation system independent of
core gameplay logic, ensuring only valid inputs are accepted while providing clear and constructive error
messages; repeated invalid actions should be logged to support continuous refinement of the user expe-
rience. Error handling should provide standardized, user-friendly guidance that helps players understand
and correct mistakes, while backend logging identifies recurring issues. The codebase should include
detailed comments explaining design choices, class responsibilities, and method usage, complemented
by a high-level architectural document outlining coding standards and best practices to ensure long-term
maintainability. A modular design philosophy should guide the structure of the system, breaking function-
ality into focused, reusable components that encourage scalability and follow established design patterns.
Development should follow a test-driven approach, incorporating unit, integration, and user acceptance
tests to ensure robustness across edge cases and real-world scenarios. User engagement can be enhanced
by incorporating interactive elements within the help system that evolve in response to user queries and
collected feedback. Accessibility considerations must be incorporated by adhering to WCAG guidelines,
using appropriate color contrasts and simple, clear language. The system should include mechanisms for
players to provide direct in-game feedback, enabling informed decision-making driven by actual user be-
havior. To support longevity, versioning should be maintained for help content and code practices, with an
emphasis on anticipating future user requirements and emerging technologies. Clear, measurable success
criteria—such as test performance, user satisfaction ratings, error rates, and feedback metrics—should be
defined to objectively evaluate implementation quality. Collaborative development practices, including
peer code reviews and pair programming, should be encouraged to promote shared ownership and early
detection of issues. Finally, performance optimization should be integrated throughout development to
ensure that the codebase remains efficient and responsive as the user base expands. Implementing these
guidelines will result in an Othello game that is not only functional and maintainable but also deeply
engaging and supportive for users, with a clean architecture, thorough testing, and a strong help system
aligned with best practices in software development and user interaction.

MemGrad

You are an advanced programming assistant tasked with building a turn-based, CLI-based game with an
engaging, user-friendly experience grounded in robust logic and defensive error handling. Begin by clar-
ifying goals and specs so inputs are handled cleanly and players receive immediate, contextual feedback
after each action. Structure the code with clear classes/modules and focused functions for setup, com-
mands, core rules, and any event or collision logic, and manage game state explicitly with deterministic
initialization, updates, resets, and tracking of scores/progress and entity positions. Design algorithms for
efficiency to avoid unnecessary work, especially in core loops and validation paths. Integrate testing from
day one—unit (plus integration or acceptance where useful) that covers normal flows and edge cases,
particularly around input handling. Maintain thorough docstrings and inline comments explaining each
class/function’s purpose, inputs, outputs, side effects, and core logic, alongside a concise architecture
overview and coding standards. Iterate regularly based on test outcomes and user feedback to refine me-
chanics and prompts, and present game state clearly in text with readable symbols, minimal flicker, and
accessibility-friendly choices (simple language, adequate contrast if using ANSI colors).

Figure 9: Optimization of system prompt for the Programmer agent: We present (A) the original
system prompt of the agent, (B) the prompt optimized using TextGrad, and (C) the prompt optimized
using MemGrad.
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Base Prompt

You are the Code Reviewer. We both work at AgileCoder and share a common goal of collaborating to
successfully complete a task assigned by a new customer. You can help programmers assess source code
for troubleshooting, fix bugs to improve code quality and robustness, and propose enhancements. Here
is the new customer’s task: task. To complete the task, write a response that appropriately addresses the
requested instruction based on your expertise and the customer’s needs.

TextGrad

You are the Code Reviewer. Furnish clear, actionable, and constructive feedback that fosters growth,
guarantees accuracy, and upholds integrity in your critiques of the submitted code.

MemGrad

You are the Code Reviewer. During the code review process, provide constructive and insightful feed-
back that strengthens the codebase. Your comments should be clear, specific, and actionable, focusing on
helping the programmer understand what to improve and why. Deliver feedback in a supportive and col-
laborative tone to encourage open communication, shared learning, and continuous improvement within
the team.

Figure 10: Optimization of system prompt for the Code Reviewer agent: We present (A) the
original system prompt of the agent, (B) the prompt optimized using TextGrad, and (C) the prompt
optimized using MemGrad.

Base Prompt

You are a Software Test Engineer. We are both working at AgileCoder and share a common interest in
collaborating to successfully complete a task assigned by a new customer. You can use the software as
intended to analyze its functional properties, design manual and automated test procedures to evaluate
each software product, build and implement software evaluation test programs, and run test programs to
ensure that testing protocols evaluate the software correctly. Here is the new customer’s task: task. To
complete the task, you must write a response that appropriately solves the requested instruction based on
your expertise and the customer’s needs.

TextGrad

You are a Software Test Engineer. We are both working at AgileCoder. You are currently in the Testing-
Plan phase. Your primary objective is to develop a comprehensive testing strategy that includes rigorous
evaluation procedures. Ensure that you address all necessary requirements and criteria to deliver a thor-
ough assessment of the project’s functionality and performance

MemGrad

As a Software Test Engineer at AgileCoder, I will create a structured testing plan that defines clear ob-
jectives, including verifying that the software behaves correctly, handles errors gracefully, and provides a
smooth user experience. The plan will outline measurable success criteria, such as meeting all functional
requirements, having no critical bugs, and ensuring that core features work reliably across different sce-
narios. I will also describe how test results will be documented, including logs of what was tested, any
issues found, and the final status of each test. This documentation will help the team make informed de-
cisions at every stage of development and ensure that all important aspects of testing—functional checks,
edge cases, usability, and stability—are fully covered.

Figure 11: Optimization of system prompt for the Software Test Engineer agent: We present
(A) the original system prompt of the agent, (B) the prompt optimized using TextGrad, and (C) the
prompt optimized using MemGrad.
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Base Prompt

You are the Product Owner. We are both working at AgileCoder and share a common interest in collab-
orating to successfully complete a task assigned by a new customer. AgileCoder uses Agile Scrum for
software development. You are responsible for maximizing the value delivered by the team by ensuring
that the team backlog is aligned with customer and stakeholder needs. Here is the new customer’s task:
task. To complete the task, you must write a response that appropriately solves the requested instruction
based on your expertise and the customer’s needs.

TextGrad

You are the Product Owner. To create a comprehensive and actionable product for the given user task
in the phase, you should explore the user’s motivations, emotions, and anticipated experiences for each
user story, clearly articulating intent, personas, and pain points. Each feature must have measurable goals
and acceptance criteria reflecting quantifiable outcomes such as engagement, error reduction, and satis-
faction. Break down each story into manageable subtasks with roles, responsibilities, edge cases, and
error-handling guidance. Write each backlog item in the user story format “As a [type of user], I want
[feature] so that [benefit].” Prioritize all items using a structured method and label them as High, Medium,
or Low based on expected user impact. Identify dependencies between tasks to improve planning and
workflow efficiency. Describe testing strategies for each task and outline how iterative feedback will be
integrated throughout development. Ensure accessibility considerations are included in each story and
design features that accommodate diverse abilities. Emphasize iterative development, using feedback to
continuously refine user stories and mechanics. Use visual story-mapping techniques to represent user
journeys and highlight important interactions. Maintain clear documentation of decisions and processes
to support transparency and knowledge sharing. Include tasks for post-sprint reviews to capture lessons
learned and promote continuous improvement. By following these guidelines, the resulting product back-
log will be user-centered, structured, actionable, and aligned with project objectives, enabling iterative
enhancements and improved user satisfaction.

MemGrad

You are the Product Owner. Create a comprehensive product for the task at hand, focusing on developing
a project that effectively meets user expectations and fosters an engaging game experience. Each back-
log item should include detailed user stories that outline features while elaborating on user motivations,
behaviors, and expectations. The user stories should emphasize interactive elements that enhance en-
gagement, such as dynamic visual cues or exciting gameplay mechanics at program launch, to build user
investment in the game. Incorporate measurable acceptance criteria for all items, defining success met-
rics such as user satisfaction and engagement rates to show how well features meet user needs. Outline
mechanisms for collecting user feedback throughout development to ensure the implementation remains
adaptable and aligned with real user experiences. Prioritize the backlog based on user value, categorizing
items as Must Have, Should Have, and Could Have, and recommend a structured method for ranking ur-
gency and importance based on potential user impact and gameplay flow. Consider diverse user pathways
that reflect different skill levels to ensure inclusivity and accommodate a wide range of players. This ap-
proach will enhance engagement and satisfaction while ensuring the overall development process remains
user-centered and inclusive, ultimately supporting a richer final game experience.

Figure 12: Optimization of system prompt for the Product Owner agent: We present (A) the
original system prompt of the agent, (B) the prompt optimized using TextGrad, and (C) the prompt
optimized using MemGrad.
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TextGrad

Your task is to develop a robust, fully functional, and user-friendly implementation of the game. The
code should focus on providing an engaging experience for users while ensuring proactive error handling
and comprehensive documentation. Key Requirements: Actively seek user feedback through structured
methods like surveys, interviews, and iterative playtesting throughout development, and use this feed-
back to refine gameplay mechanics, especially for help functionalities and user interactions. Implement
a comprehensive help system that clearly explains available commands and addresses potential user frus-
trations and input expectations, designing the help system to dynamically adapt based on user interactions
and learning from user queries over time. Create help content that resonates with user context, allowing
for seamless updates as new features are introduced, and ensure this content is inclusive and accessible,
accommodating diverse user needs. Develop a robust input validation system that is modular and inde-
pendent from gameplay logic, ensuring that only valid inputs are accepted while providing clear feedback
for any errors, and implement logging for repeated invalid actions to continually refine user experience.
Design user-friendly error messages that guide players in understanding mistakes, provide standardized
formats across the application for consistency, and incorporate error logging to help identify common user
frustrations. Include detailed comments in the code explaining class purposes, method usages, and design
decisions, and create a high-level document outlining architecture decisions, coding standards, and best
practices alongside traditional documentation to improve maintainability. Structure the code in a mod-
ular way, breaking functionality into focused classes and functions, and encourage the development of
reusable components with clear responsibilities, utilizing design patterns that facilitate future scalability
and enhancements. Adopt a test-driven development (TDD) approach, where comprehensive unit tests
are written alongside or before implementation, including integration and user acceptance tests to ensure
robustness against edge cases and real-world usage scenarios. Consider incorporating interactive elements
within the help system that evolve based on user queries and feedback, implementing feedback loops to
enhance user interaction capabilities. Ensure that your help content and gameplay are compliant with
WCAG (Web Content Accessibility Guidelines) to facilitate use by individuals with disabilities, imple-
menting color contrasts and simple language usage for better accessibility. Build mechanisms for users
to provide insights directly within the gameplay context, enabling developers to make informed decisions
based on actual player experiences and behaviors. Maintain versioning information for all aspects of the
help content and coding practices, and design with growth in mind by anticipating future user requirements
and emerging technologies to ensure lasting relevance. Define clear, measurable success criteria for func-
tionality and user experience, such as user ratings during playtests, acceptable error rates, and feedback
metrics, allowing for an objective evaluation of implementation quality. Foster a culture of collaboration
through regular peer code reviews and pair programming sessions, encouraging knowledge sharing and
early issue detection. Integrate performance considerations throughout the development process to ensure
that the codebase remains efficient and responsive as the user base grows. Implementing these guidelines
will ensure your game is not only functional and maintainable but also delivers a truly engaging and sup-
portive experience for users, with a well-organized codebase, thorough testing, and a help system that
reflects best practices in software development and user interaction.

MemGrad

The primary objective is to deliver an engaging and user-friendly experience while ensuring robust game
logic and well-engineered error handling. The implementation should accurately reflect the game re-
quirements, effectively handle user inputs, and provide immediate and informative feedback that supports
strategic gameplay. Error handling must be integrated throughout the system to manage unexpected inputs
or invalid states, with clear communication to the user whenever corrective action is needed. The code
should follow a modular structure with clearly defined classes and functions that handle game setup, user
commands, core game logic, and collision detection. Game state management must be explicit and well
organized, including proper initialization, resetting, and tracking of scores, snake position, and all relevant
variables. Performance considerations should guide design decisions, particularly in food spawning and
collision detection logic, to ensure smooth and efficient execution. A testing framework should be incor-
porated from the outset, with unit tests covering all major functionalities and edge cases, especially those
involving user input. Thorough inline documentation must accompany the code, explaining the purpose,
inputs, outputs, and internal logic of each component to support clarity and maintainability. Development
should follow an iterative approach informed by user feedback and testing results, enabling continuous re-
finement of gameplay mechanics. Although the game operates in a command-line environment, attention
should be given to clear and expressive visual representation of the game state to enhance user engage-
ment. By adhering to these principles, the resulting implementation will provide a high-quality, functional,
and user-centered turn-based experience.

Figure 13: Textual Gradient computed for Programmer agent using Backward Engine.
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Retrospective Memory

FEEDBACK

1. Vague error messages reduce traceability.

2. Weak input validation across entry points.

3. Sparse logs hinder defect diagnosis.

4. Help content is hard to access quickly.

5. Inconsistent guidance after invalid inputs.

6. Minimal feedback on near-correct commands.

Prospective Memory

FEEDBACK-RESOLUTION PAIRS

1. Vague error messages: [Standardize error format; add clear remediation hints]

2. Weak input validation: [Validate at boundaries; add negative tests]

3. Sparse logs: [Add structured logging for key actions and failures]

4. Hard-to-access help: [Streamline help display; link from prompts]

5. Inconsistent guidance: [Prompt next steps after invalid input]

6. Minimal feedback on near-correct commands: [Acknowledge partial validity; suggest exact
format]

Figure 14: Illustration of retrospective and prospective memory in the Code Reviewer agent.

Retrospective Memory

FEEDBACK

1. Command recognition issues causing failed interactions.

2. Unclear feedback after illegal moves.

3. Limited user interaction beyond exceptions.

4. Insufficient debugging information during playtesting.

5. Users confused by unclear command usage.

6. No feedback on partially valid commands.

Prospective Memory

FEEDBACK-RESOLUTION PAIRS

1. Command recognition issues: [Improve recognition and list allowed commands clearly]

2. Game flow and feedback: [Enhance messaging for illegal moves to guide users]

3. Limited interaction beyond exceptions: [Implement user-friendly error messages/screens]

4. Insufficient debugging information: [Embed logging for detailed errors during tests]

5. Unclear command usage: [Provide a concise help message with examples at start]

6. No feedback on partially valid commands: [Confirm help command and prompt the next action]

Figure 15: Illustration of retrospective and prospective memory in the Software Test Engineer
agent.
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Retrospective Memory

FEEDBACK

1. Onboarding lacks clear, concise instructions.

2. Early feedback loops are limited.

3. Errors do not reflect user context well.

4. Help content lacks quick-start examples.

5. In-game prompts are inconsistent across flows.

6. Accessibility cues are minimal.

Prospective Memory

FEEDBACK-RESOLUTION PAIRS

1. Onboarding clarity: [Provide a short quick-start guide at launch]

2. Early feedback loops: [Add lightweight prompts for user feedback]

3. Context-aware errors: [Tailor messages to user actions and next steps]

4. Help examples: [Include command examples and common scenarios]

5. Prompt consistency: [Unify tone and structure across prompts]

6. Accessibility cues: [Use simple language and clear visual/text cues]

Figure 16: Illustration of retrospective and prospective memory in the Product Owner agent.
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Gradient Calculation

BACKWARD ENGINE — GLOSSARY AND SYSTEM PROMPT

GLOSSARY OF TAGS

1. <LM SYSTEM PROMPT>: The system prompt for the language model.
2. <LM INPUT>: The input to the language model.
3. <LM OUTPUT>: The output of the language model.
4. <OBJECTIVE FUNCTION>: The objective of the optimization task.
5. <VARIABLE>: Specifies the span of the variable.
6. <ROLE>: The role description of the variable.

BACKWARD ENGINE SYSTEM PROMPT

You are part of an optimization system that improves a given text (i.e., the variable). You
are the gradient (feedback) engine. Your only responsibility is to give intelligent and
creative feedback and constructive criticism to variables, given an objective specified in
<OBJECTIVE FUNCTION> </OBJECTIVE FUNCTION> tags. The variables may be
solutions to problems, prompts to language models, code, or any other text-based variable.

Pay attention to the role description of the variable and the context in which it is used. You
should assume that the variable will be used in a similar context in the future. Only provide
strategies, explanations, and methods to change in the variable. Do not propose a new version
of the variable; that will be the job of the optimizer. Your only job is to send feedback and
criticism (compute “gradients”).

For instance, feedback can be in the form of “Since language models have the X failure
mode. . . ”, “Adding X can fix this error because. . . ”, “Removing X can improve the objective
function because. . . ”, “Changing X to Y would fix the mistake. . . ”, aimed at the downstream
objective. If a variable is already working well (e.g., the objective function is perfect, an evalu-
ation shows the response is accurate), you should not give feedback.

Figure 17: Backward engine system prompt for gradient calculation.

Retrieving feedback from retrospective memory

According to the new user’s task and our software designs:
1. Task: task
2. Modality: modality
3. Programming Language: language

As the assistant role, extract from the retrospective memory the most relevant feedback that can
help in performing this task.

Figure 18: Prompt for retrieving feedback from retrospective memory.
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Retrieving resolutions from prospective memory

According to the new user’s task and our software designs:
1. Task: task
2. Modality: modality
3. Programming Language: language

As the assistant role, based on the feedback extracted, retrieve the corresponding resolutions
from the prospective memory.

Figure 19: Prompt for retrieving resolutions from prospective memory.

Beta Tester

You are a CLI Beta-Tester.
You will be given:

• Game metadata including name, description, and requirements
• A brief summary of session memory
• The most recent terminal output since the last input
• The current raw prompt passed to the input function

Your task is to decide the next single line a user would type.
Output format:

• You may include one optional note line wrapped in note tags with a maximum of about
twenty words

• You must include exactly one action tag containing the final single line input
Rules:

• The action tag must contain only the next input with no additional commentary
• Follow the expected CLI input formats such as y or n, menu numbers, or row column

pairs
• Do not repeat inputs that have already failed
• If unsure, use safe navigation commands such as menu, back, help, or exit when ap-

propriate

Figure 20: Prompt used to instruct the Beta Tester on providing realistic, single-line inputs that
simulate natural player behavior during gameplay.
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Loss Computation

You have data collected from a Beta Tester running a program
1. Task: task
2. Modality: modality
3. Programming Language: language

As a Play Testing Analyst, evaluate the program by reviewing the code, the done undone tasks,
the test case summary, and the beta testing logs. Determine whether the requirements are satis-
fied. The requirements checklist in the logs may be incomplete, so cross-check the full trajec-
tory and use reasonable judgment to assess completeness and feasibility. Identify errors, abnor-
mal behavior, moments where the Beta Tester bot appears stuck, usability issues, or logical in-
consistencies. Reference specific examples from the logs, code, tasks, or testing summary.Your
output must:- Use declarative statements to describe issues. Use imperative statements to give
improvement instructions. Include no code. Overall execution quality rubric:

1. Severely broken or barely functional.
2. Major gaps or frequent failures.
3. Mixed; multiple missing or unstable parts.
4. Mostly correct; several issues.
5. Fully or nearly fully correct; minor issues.

Figure 21: Prompt for loss computation from a trajectory generated by the Beta Tester after playing
the game.

TextGradDecomposer

Extract feedback to resolution pairs from the paragraph and return JSON strictly as:

OUTPUT FORMAT

• pairs
– feedback ...
– resolution ...
– ...

RULES

1. Each feedback must have a concrete and actionable resolution that addresses it.
2. Exactly one resolution per feedback; choose the most actionable and specific if multi-

ple exist.
3. Use imperative voice for resolution; keep both feedback and resolution concise but

specific.
4. No markdown and no commentary outside the JSON payload.

Figure 22: TextGradDecomposer class designed to decompose loss into structured feed-
back–resolution pairs for optimization.
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RoleBasedAbstractor

You are abstracting multiple related issue to todo pairs into a single generalized pair. Return
structured output strictly as:
Name: Short theme title Abstract issue: A generalized and precise problem statement. If mea-
surable, include a key performance indicator. Abstract todo: One recommended plan that may
include steps and may reference an owner persona if useful. Tags: A list of optional taxonomy
labels.
Rules:

• Preserve the core intent across all examples and avoid vendor or tool specific con-
straints unless necessary.

• Keep the output testable, with acceptance conditions either implied or explicitly stated.
• Be concise, using one to three sentences each for the issue and the todo.

Figure 23: RoleBasedAbstractor class that abstracts role-based clusters of feed-
back–resolution pairs into a single representative issue and resolution.
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TextGrad

1. Secret code (for testing purposes):
FAAF

2. Enter your guess (or ‘help’ for in-
structions, ‘quit’ to exit): ABCD
Exact matches: 0, Partial matches:
1

3. Enter your guess (or ‘help’ for in-
structions, ‘quit’ to exit): DEFA
Exact matches: 0, Partial matches:
2

4. Enter your guess (or ‘help’ for in-
structions, ‘quit’ to exit): aaaa
Exact matches: 2, Partial matches:
0

5. Enter your guess (or ‘help’ for in-
structions, ‘quit’ to exit): ABCDE
Invalid input. Please enter exactly
4 characters from A to F.

6. Enter your guess (or ‘help’ for in-
structions, ‘quit’ to exit): 12
Invalid input. Please enter exactly
4 characters from A to F.

7. Enter your guess (or ‘help’ for in-
structions, ‘quit’ to exit): FAAF
Exact matches: 4, Partial matches:
0

8. Congratulations! You’ve guessed
the correct code.

MemGrad

1. Enter a seed for code genera-
tion (must be a non-empty string):
12345 Welcome to Mastermind!
You have 10 guesses to find the
code.

2. Enter your guess (4 characters
from A-F): ABCD
Exact matches: 0, Partial matches:
1

3. Enter your guess (4 characters
from A-F): GHIJ
Invalid guess: Input contains in-
valid characters. Only A, B, C, D,
E, F are allowed.

4. Enter your guess (4 characters
from A-F): aaaa
Exact matches: 0, Partial matches:
0

5. Enter your guess (4 characters
from A-F): ABCDE
Invalid guess: Input must be ex-
actly 4 characters long.

6. Enter your guess (4 characters
from A-F): EFEF
Exact matches: 1, Partial matches:
2

7. Enter your guess (4 characters
from A-F): EEEE
Exact matches: 1, Partial matches:
0

8. Enter your guess (4 characters
from A-F): FEFE
Exact matches: 2, Partial matches:
1

9. Enter your guess (4 characters
from A-F): EEEE
Exact matches: 1, Partial matches:
0

10. Enter your guess (4 characters
from A-F): FFFF
Exact matches: 2, Partial matches:
0

11. Enter your guess (4 characters
from A-F): FFEE
Exact matches: 2, Partial matches:
1

12. Enter your guess (4 characters
from A-F): FFFE
Exact matches: 3, Partial matches:
0

13. Game over! The secret code was:
DFFE.

Figure 24: Mastermind Game: We present the games played by the human evaluator for both the
TextGrad and MemGrad versions. The TextGrad version revealed the secret code at the beginning
of the game, even though it was meant to be inferred through gameplay.
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TextGrad

1. Welcome to the 4x4 Sudoku
Game!
1 . . 2
. . 1 .
. 1 . .
2 . . 1

2. Enter your move in the format
(row, col, value) or ‘help’ for
instructions: help
Invalid input format. Use
(row,col,value).
1 . . 2
. . 1 .
. 1 . .
2 . . 1

3. Enter your move in the format
(row, col, value) or ‘help’ for
instructions: 1,1,2
Invalid input format. Use
(row,col,value).
1 . . 2
. . 1 .
. 1 . .
2 . . 1

4. Enter your move in the format
(row, col, value) or ‘help’ for
instructions: (1,1,2)
Move accepted: (1, 1) → 2.
1 . . 2
. 2 1 .
. 1 . .
2 . . 1

5. Enter your move in the format
(row, col, value) or ’help’ for in-
structions: (5,5,1)
IndexError: list index out of range

MemGrad

1. Welcome to 4x4 Sudoku! Type
‘help’ for usage instructions or
‘exit’ to quit. Current Sudoku grid:
1 . . 3
. . 1 .
3 . . 1
. 2 . .

2. Enter a move (row,col,value) or
‘help’: help
Usage: Enter your move in the for-
mat (row,col,value) where row and
col are 0-indexed.
Example: (0,1,2) to place 2 at row
0, column 1. Type ‘exit’ or ‘quit’
to stop playing.

3. Enter a move (row,col,value) or
‘help’: (1,1,3)
Placed 3 at (1,1)
Current Sudoku grid:
1 . . 3
. 3 1 .
3 . . 1
. 2 . .

4. Enter a move (row,col,value) or
‘help’: (6,6,1) Error: Indices must
be within 0-3 and value must be
between 1-4.

5. Enter a move (row,col,value) or
‘help’: (0,1,4)
Placed 4 at (0,1)
Current Sudoku grid:
1 4 . 3
. 3 1 .
3 . . 1
. 2 . .

6. Enter a move (row,col,value) or
‘help’: (1,0,2)
Placed 2 at (1,0)
Current Sudoku grid:
1 4 . 3
2 3 1 .
3 . . 1
. 2 . .

7. Enter a move (row,col,value) or
‘help’: (3,0,4)
Placed 4 at (3,0)
Current Sudoku grid:
1 4 . 3
2 3 1 .
3 . . 1
4 2 . .

8. Enter a move (row,col,value) or
‘help’: exit
Thank you for playing!

Figure 25: Sudoku Game: We present the games played by the human evaluator for both the
TextGrad and MemGrad versions. The TextGrad version failed to handle the edge cases efficiently.
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Figure 26: Quantitative Result: We present the performance score computed from the proportion
of test cases successfully passed.
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Figure 27: Quantitative Result: We present the performance score computed from the number of
requirements satisfied during human gameplay.
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