


Motivation

1 Single-path 
methods are brittle

CoT/ReAct usually follow one 
autoregressive trajectory. In multi-
step tasks, early errors compound 
and alternatives are not compared.

2 Search alone is 
insufficient

ToT/RAP explore multiple reasoning 
chains, but rely mainly on internal 
LM knowledge or simulated 
dynamics, so real feedback is 
underused.

3
Agents need 
closed-loop 
planning

Interactive tasks need rollback, 
trial-and-error, evaluation, and 
reusable observations/rewards 
from previous attempts.

Core motivation LATS extends ReAct-style interaction into MCTS: it searches over candidate trajectories using 
external feedback, value estimates, and self-reflection to unify reasoning, acting, and planning.





FIGURE EXPLANATION

Figure Explanation: LATS Overview

1 Unified agent loop
The figure shows LATS connecting an LLM agent, an external environment, memory, evaluation/self-reflection, and tree 
search in one loop.

2 Search over actions and reasoning
The paper states LATS expands ReAct into a search over possible reasoning and acting steps, instead of following one 
reflexive trajectory.

3 Feedback-guided decision making
External observations/rewards, LM-powered values, and self-reflections guide MCTS toward the best node for the agent 
to execute.





TABLE EXPLANATION

Table Explanation: Related Work

1 What the columns mean
The table compares reasoning, acting, planning, self-reflection, and external memory across prompting and agent 
methods.

2 Most prior methods cover only part of the space
ReAct supports reasoning and acting but not planning; ToT and RAP support planning but not acting.

3 Positioning of LATS
LATS is marked as supporting all five columns; the paper describes it as the first work incorporating reasoning, acting, 
and planning.





FIGURE EXPLANATION

Figure Explanation: Six LATS Operations

1 MCTS-style search cycle
LATS repeatedly performs selection, expansion, evaluation, simulation, and backpropagation until the task succeeds or 
the budget is reached.

2 Evaluation guides exploration
Each new child node receives a value for selection and backpropagation; the value function combines an LM score and 
self-consistency.

3 Failure becomes future context
If a terminal trajectory fails, LATS generates a reflection and uses it as additional context for future trials.



Experiments



EXPERIMENT RESULTS

Results Interpretation: HotPotQA

1 Reasoning-only search improves EM
LATS (CoT) reaches 0.62 EM, above ToT 0.55 and RAP 0.60 in the reasoning-only HotPotQA setting.

2 Acting-based LATS is strongest
LATS (CoT + ReAct) reaches 0.71 EM; LATS (ReAct) reaches 0.63 EM, above ReAct, Reflexion, ToT(ReAct), and RAP(ReAct).

3 Paper's interpretation
The paper states that combining internal and external reasoning gives the highest performance, and adapting search to 
decision-making is non-trivial.





EXPERIMENT RESULTS

Results Interpretation: Programming

1 HumanEval: highest Pass@1
LATS reaches 83.8 Pass@1 with GPT-3.5 and 92.7 with GPT-4, the best values shown in Table 4.

2 MBPP: same pattern
On MBPP, LATS reaches 81.1 Pass@1, above RAP 71.4, Reflexion 70.0, ReAct 67.0, ToT 65.8, and CoT 54.9.

3 Paper's interpretation
The paper states that both search and semantic feedback are crucial, and external feedback is important for difficult 
reasoning tasks such as programming.





EXPERIMENT RESULTS

Results Interpretation: WebShop / Game of 24

1 WebShop: stronger exploration
LATS obtains 75.9 score and 38.0 SR. The paper says this indicates more effective exploration for the same number of 
iterations.

2 Training baselines are mixed
LATS has higher score than the listed training baselines; its SR is above IL/IL+RL, but below fine-tuning and expert.

3 Game of 24: pure reasoning gain
LATS (CoT) reaches 0.44 success rate, above RAP 0.40 and ToT 0.20; the paper links this to the value function with self-
consistency.





EXPERIMENT RESULTS

Results Interpretation: Ablation

1 All components matter
Full LATS (ReAct) reaches 0.63 EM, the best value in Table 8.

2 Reflection helps, but is not the only factor
Removing reflection lowers EM from 0.63 to 0.58, a 0.05 drop reported in the paper.

3 Search/value design is critical
DFS drops to 0.42 and removing the LM heuristic drops to 0.37; the paper states LM scoring is crucial for leveraging 
external feedback.





EXPERIMENT RESULTS

Results Interpretation: Cost / Efficiency

1 Higher accuracy at larger k
At k = 50, LATS reaches 0.61 HotPotQA accuracy, compared with RAP 0.54 and ToT 0.49.

2 Fewer nodes for successful search
At k = 50, LATS uses 66.65 nodes, fewer than RAP 70.60 and ToT 84.05.

3 Paper's interpretation
Across sampled trajectory budgets, the paper states LATS achieves the highest accuracy and lowest average 
nodes/states required for success.





Motivation
MOTIVATION

Motivation: AgentSquare

1

Manual designs do not scale

Agentic systems are often task-
specific, expert-designed, and hard to 
adapt to novel tasks.

2

Prior search misses modular 
reuse
Prompt or code search does not 
explicitly recombine useful modules 
from different agent designs.

3

Evaluation cost limits 
search
Large module spaces and real task 
testing make exhaustive agent search 
economically hard.

Core motivation MoLAS abstracts agents into Planning, Reasoning, Tool Use, and Memory; AgentSquare 
searches this modular space with evolution, recombination, and prediction.





FIGURE EXPLANATION

AgentSquare Overview

1 From diverse agents to modules
The figure shows task-specific agents being standardized into a reusable module pool.

2 Four module dimensions
The modular design space organizes agents into Planning, Reasoning, Tool Use, and Memory.

3 Search with feedback
AgentSquare evaluates candidate agents and uses the results to discover better module combinations.





FIGURE EXPLANATION

Modular Agent Design Space

1 Iterative workflow
Planning decomposes tasks; reasoning solves subtasks; tools and memory support trial-and-error execution.

2 Standard IO is central
Uniform input-output interfaces make modules interchangeable and extensible across prior agent designs.

3 Concrete search space
The paper abstracts 16 popular agents into 1050 possible module combinations.





FIGURE EXPLANATION

AgentSquare Search Framework

1 Two search operations
Module recombination mixes existing modules; module evolution creates task-tailored new modules.

2 Experience guides proposals
The LLM proposer uses task descriptions, module pools, and evaluated performance history.

3 Predictor reduces cost
A performance predictor scores recombined agents as an in-context surrogate before real evaluation.



Experiments



EXPERIMENT RESULTS

AgentSquare Main Results

1 Better than human designs
AgentSquare outperforms best-known human-designed agents across all six benchmark tasks.

2 Reported task gains
The paper reports gains of 14.1% WebShop, 26.1% ALFWorld, 20.5% SciWorld, and 30.6% M3Tool.

3 Search baselines are also lower
Under a fixed LLM token budget, AgentSquare also beats module, prompt, and agent-search baselines.





EXPERIMENT RESULTS

Search Trajectory

1 Steady improvement
On ALFWorld and WebShop, AgentSquare shows a steady convergence trajectory over search iterations.

2 Baselines plateau
The paper says random and Bayesian search lack direction, while OPRO has limited modification space.

3 Architecture insight
Annotated points show the discovered planning, reasoning, and memory choices as performance improves.





EXPERIMENT RESULTS

Evolution and Recombination Ablation

1 Full model is strongest
Across six GPT-4o tasks, the full AgentSquare row is higher than removing either core operation.

2 Recombination is critical
The paper states module recombination has larger impact because it expands the search space.

3 Evolution adds task-specific modules
Module evolution helps discover advanced modules tailored to the target task.





FIGURE EXPLANATION

Discovered ALFWorld Modules

1 Best agent mixes old and new
The paper's ALFWorld example combines Generative Agents memory with newly discovered TD and SF-ToT 
modules.

2 TD planning
TD decomposes tasks into subtasks with explicit temporal dependencies.

3 SF-ToT reasoning
SF-ToT generates and evaluates multiple paths, then adds self-reflection and self-improvement.





EXPERIMENT RESULTS

Performance Predictor Validation

1 Predictions track reality
Predicted performance closely aligns with actual tested performance across tasks and GPT-3.5/GPT-4o.

2 Used for recombination
The predictor serves as an in-context surrogate for evaluating newly recombined agents.

3 Cost motivation
For ALFWorld with GPT-4o, predictor evaluation costs about 0.025% of a full evaluation.





EXPERIMENT RESULTS

GPT-3.5 Ablation and Search Cost

1 Same ablation pattern
The GPT-3.5 appendix table again shows the full AgentSquare variant above both ablated variants.

2 Costs vary by domain
Table A.6 reports per-iteration costs and termination iterations across WebShop, ALFWorld, SciWorld, M3Tool, 
TravelPlanner, and PDDL.

3 Why prediction matters
High GPT-4o per-iteration costs motivate skipping unpromising candidates during search.





Motivation
MOTIVATION

Motivation: Multi-Agent Design

1

MAS design is coupled

Prompts define each agent's role, while 
topologies determine how agents 
interact and collaborate.

2

Prompt sensitivity 
compounds
In cascaded MAS, poor prompts can 
propagate errors, and direct prompt 
optimization becomes difficult.

3

Topology search alone is 
insufficient
The paper finds prompts are influential 
and beneficial topologies are only a 
small search-space fraction.

Core motivation MASS automates MAS design by interleaving local prompt optimization, pruned topology 
optimization, and global workflow prompt optimization.





FIGURE EXPLANATION

MASS Framework

1 Two spaces optimized
MASS searches both prompt optimization space and multi-agent design space.

2 Output is a complete MAS
The optimized design includes both an effective topology and optimized prompts for each agent type.

3 Customizable design space
The framework supports agent types such as aggregate, reflect, debate, summarize, tool-use, and custom agents.





FIGURE EXPLANATION

Three-Stage MASS Search

1 Prompt and topology variables
The search space includes instructions, exemplars, and configurable agentic building blocks.

2 Local to global
MASS first optimizes each block, then topology, then the whole workflow's prompts.

3 Conditioned stages
Each later stage uses the prompts or topology found by earlier stages.





ALGORITHM EXPLANATION

MASS Algorithm

1 Inputs define the search
The algorithm takes modules, workflows, prompt optimizer, evaluator, validation set, candidates, and budget.

2 Pruning by influence
It computes incremental influence and uses selection probabilities to prune topology dimensions.

3 Final workflow optimization
After choosing the best workflow, MASS runs workflow-level prompt optimization and returns the optimized MAS.





FIGURE EXPLANATION

MATH Optimization Trajectory

1 Stage 1 finds debate
Starting from zero-shot CoT, block-level optimization identifies debate as a strong topology.

2 Stage 2 changes the topology
Workflow topology optimization finds that aggregation with more parallel agents can outperform debate.

3 Stage 3 adapts prompts
Workflow-level prompt optimization discovers the best prompt conditioned on the selected topology.



Experiments



EXPERIMENT RESULTS

MASS Main Results

1 Best average performance
MASS reports the best average results on Gemini 1.5 Pro and Gemini 1.5 Flash.

2 Broad task coverage
The table covers reasoning, multi-hop long-context understanding, and coding tasks with task-specific metrics.

3 Why it matters
The paper attributes the gains to searching both prompt and topology design spaces.





EXPERIMENT RESULTS

Stage-Wise Ablation

1 Each stage adds value
The paper reports about +6% from 1PO over single-agent APO, +3% from 2TO, and about +2% from 3PO.

2 Pruning matters
The right-side ablation shows weaker HotpotQA results without prompt optimization or without pruning.

3 Supports local-to-global design
The ablation backs the staged strategy: optimize blocks first, then topology, then workflow prompts.





FIGURE EXPLANATION

Discovered Topologies

1 Task families differ
The paper observes debate helps multi-hop factual tasks, while self-consistency helps reasoning tasks.

2 Coding pattern
Coding tasks tend to share a reflection plus tool-use pattern.

3 Automatic search is still needed
Even within the same task family, best configurations differ, motivating automatic topology selection.





Motivation
MOTIVATION

Motivation: MAS-GPT

1

Manual MAS lack 
adaptability
Fixed collaboration structures and 
prompts require high effort and do not 
adapt to each query.

2

Adaptive search is expensive

Existing optimization methods often 
need multiple LLM calls and a 
validation set for each task.

3

MAS generation needs data

LLMs have limited knowledge of 
generating executable MAS, so query-
MAS pairs must be constructed.

Core motivation MAS-GPT reframes building MAS as generation: given a query, output executable MAS code in 
one inference after SFT on consistency-oriented query-MAS pairs.





FIGURE EXPLANATION

MAS-GPT Paradigm

1 Query-specific MAS
MAS-GPT takes a query and generates an executable MAS tailored to that query.

2 One inference
The figure contrasts manual MAS design with MAS-GPT generating MAS in a single LLM inference.

3 Main benefit
The paper frames this as improving adaptability while reducing human effort and inference cost.





FIGURE EXPLANATION

Unified MAS Code Representation

1 Forward function
The paper represents an MAS as a Python forward function that takes a query and returns an answer.

2 Agents as variables
Agent prompts are variables, LLM calls are function calls, and interactions are string concatenations.

3 Executable output
This representation makes generated MAS directly usable for processing the query.





FIGURE EXPLANATION

Data Construction and Training

1 Four construction steps
The pipeline builds query/MAS pools, evaluates pairs, selects pairs, and refines them before SFT.

2 Inter-consistency
Similar queries are paired with similar high-performing MAS so the model can learn generalizable patterns.

3 Intra-consistency
Refinement strengthens the relation between each query and its MAS before training.



Experiments



EXPERIMENT RESULTS

MAS-GPT Main Results

1 Best average over baselines
Using Llama-3-70B-Instruct as MAS driver, MAS-GPT is best on average over 10 baselines.

2 Reported margin
The paper states MAS-GPT outperforms the second-best method by 3.89% on average.

3 Generalization evidence
It performs well on both in-domain and out-of-domain benchmarks and is consistently above single agent.





EXPERIMENT RESULTS

Reasoning and Cost Comparisons

1 Stronger reasoning LLMs improve
With o1-preview, MAS-GPT improves over a single LLM by 13.34% in the paper's Figure 4(a).

2 More general than AFlow
MAS-GPT beats math-specific AFlow on MATH by 3.53% and generalizes better to other domains.

3 Low inference cost
It requires one 32B inference to build the MAS, while AFlow needs multiple proprietary LLM calls.





EXPERIMENT RESULTS

Dataset Construction Ablation

1 All three designs matter
The ablation tests inter-consistency selection, MAS adjustment Refine-A, and reasoning process Refine-R.

2 Selection has large impact
Replacing inter-consistency with random mapping causes an 8.39 absolute MATH drop.

3 Full design is best
The full row reaches the highest values shown: MATH 68.65, MMLU 78.38, and GPQA 37.62.





Motivation
MOTIVATION

Motivation: AVATAR

1

Tool-use prompting is brittle

Complex tasks need decomposition, 
tool selection, and synthesis, but 
prompt engineering is labor-intensive.

2

Prior optimizers miss tool 
strategy
Existing agent optimization often does 
not explicitly target tool usage or multi-
stage generalization.

3

Per-sample reflection is 
narrow
Single failed examples may not reveal 
systematic flaws across 
decomposition and tool combinations.

Core motivation AVATAR uses a comparator LLM to contrast positive and negative examples, producing holistic 
instructions that improve an actor's tool use.





FIGURE EXPLANATION

AVATAR Overview

1 Actor and comparator
The actor generates tool-using actions; the comparator analyzes successes and failures to update instructions.

2 Contrastive optimization
Positive and negative queries are contrasted to identify systematic tool-use flaws.

3 Deployment
The optimized actor and actions are then used directly on new queries.





FIGURE EXPLANATION

ReAct vs. AVATAR

1 ReAct failure mode
The paper says ReAct shows incomplete decomposition and suboptimal tool combinations.

2 Optimized action sequence
AVATAR decomposes the task, selects better tools, and combines scores with learned parameters.

3 New-query transfer
The example illustrates how optimized actions generalize to a new user query.





TABLE EXPLANATION

Method Capability Comparison

1 Four dimensions
The table compares self-improvement, memory, generalization, and holistic prompt generation for tool usage.

2 AVATAR covers all
AVATAR is marked as supporting all four capabilities.

3 Positioning
The comparison explains why the paper goes beyond fixed ReAct-style prompting and simple reflection.





FIGURE EXPLANATION

Comparator-Driven Instruction Updates

1 Positive vs. negative queries
The comparator contrasts queries where the actor performs well and poorly.

2 Holistic instructions
It generates instructions to improve decomposition, tool choice, and information incorporation.

3 Tool-use correction
The paper's example replaces an imprecise embedding match with LLM verification for better brand matching.



Experiments



EXPERIMENT RESULTS

STARK Retrieval Results

1 State-of-the-art retrieval
On Amazon, MAG, and Prime, AVATAR outperforms leading retrieval and agent baselines.

2 Reported average gains
The paper reports average improvements of 15.6% on Hit@1 and 9.5% on MRR.

3 Comparator matters
The ablation variant AVATAR-C is lower, showing the importance of comparator-generated instructions.





EXPERIMENT RESULTS

Flickr30K Entities

1 Best shown metrics
AVATAR reaches 42.4 Hit@1, 63.0 Hit@5, 79.2 Recall@20, and 52.3 MRR.

2 Relative gains
The row reports gains of 9.2%, 11.7%, 5.3%, and 13.0% over the best prior metric values.

3 Why batch contrast helps
The paper says Reflexion can overfit to specific images, while AVATAR uses batch-wise contrastive reasoning.





EXPERIMENT RESULTS

Optimization Dynamics

1 Agents improve during optimization
The paper reports validation improvements such as 35% to 75% on Amazon and 20% to 78% on MAG.

2 Memory encourages convergence
A memory bank stores past best-performing actions and helps the actor converge by the end of optimization.

3 High-level tool behavior
On Flickr30K, AVATAR develops actions such as IDF-based reweighting for phrase matching.





EXPERIMENT RESULTS

Question Answering Results

1 Consistent QA gains
AVATAR outperforms baselines on HotpotQA, ArxivQA, and ToolQA variants.

2 Largest ToolQA gains
The paper highlights 33.1% relative gain on SciREX-Hard and 25.0% on Agenda-Hard.

3 Interpretation
The gains are attributed to optimized prompts that improve context understanding across question types.





FIGURE EXPLANATION

Comparator Instruction Types

1 Three recurring categories
The paper groups comparator instructions into divide-and-conquer, tool differentiation, and parameter learning.

2 Measured over iterations
Occurrences are counted across 25 optimization iterations on Flickr30K Entities.

3 Tool-use focus
The examples show comparator instructions improving retrieval strategy, tool selection, and score synthesis.





EXPERIMENT RESULTS

Leave-Out Query Generalization

1 Human-generated leave-out queries
The appendix evaluates optimized actions on STARK queries that differ from the training queries.

2 Reported generalization gain
The paper reports an average 20.9% Hit@1 improvement on leave-out queries.

3 Conclusion
Comparator instructions are designed at the group level, which helps transfer to novel query patterns.


