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ABSTRACT

Large Language Model agents face fundamental challenges in adapting to novel
tasks due to limitations in tool availability and experience reuse. Existing ap-
proaches either rely on predefined tools with limited coverage or build tools from
scratch without leveraging past experiences, leading to inefficient exploration and
suboptimal performance. We introduce SMITH (Shared Memory Integrated Tool
Hub), a unified cognitive architecture that seamlessly integrates dynamic tool cre-
ation with cross-task experience sharing through hierarchical memory organiza-
tion. SMITH organizes agent memory into procedural, semantic, and episodic
components, enabling systematic capability expansion while preserving success-
ful execution patterns. Our approach formalizes tool creation as iterative code gen-
eration within controlled sandbox environments and experience sharing through
episodic memory retrieval with semantic similarity matching. We further propose
a curriculum learning strategy based on agent-ensemble difficulty re-estimation.
Extensive experiments on the GAIA benchmark demonstrate SMITH’s effective-
ness, achieving 81.8% Pass@1 accuracy and outperforming state-of-the-art base-
lines including Alita (75.2%) and Memento (70.9%). Our work establishes a foun-
dation for building truly adaptive agents that continuously evolve their capabilities
through principled integration of tool creation and experience accumulation.

Figure 1: SMITH architecture overview. Each agent rollout involves two nested loops: an inner
developer-tester loop for iterative code generation and debugging, and an outer planner loop for
sub-plan execution. ×k = 3 represents 3-path sampling with LLM-as-a-judge consensus voting.
Upon successful task completion, corresponding experiences are processed, embedded, and stored
for future learning and reuse.
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1 INTRODUCTION

The development of general AI assistants capable of tackling diverse, real-world tasks remains a
fundamental challenge in artificial intelligence. While Large Language Models (LLM) have demon-
strated remarkable reasoning capabilities, their application to complex problem-solving scenarios
is often limited by two critical bottlenecks: the availability of appropriate tools for task execution
and the ability to leverage past experiences for novel situations. Current approaches address these
challenges in isolation—tool learning frameworks like Toolformer (Schick et al., 2023) rely on pre-
defined tool collections with limited coverage, while recent tool creation methods such as Alita (Qiu
et al., 2025) generate tools from scratch without systematic reuse. Similarly, experience sharing ap-
proaches like Memento (Zhou et al., 2025) focus on cross-task memory transfer but lack integrated
tool creation capabilities. This fragmentation prevents agents from achieving the adaptive, cumula-
tive learning characteristic of human problem-solving, where tools are created, refined, and reused
across related tasks while successful strategies are systematically transferred to new domains.

We propose SMITH (Shared Memory Integrated Tool Hub), a unified cognitive architecture that
bridges this gap by seamlessly integrating dynamic tool creation with cross-task experience sharing
through a hierarchical memory framework. Drawing inspiration from cognitive architectures for
language agents (Sumers et al., 2023), SMITH organizes agent memory into procedural, seman-
tic, and episodic components, enabling systematic capability expansion while preserving successful
execution patterns across tasks. Our approach formalizes tool creation as an iterative code gen-
eration process within controlled sandbox environments, and experience sharing through episodic
memory retrieval with semantic similarity matching. To optimize learning efficiency, we introduce
a novel curriculum learning strategy based on agent-ensemble difficulty re-estimation that reranks
tasks according to agent-specific capability assessments rather than human annotations. This unified
framework enables agents to continuously evolve their problem-solving capabilities through prin-
cipled integration of tool creation and experience accumulation, establishing a foundation for truly
adaptive AI systems that can tackle the complexity and diversity of real-world challenges.

2 RELATED WORK

Multi-Agent Systems and General AI Assistants. Benchmarks like GAIA (Mialon et al., 2023)
evaluate general AI assistants through real-world questions requiring reasoning, multi-modality han-
dling, and tool-use proficiency. AutoAgent (Tang et al., 2025) democratizes development through
zero-code interfaces, OWL (Hu et al., 2025) enables cross-domain adaptation via hierarchical archi-
tectures, and AWorld (Yu et al., 2025) accelerates experience collection by 14.6× through distributed
infrastructure. These approaches establish foundations for scalable, general-purpose AI assistants.

Memory Architectures for Language Agents. Context window limitations have driven extensive
research into memory architectures for language agents. Building on memory networks (Weston
et al., 2014) and retrieval-augmented generation (Lewis et al., 2020), Sumers et al. (2023) estab-
lished theoretical foundations through Cognitive Architectures for LLM Agents, organizing agent
memory into working, episodic, semantic, and procedural memory hierarchies. Practical implemen-
tations include MemGPT (Packer et al., 2023) with OS-inspired virtual context management, Mem0
(Chhikara et al., 2025) with graph-based representations, and self-controlled frameworks (Wang
et al., 2023) achieving 77.1% accuracy with 91% lower latency. These advances enable persistent,
context-aware systems like Generative Agents (Park et al., 2023) and ReAct (Yao et al., 2022).

Tool Learning and Tool Creation. While tool learning utilizes pre-existing tools (Schick et al.,
2023), it requires human developers to design tools beforehand. Recent work shifted toward tool
creation, enabling autonomous tool generation at runtime. Early methods like CRAFT (Yuan et al.,
2024), CREATOR (Qian et al., 2023), and LATM (Cai et al., 2024) generated simple Python func-
tions but lacked system interaction capabilities. Advanced frameworks expanded these capabili-
ties: Wölflein et al. (2025) introduced ToolMaker for transforming scientific repositories into LLM-
compatible tools, while Qiu et al. (2025) proposed Alita achieving 75.15% on GAIA through “mini-
mal predefinition and maximal self-evolution” using Model Context Protocols. The key innovation,
emerging from frameworks like SmolAgent (Roucher et al., 2025), is the ability to save and cache
generated tools, forming closed-loop systems where successful tools become reusable assets.
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Experience Sharing. Parameter-based methods like AWorld (Yu et al., 2025) and WebShaper (Tao
et al., 2025) employ supervised fine-tuning followed by reinforcement learning but suffer from un-
clear memory hierarchies and inability to perform continual learning during inference. Memory-
based approaches address these limitations by storing task execution memories as episodic traces
without parameter modifications. Zhou et al. (2025) introduced Memento with Memory-augmented
Markov Decision Process (M-MDP) achieving 87.88% Pass@3 on GAIA, Li et al. (2025) proposed
MAEL for multi-agent cross-task experiential learning, and Yang et al. (2024) developed CoPS with
pessimism-based experience selection. As noted in cognitive architectures (Sumers et al., 2023), ex-
perience sharing manages episodic memory through embedding-based retrieval systems with struc-
tural commonalities to memory management frameworks.

3 METHOD

3.1 FORMALIZATION OF DYNAMIC TOOL CREATION

We formalize the dynamic tool creation process as an interactive code generation and refinement pro-
cedure within a controlled execution environment. This formalization captures the iterative nature
of tool development, where agents continuously write, test, debug, and refine code until successful
tool implementation is achieved.

Sandbox Environment and Agent Interaction. We define a python sandbox execution environ-
ment ⟨E ,exec,feedback⟩ where E represents the current environment state, exec : E × C →
E ×O executes code C and returns updated state and output O, and feedback : O → F provides
structured error or success feedback F . Let agent a represent the code-writing entity that interacts
with environment through an iterative debugging loop. At each iteration t, the agent maintains code
ct and receives feedback ft from the sandbox environment.

Interactive Tool Creation Process. Given a task specification τ , the tool creation process unfolds
as an iterative refinement sequence

ct+1 = agent(ct, ft, τ, Ccode) (1)
where Ccode = {(ct−1, ft−1), (ct−2, ft−2), . . .} represents contextual memory containing historical
code-feedback pairs, debugging patterns, and successful implementation trajectories from previous
iterations. The process continues until the sandbox environment returns successful feedback

ft = feedback(exec(Et, ct)) ∈ {✓, et} (2)
When ft = et, the agent analyzes the error et and generates refined code ct+1. This debug-and-
refine cycle continues until ft = ✓. Upon successful execution, typically the code cdone undergoes
encapsulation to form a tool, or from a more comprehensive perspective, it can be formalized as a
tool creation memory episode where the concept of tool is dissolved into past action execution

T = {cdone, (c0, E0, f0)...(cdone, Edone,✓)} (3)
where (c0, E0, f0) → (cdone, Edone,✓) captures the complete debugging trajectory. The tool reposi-
tory T evolves dynamically as T← T ∪ {T}, enabling future tool reuse and composition.

3.2 FORMALIZATION OF CROSS-TASK EXPERIENCE SHARING

We formalize cross-task experience sharing through an episodic memory framework that enables
agents to leverage previous successful execution patterns with semantically similarity. We establish
the following assumption with T = {τ1, τ2, . . . , τn} denoting the task universe.

Assumption 1 (Semantic Task Similarity) Two tasks τi, τj ∈ T are considered semantically sim-
ilar if their problem structures and solution requirements exhibit similar patterns in semantic space,
as measured by the similarity of their embedding representations Φ(τi) and Φ(τj). Formally, we
define semantic similarity as sim(Φ(τi),Φ(τj)) > θ for some threshold θ. Tasks satisfying this
similarity criterion enable transferability of execution experiences across these tasks.

Each agent j maintains its own episodic memoryM(j)
ep = {e(j)1 , e

(j)
2 , . . . , e

(j)
k }, where each experi-

ence encapsulates a complete trajectory

e
(j)
i = {τl, (s0, a0)...(sdone, adone)} (4)
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where st represents the agent’s observation state at step t (including task context, current progress,
and environmental feedback), and at denotes the action taken (e.g., code generation, tool invocation,
or sub-plan decomposition).

We then define abstraction function Φ : e
(j)
i → mi that varies by action space, where code writing

actions require summarization before embedding, while planning agents perform intention decom-
position and augmentation on proposed plans (details in Sec. 4).

Experience Retrieval and Policy Enhancement. Given current task τ and state st, agent node j
retrieves top-k experiences via similarity scoring

r(e
(j)
i , τ, st) = ⟨Φ({τ, (st, ·)}),mi⟩ (5)

The top-k experiences are retrieved as

mt = TopK
e
(j)
i ∈M(j)

ep
r(e

(j)
i , τ, st) (6)

and actions are sampled as at ∼ π(τ ⊕ st ⊕mt).

Memory Update and Experience Accumulation. Upon successful task completion, the complete
execution trajectory is added to the agent’s episodic memory repositoryMep, with the corresponding
semantic representation computed via the abstraction function Φ for efficient future retrieval.

The formulation in Eq. 4 exhibits structural duality with tool creation framework from Sec. 3.1.
When action at corresponds to code segment ct, Eq. 4 and Eq. 3 demonstrate fundamental equiva-
lence, which motivates us to construct a unified framework from a holistic perspective.

3.3 UNIFIED COGNITIVE MEMORY ARCHITECTURE

Existing agent development approaches fail to integrate tool creation and experience sharing due
to inadequate memory management frameworks. Current methods either rely on predefined tool
collections with limited coverage or build tools from scratch, which is computationally expensive
and restricts exploration (Qiu et al., 2025). We propose a unified cognitive architecture, namely
SMITH (Shared Memory Integrated Tool Hub), that seamlessly integrates dynamic tool creation
with cross-task episodic learning.

Hierarchical Memory Organization. Drawing inspiration from cognitive architectures for lan-
guage agents (Sumers et al., 2023), SMITH organizes agent memory into a structured hierarchy that
enables modular agent design and sophisticated decision-making procedures

M = {Mproc, {Msem,Mep}} (7)
where each memory component serves distinct but complementary functions in the agent’s rea-
soning process. Procedural Memory (Mproc) encapsulates the agent’s fundamental operational
knowledge, including system prompts, behavioral guidelines, and the implicit knowledge encoded
in LLM parameters Θ. This memory component remains relatively static and provides the founda-
tional reasoning capabilities that guide agent behavior across all tasks. Semantic Memory (Msem)
contains externally provided knowledge and demonstrations, including human-crafted tool exam-
ples, transfer learning experiences from related task domains, and initial few-shot demonstrations.
This memory serves as the bridge between human expertise and agent capabilities, providing high-
quality starting points for tool creation and task execution. Episodic Memory (Mep) stores online
task execution experiences as formalized in Sec. 3.2, enabling continuous learning and adaptation
through accumulated problem-solving patterns.

The overall memory-augmented decision process integrates all memory components through a uni-
fied retrieval and application mechanism

at ∼ π(τ ⊕ st ⊕ Retrieve(Msem ∪Mep, τ, st) | Mproc) (8)
where Retrieve accesses bothMep andMsem repositories using consistent similarity-based scor-
ing, andMproc provides the foundational reasoning context. Note that SMITH applies not only to
coding agents that create executable tools, but also to higher-level entities such as planning agents
whose actions consist of sub-intentions and strategic decompositions.

Unified Memory Integration. Both semantic and episodic memories maintain equivalent granular-
ity with dense embedding representations m, enabling seamless integration within a unified retrieval
framework that supports elegant scalability and modular agent development.
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3.4 MODEL-BASED DIFFICULTY RE-ESTIMATION FOR CURRICULUM LEARNING

The unified memory architecture in SMITH naturally motivates a curriculum learning approach.
Since agents can retrieve experiences from semantically similar prior tasks, we hypothesize that
strategic task ordering can maximize the effectiveness of cross-task experience transfer.

Assumption 2 (Task Dependency for Curriculum Learning) For any task τi ∈ T , there exists
a finite set of prerequisite tasks P(τi) = {τj1 , τj2 , . . . , τjk} ⊆ T such that successful completion
of tasks in P(τi) significantly improves the agent’s performance on τi through episodic memory
retrieval. The optimal curriculum ordering respects these dependency relationships.

Proxy Agent Ensemble for Difficulty Re-estimation. We propose an agent-based difficulty re-
estimation approach using lightweight proxy agents with diverse architectural biases. Given dataset

D = {(τi, yi, d(H)
i )}Ni=1

where d
(H)
i ∈ {1, 2, . . . , L} represents human-annotated difficulty levels, we deploy a collection

of proxy agents {α1, α2, . . . , αK} with complementary statistical properties to predict fine-grained
difficulty distributions over an expanded L′-level space where usually L′ ≥ L. Each proxy agent αk

predicts difficulty distributions

d̂
(k)
i = αk(τi), d̂

(k)
i ∈ ∆L′−1 (9)

where ∆L′−1 denotes the (L′ − 1)-dimensional probability simplex. We elaborate the implementa-
tion details of proxy agents αk and the expanded difficulty scale L′ in Section 4.

Ensemble Consensus and Reranking. We aggregate predictions through weighted consensus

d̂i =

K∑
k=1

wkd̂
(k)
i (10)

where weights wk are determined by each proxy agent’s validation prior. The ensemble predictions
enable agent-specific task reranking based on re-estimated difficulty levels. At each curriculum step,
we dynamically select the next batch of tasks

Tnext = {τi ∈ T : d
(re)
i ≤ d ∧ τi /∈ Tdone} (11)

where d
(re)
i = argmaxl d̂i[l] represents the re-estimated difficulty for task τi, and d increases adap-

tively based on recent success rates. This approach effectively reranks the original task set T accord-
ing to agent-specific capability assessments rather than human annotations. While our curriculum
learning operates in a training-free manner based on episodic memoryMep (essentially a cold-start
approach), the proposed algorithm is equally applicable to post-training curriculum construction for
fine-tuning scenarios.

4 IMPLEMENTATION

Task Set T . We select the GAIA benchmark (Mialon et al., 2023) as our primary task set, compris-
ing 165 carefully curated validation tasks τi with human-annotated difficulty levels L = 3 (Level 1,
2, 3). The corresponding test set contains 300 i.i.d. samples for final evaluation.

Workflow Agent A. Following the success of workflow-based agents in Hu et al. (2025) and Zhu
et al. (2025), we design a multi-agent workflow that mimics human research team dynamics. As
shown in Fig. 1, SMITH employs specialized sub-agents: (1) a planner for task decomposition
and sub-intent generation, and (2) a developer-tester inner loop implementing the formalization
in Sec. 3.1, where the developer generates code and the tester provides structured feedback via the
feedback within a Python sandbox (exec). The planner and developer-tester outer loop in teract
iteratively until task completion. Detailed procedural promptsMproc are provided in App. D.

Multi-Path Sampling with LLM-as-a-Judge. Advances in self-verification and self-correction
have demonstrated significant improvements in reasoning tasks (Shinn et al., 2023; Chen et al.,
2025). Multi-path sampling combined with LLM-based evaluation has proven particularly effective,
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with AWorld (Yu et al., 2025) reporting average improvements of 10% for 3-path sampling and 20%
for 10-path sampling on GAIA. Following Chai et al. (2025); Yu et al. (2025), we employ 3-path
sampling with independent LLM-as-a-judge consensus scoring for enhanced reliability. We select
three advanced base models, claude-4-sonnet, claude-3.7-sonnet, and gpt-4.1 to
ensure robust performance validation, using high temperature sampling (≤ 1.0) to increase token
entropy and promote exploratory behavior. For final judgment, we utilize the reasoning-capable
o4-mini as the evaluation source. During trajectory summarization, we implement a lookback
window of 5 state-action pairs from (sdone, adone) to ensure unbiased critic evaluation.

Semantic Memory Msem. SMITH employs two complementary strategies for semantic memory
initialization: (1) Pre-constructed Tool Injection providing manually crafted tools to reduce initial
exploration variance and mitigate trial-and-error costs in early rollouts (detailed tool specifications in
App. C.1 and C.2), and (2) Cross-Domain Cold-Start leveraging transfer learning from structurally
similar tasks to achieve aligned memory warm-up. Following established transfer learning practices,
we curate high-quality samples from the WebShaper dataset (Tao et al., 2025) through systematic
filtering and manual selection to enable smooth capability bootstrapping across task domains.

Memory Abstraction and Retrieval. We implement dense-sparse hybrid retrieval (Lewis et al.,
2020) with agent-specific repositories for each sub-agent. The abstraction function Φ transforms
episodic experiences into structured embeddings: trajectories are segmented via markdown head-
ers for manageable chunks, while code memories undergo summarization to reduce implementa-
tion noise. For retrieval, we employ text-embedding-3-large for dense embeddings and
Splade PP en v2 (Damodaran, 2024) for sparse representations, combining results via Recipro-
cal Rank Fusion (Cormack et al., 2009) to select top-k candidates. We set semantic memory search
limits to 3 and episodic memory limits to 4 for the planner and 6 for the developer.

Curriculum Learning. We employ proxy agents as defined in Sec. 3.4, Plan-Execute agents
(Roucher et al., 2025) as α1 with high bias from predetermined decomposition, and ReAct agents
(Yao et al., 2023) as α2 with high variance from interactive cycles. We execute both on GAIA for
posterior difficulty re-estimation, expanding from 3 to L′ = 4 refined categories. Fig. 2 shows the
re-estimated distribution exhibits linear decline with difficulty, aligning with curriculum learning
principles (Bengio et al., 2009) that advocate fewer hard examples for stable progression.

5 EXPERIMENTS

Main Results. As shown in Table 1, SMITH achieves 81.8% Pass@1 accuracy on the GAIA valida-
tion set, establishing a new state-of-the-art performance. This represents substantial improvements
over previous methods: +6.6% over the best tool creation approach Alita (75.2%), and +10.9%
over Memento (70.9%), the leading experience sharing method. Notably, SMITH demonstrates
consistent superiority across Level 1 and Level 2 tasks, achieving 94.3% on Level 1 tasks (+5.6%
over AWorld’s 88.7%) and 80.2% on Level 2 tasks (+2.3% improvement). On Level 3 tasks, SMITH
achieves 61.5% performance, competitive with Memento’s 61.5% but trailing Alita’s leading 65.4%.
The performance gains are particularly significant when compared to approaches that focus on sin-
gle aspects of our framework. Multi-agent systems with traditional tool and memory (WebShaper,
AutoAgent, OWL) achieve 53.3%-77.6% Pass@1, while pure Python interpreter approaches with-
out tool reuse (SmolAgents, OAgents) reach 49.7%-66.7%. This demonstrates the effectiveness of
integrating both tool creation and experience sharing within a unified cognitive architecture.

Multi-Path Sampling and LLM-as-a-Judge Effectiveness. We evaluate our multi-path sam-
pling strategy with LLM-based consensus scoring. As shown in Table 2, individual models
achieve varying performance: claude-4-sonnet (78.8%), claude-3.7-sonnet (70.9%),
and gpt-4.1 (67.9%). Our self-critic ensemble achieves 81.8% Pass@1, outperforming the best
individual model by +3.0%. This demonstrates that LLM-as-a-judge consensus effectively leverages
complementary model strengths, with consistent improvements across all difficulty levels (+1.8%
Level 1, +3.5% Level 2, +3.8% Level 3). App. B shows LLM-as-a-judge superiority over majority
voting through a representative example.

Curriculum Learning with Agent-Based Difficulty Re-estimation. We evaluate our curriculum
learning approach based on proxy agent ensemble difficulty re-estimation. As shown in Fig. 2, our
method transforms the original 3-level GAIA difficulty distribution into a more balanced 4-level
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Table 1: Performance comparison on GAIA benchmark validation set. SMITH achieves state-of-the-
art 81.8% Pass@1 accuracy, outperforming both tool creation approaches (75.2%) and experience
sharing methods (70.9%). Notation: ♯ indicates Claude-series models, ♭ denotes OpenAI models, †
represents supervised fine-tuned models. Best results in bold, second-best underlined.

Agent Name Pass@1 Pass@3 Level 1 Level 2 Level 3
Multi-Agents w. Tool + Memory

WebShaper-32B† (Tao et al., 2025) 53.3 61.2 69.2 50.0 16.6
AutoAgent♯ (Tang et al., 2025) 55.2 - 71.7 53.4 26.9
OpenDeepResearch♭ (AI, 2024) 55.2 - 67.9 53.5 34.6
TapeAgents♯ (Bahdanau et al., 2024) 55.8 - 71.7 53.5 30.8
OWL♯ (Hu et al., 2025) 69.7 - 84.9 67.4 42.3
Manus♯♭ (Liang et al., 2025) 73.9 - 86.5 70.1 57.7
MiroFlow♯ (Team, 2025) 74.5 82.4 - - -
AWorld† (Yu et al., 2025) 77.6 - 88.7 77.9 53.9

w. Python Interpreter (w.o. Tool Reuse)

SmolAgents♭ (Roucher et al., 2025) 49.7 - 54.7 53.5 26.9
OAgents♯ (Zhu et al., 2025) 66.7 73.9 83.0 74.4 53.9

w. Tool Creation

Alita♯♭ (Qiu et al., 2025) 75.2 87.3 77.4 76.7 65.4
w. Experience Sharing

Memento♭ (Zhou et al., 2025) 70.9 87.9 77.4 69.8 61.5

SMITH (Ours)♯♭ 81.8 - 94.3 80.2 61.5

Table 2: Individual base model performance vs. ensemble with self-critic. The ensemble approach
consistently outperforms individual models across all difficulty levels, demonstrating the effective-
ness of multi-path sampling with LLM-as-a-judge consensus.

Base Model Pass@1 Level 1 Level 2 Level 3
claude-4-sonnet 78.8 92.5 76.7 57.7
claude-3.7-sonnet 70.9 86.8 66.3 53.8
gpt-4.1 67.9 90.6 60.5 46.2

w. Self-Critic 81.8 94.3 80.2 61.5

curriculum, addressing the issue of Level 2 sample concentration (originally the most populous cat-
egory) and creating a linearly decreasing difficulty progression that aligns with curriculum learning
principles. The ablation study in Table 3 demonstrates that curriculum learning contributes sig-
nificantly to overall performance, with removal leading to a substantial -10.3% drop (from 81.8%
to 71.5%). This validates hypothesis in Assumption 2 that strategic task ordering based on agent-
specific capability assessments enhances cross-task experience transfer effectiveness.

Memory Evolution and Tool Creation Patterns. Fig. 4 reveals the temporal evolution of mem-
ory utilization patterns across both planner and developer agents during task execution. As the
curriculum progresses, we observe a systematic shift from semantic memory (human-crafted tools)
toward episodic memory (agent-created tools and subplans), with the ratio increasing from near-
zero to saturation. This demonstrates that embedding-based similarity matching increasingly favors
agent-generated experiences over human demonstrations, as these self-created tools and planning
strategies prove more contextually relevant to the specific task patterns encountered.

7
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Figure 2: Confusion matrix showing
the transformation from original GAIA
difficulty levels to our agent-based re-
estimated difficulty distribution.

Figure 3: Ablation study. Each component con-
tributes substantially to SMITH’s performance: cur-
riculum learning (+10.3%), episodic memory sharing
(+13.9%), and cold-start demonstrations (+21.8%).
Notably, removing episodic memory sharing causes
significant performance degradation, while eliminat-
ing cold-start demonstrations also results in sub-
stantial performance drops. The cumulative effect
demonstrates the importance of integrating all com-
ponents within SMITH.

Ablations Pass@1
SMITH 81.8

w.o. Cirriculum Learning 71.5 (∆-10.3)
w.o. Episodic Memory Sharing 67.9 (∆-13.9)
w.o. Cold Start Demonstration 60.0 (∆-21.8)

This evolution pattern suggests both promising capabilities and potential concerns. On the positive
side, agents successfully learn to create and reuse effective tools, demonstrating genuine capability
expansion through experience accumulation. However, the gradual displacement of human-crafted
demonstrations raises questions about long-term dependency on model-generated content. Initially,
agent-created tools represent beneficial extensions and adaptations of human examples, but as these
self-generated tools become increasingly preferred in retrieval, the system may drift toward model-
specific biases and lose the grounding provided by human expertise.

Figure 4: Evolution of memory utilization across curriculum difficulty levels. We randomly sample
12 successful tasks for visualization clarity. With planner retrieving m = 4 and developer retrieving
n = 6 memory fragments, darker squares represent agent-created tools and self-generated subplans
(episodic memory), while lighter squares indicate recalls of human-crafted tools (semantic memory).

Episodic Memory Clustering. To understand the semantic organization of accumulated experi-
ences, we apply t-SNE clustering to both episodic memory repositories. As shown in Fig. 5, distinct
thematic clusters emerge with clear functional boundaries. For developer-created tools, the largest
cluster consists of information searching and fetching utilities, primarily implemented through web
scraping and HTTP requests. The second major cluster encompasses file I/O operations including
local storage and parsing tools. Smaller clusters represent specialized functionalities such as browser
automation with GUI interactions and multimodal audio-video processing scripts. In contrast, plan-
ner memory clustering reflects higher-level task intentions: information retrieval, document Q&A,
mathematical reasoning, and logical inference patterns. This clustering analysis provides empirical
evidence for our theoretical framework.
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Figure 5: t-SNE visualization of episodic memory clustering in embedding space. We sample
N = 30 to 150 subtask decompositions and M = 200 to 5000 created tools across curriculum
progression. Different colors represent distinct clusters with clear thematic patterns, as shown in the
right-side labels.

6 FUTURE WORK

Several promising directions emerge from our work. First, enhanced error utilization could treat
failures as negative samples for learning. Rather than relying on parameter fine-tuning, we envi-
sion developing verifier-based error attribution systems that construct feedback-rich prompts from
failure patterns, enabling agents to learn from mistakes without architectural modifications. Sec-
ond, broader evaluation across agentic benchmarks would strengthen our findings. While GAIA
provides a comprehensive testbed for general AI capabilities, validating SMITH on diverse task do-
mains such as scientific reasoning, creative problem-solving, and multi-modal interactions would
demonstrate its generalizability. Third, advanced tool ecosystem integration presents exciting
opportunities. Incorporating state-of-the-art Model Context Protocol (MCP) tools and developing
more sophisticated pre-constructed tool libraries could significantly enhance SMITH’s initial capa-
bilities and reduce cold-start overhead. These directions collectively point toward building more
robust, adaptable, and broadly capable AI agents that can seamlessly integrate human expertise with
autonomous learning.

7 CONCLUSION

We introduce SMITH (Shared Memory Integrated Tool Hub), a unified cognitive architecture that
addresses fundamental limitations in current agent development by seamlessly integrating dynamic
tool creation with cross-task experience sharing. Through hierarchical memory organization in-
spired by cognitive architectures, SMITH enables agents to systematically expand their capabilities
while preserving successful execution patterns across diverse tasks. Our theoretical contributions
include formal frameworks for interactive tool creation, cross-task experience sharing through se-
mantic similarity, and a novel curriculum learning approach based on agent-ensemble difficulty
re-estimation. Extensive experiments on the GAIA benchmark demonstrate SMITH’s effective-
ness, achieving 81.8% Pass@1 accuracy and outperforming state-of-the-art approaches including
Alita (75.2%) and Memento (70.9%). Comprehensive ablation studies reveal the critical importance
of each component in SMITH. Our analysis of memory evolution patterns and episodic cluster-
ing provides empirical validation for the theoretical assumptions regarding semantic task similarity
and transferable execution experiences. SMITH establishes a foundation for building truly adap-
tive agents that continuously evolve their capabilities through principled integration of tool creation
and experience accumulation, opening new avenues for developing general-purpose AI assistants
capable of tackling complex, real-world challenges.
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nismäki. ‘smolagents‘: a smol library to build great agentic systems. https://github.
com/huggingface/smolagents, 2025.

Timo Schick, Jane Dwivedi-Yu, Roberto Dessı̀, Roberta Raileanu, Maria Lomeli, Eric Hambro,
Luke Zettlemoyer, Nicola Cancedda, and Thomas Scialom. Toolformer: Language models can
teach themselves to use tools. Advances in Neural Information Processing Systems, 36:68539–
68551, 2023.

Noah Shinn, Federico Cassano, Ashwin Gopinath, Karthik Narasimhan, and Shunyu Yao. Reflexion:
Language agents with verbal reinforcement learning. Advances in Neural Information Processing
Systems, 36:8634–8652, 2023.

Theodore Sumers, Shunyu Yao, Karthik Narasimhan, and Thomas Griffiths. Cognitive architectures
for language agents. Transactions on Machine Learning Research, 2023.

Jiabin Tang, Tianyu Fan, and Chao Huang. Autoagent: A fully-automated and zero-code framework
for llm agents. arXiv preprint arXiv:2502.05957, 2025.

Zhengwei Tao, Jialong Wu, Wenbiao Yin, Junkai Zhang, Baixuan Li, Haiyang Shen, Kuan Li,
Liwen Zhang, Xinyu Wang, Yong Jiang, et al. Webshaper: Agentically data synthesizing via
information-seeking formalization. arXiv preprint arXiv:2507.15061, 2025.

MiroMind AI Team. Miroflow: An open-source agentic framework for deep research. https:
//github.com/MiroMindAI/MiroFlow, 2025.

Bing Wang, Xinnian Liang, Jian Yang, Hui Huang, Shuangzhi Wu, Peihao Wu, Lu Lu, Zejun Ma,
and Zhoujun Li. Enhancing large language model with self-controlled memory framework. arXiv
preprint arXiv:2304.13343, 2023.

Jason Weston, Sumit Chopra, and Antoine Bordes. Memory networks. arXiv preprint
arXiv:1410.3916, 2014.
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A EPISODIC MEMORY (RETRIEVAL)

Figures 6 and 7 demonstrate episodic memory retrieval for a Level 2 web searching and counting
task. The planner retrieves experiences from diverse domains (academic papers, wikipedia, data ex-
traction) that share similar high-level patterns: information search, content filtering, and quantitative
analysis. The developer recalls functionally relevant code blocks for counting webpage elements,
effectively filtering lengthy irrelevant code while prioritizing concise, task-specific snippets. This
validates our semantic similarity assumption and demonstrates precise functional matching across
both planning and implementation levels.

Figure 6: Episodic retrieval of the planner for the Level 2 task with ID prefix e29834fd. As we
can see that the retrieved experiences originate from diverse domains, but their underlying focus
consistently pertains to web searching and target counting.
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Figure 7: Developer’s episodic retrieval for Level 2 task with ID prefix e29834fd. The retriever
recalls various code blocks related to counting webpage elements based on the function description,
while effectively avoiding mismatches with lengthy code.

14



756
757
758
759
760
761
762
763
764
765
766
767
768
769
770
771
772
773
774
775
776
777
778
779
780
781
782
783
784
785
786
787
788
789
790
791
792
793
794
795
796
797
798
799
800
801
802
803
804
805
806
807
808
809

Under review as a conference paper at ICLR 2026

During task execution, SMITH autonomously installed and utilized various Python packages
that were not pre-configured, demonstrating its capability for dynamic tool discovery and inte-
gration. Automatically acquired packages include specialized libraries for document processing
(pdfplumber), web scraping (serpapi, scholarly), multimedia processing (whisper,
faster whisper), and advanced protocols (fastmcp).

pdfplumber serpapi scholarly mwparserfromhell
requests html whisper openai whisper faster whisper
yfinance cloudscraper lyricsgenius googletrans
fastmcp

Notably, SMITH autonomously leveraged Model Context Protocol (MCP) capabilities via
fastmcp without pre-configured semantic memory. When accessing Audre Lorde’s poem ”Fa-
ther Son and Holy Ghost,” the planner generated: Access the poem ’Father Son and Holy Ghost’
by Audre Lorde through the MCP server’s file system capabilities or any available local resources.
Check if there are any poetry databases, text files, or literature collections... This demonstrates
SMITH’s autonomous discovery and utilization of advanced tool ecosystems.

Figure 8: Cross-task experience sharing cor-
relation matrix (165×165 tasks). Green rows
/ columns indicate successful tasks, while
black dots at position (i, j) represent task
i retrieving experiences from task j. The
critic ensemble shows higher success den-
sity and distinct experience sharing patterns
across different base models.

Figure 9: Analysis of four typical fail-
ure cases during task execution: challeng-
ing OCR for small digits / symbols, Google
Maps operations limited by insufficient pre-
training, repetitive scripting tasks abandoned
after long failed iterations, and oversized
PDFs exceeding context window limits.

The correlation matrix in Fig. 8 further demonstrates cross-task experience sharing across differ-
ent base models and the ensemble critic. The 165×165 task matrix shows successful tasks (green
rows and columns) and experience sharing patterns (black dots at positions (i, j) indicating task
i retrieved experiences from task j). Notably, the critic ensemble exhibits higher green density,
reflecting improved success rates, while different base models display distinct experience sharing
patterns. These dense black dot distributions strongly validate Assumption 1 regarding semantic
task similarity and transferable execution experiences.
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B LLM AS A JUDGE (CRITIC)

We randomly select one successful task execution to demonstrate the critic’s judging process. Fig.
10 illustrates how the critic evaluates team member responses and reaches the final decision through
systematic reasoning, even when facing conflicting answers from multiple agents.

Figure 10: Final judging for Level 3 task with ID prefix 50f58759. Despite two incorrect responses
and only one correct answer from team members, the system successfully reaches the correct con-
clusion through systematic reasoning. From a third-person perspective, the Critic maintains compre-
hensive global awareness and strict adherence to task constraints, enabling more effective evaluation
of team members’ conclusions and accurate final decisions without relying on majority consensus.

C SEMANTIC MEMORY

C.1 MANUALLY CRAFTED TOOLS FOR DEVELOPER

Search Tools External search capabilities are crucial for extending agent knowledge boundaries
beyond pre-training data, and we have implemented several fine-grained search tools as follows:

google search bing search duckduckgo search
github repo search github issue search
github pr search github releases search
arxiv advanced search wikipedia search

Parsing Tools The correct parsing of files is a prerequisite for the Agent system to effectively utilize
the information obtained. We have implemented a wealth of parsing tools as follows:

parse pdf parse docx parse text parse image
parse image ocr parse audio parse pdb parse html
parse zip parse webpage parse archived webpage
parse wiki parse youtube page

Youtube Tools To comprehensively analyze YouTube video content without relying on multimodal
video processing, we have developed specialized tools that extract different aspects of video infor-
mation independently:
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get ytb intro get ytb frame screenshot get ytb subtitle
get ytb audio

C.2 STYLE DEMONSTRATION

Figure 12 illustrates a representative example of our pre-constructed tool design methodology. This
human-crafted tool demonstrates our standardized structure: a clear title explaining the tool’s pri-
mary function (Wayback Machine webpage parsing), a descriptive paragraph detailing usage sce-
narios and application contexts, and a complete Python implementation following minimalist coding
principles with explicit comments. This structured approach ensures consistent tool quality and fa-
cilitates effective semantic memory initialization, providing SMITH with high-quality starting points
for tool creation and adaptation.

Figure 11: Curriculum learning workflow diagram. The system employs ReAct and Plan-Execute
proxy agents to perform difficulty re-estimation, transforming human-annotated difficulty levels into
agent-specific capability assessments for optimal task ordering.

D PROCEDURAL MEMORY

Procedural Memory encompasses the foundational system prompts that define each agent’s opera-
tional guidelines and behavioral patterns. Figures 13, 14, and 15 present the complete procedural
memory specifications for our three specialized agents. Each prompt follows a rigorous design
structure incorporating essential components: clear identity instructions that define the agent’s role
and responsibilities, explicit output format constraints that ensure consistent response structures,
and comprehensive behavioral guidelines. Importantly, our prompt engineering maintains strict in-
formation isolation with no data leakage between different memory components or task contexts,
ensuring robust agent performance across diverse scenarios.

E CURRICULUM LEARNING

Figure 11 illustrates the curriculum learning workflow in SMITH. To achieve agent-specific diffi-
culty re-estimation, we employ two proxy agents with complementary architectural biases: ReAct
agents (Yao et al., 2022) with high variance from interactive reasoning cycles, and Plan-Execute
agents (Roucher et al., 2025) with high bias from predetermined task decomposition strategies.
These proxy agents sample the task space and provide ensemble-based difficulty assessments, en-
abling dynamic task reranking that aligns with the agent’s evolving capabilities. The re-estimated
difficulty distribution guides curriculum progression, ensuring that tasks are encountered in an order
that maximizes cross-task experience transfer through episodic memory retrieval.
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Figure 12: Using the Wayback Machine to access information from an archived webpage. The
indexed statement provides a clear function description and illustrative pseudo scenarios, while the
code segment concisely demonstrates core functions related to parsing archived webpages.
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Figure 13: Developer’s procedural memory (system prompt).
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Figure 14: Tester’s procedural memory (system prompt).
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Figure 15: Planner’s procedural memory (system prompt).
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