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* Existing agentic systems are built for large models, not resource-
constrained small models
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Most frameworks target:
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Small Language Models have:

o have limited context windows
o weaker reasoning
o poorer instruction following

But existing frameworks do not optimize for these limitations!

Can we build an agent framework specifically designed for
SLM constraints?



Redesigning the framework around small-model limitations instead
of adapting LLM systems

Main Contributions:
o Prompt Optimization
o Complexity-Based Routing
o Intelligent Task Decomposition
o Three-Tier Memory System
o Multi-Protocol Communication

Core Philosophy: SLM constraints are treated first-class
design requirements



Overall Framework

EFFGEN Execution Pipeline
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Multi-Agent Path (complex tasks)
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 SLMs struggle with long prompts, verbose instructions, complex formatting
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EFFGEN Optimizations:
* compression
* simplification
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SLMS struggle with:
* longprompts
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* verbose instructions redundancy removal
* complex formatting * Dbullet formatting
Dttt ’ * contexttruncation
\ /
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We achieved 70-80% prompt compression with 8-11%
performance improvement
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* Uses task complexity and memory-aware execution to improve efficiency
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Complexity analyzed based on:
* Task Length

* Requirements

* Domain Breadth

* Tool Needs

* Reasoning Depth

Routing Decisions:

* Simple > single-agent

e Complex > decomposition

* Very complex - hierarchical
execution
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* Routing improves performance by 6-11% over always-single
or always-multi strategies
* Reduces wasted computation by 23%



SLMs struggle with limited context windows and long-horizon reasoning.

EffGen solves this using:

1. Short-Term memory: maintains recent conversational context
2. Long-Term memory: stores past events and interactions
3. Vector memory: Semantic retrieval of relevant information

* Improves memory benchmark performance by 5-15%

* Retrieves 6 relevant segments from 15K-token conversations
In 23ms



Calculator Math Reasoning (coding tools) | Agentic Benchmarks Memory Retrieval
Model Framework | GSM8K  GSM-PLUS MATH-500 | BB-Easy BB-Med BB-Hard GAIA SimpleQA LoCoMo  LongMemEval | ARC-C  ARC-E  CSQA Avg
Raw Model 68.01 42.83 28.60 35.98 9.60 2.86 3.12 4.00 5.13 22.88 67.24 8270 7273 | 34.28
LangChain 66.86 37.83 23.20 49.39 21.60 1.43 3.12 12.00 8.56 15.34 59.13 73.78 54.30 | 32.81
Qwen2.5 (1.5B) AutoGen 67.85 37.62 26.19 52.95 28.40 1.67 6.25 10.00 9.22 18.73 53.75 6599 57.82 | 34.33
Smolagents 50.41 26.08 21.25 56.39 3040 1.43 3.12 18.00 8.42 22.15 53.85 37.63 3241 | 27.81
EFFGEN 71.63 50.25 3600 | 73.66 38.40 7.92 9.38 40.00 14.19 30.73 7834 91.65 74.62 | 47.44
Raw Model 82.64 62.04 55.00 42.05 18.20 7.33 6.25 2.00 17.40 29.25 79.28 90.60 75.02 | 43.62
LangChain 82.83 58.33 48.80 52.68 29.20 571 9.38 12.00 13.42 11.62 7449 83.88 70.84 | 42.55
Qwen2.5 (3B) AutoGen 79.30 60.21 51.80 58.78 26.80 7.14 6.25 14.00 11.81 20.57 73.04 85.14 72.65 | 43.65
Smolagents 69.07 49.62 10.91 63.41 28.80 8.57 9.38 22.00 7.89 19.54 36.69 4343 41.03 | 31.56
EFFGEN 84.83 63.62 59.20 81.71 35.60 21.67 15.62 58.00 21.58 32.29 86.10 9321 85.02 | 56.80
Raw Model 90.75 72.54 65.80 59.68 27.60 15.42 12.50 6.00 22.35 29.88 83.79 9091 82.80 | 50.77
LangChain 84.38 67.79 41.20 72.20 45.60 12.86 9.38 34.00 9.02 16.32 86.95 90.99 79.12 | 49.99
Qwen2.5 (7B) AutoGen 90.30 71.25 64.60 77.80 43.20 7.14 12.50 46.00 16.44 27.83 76.28 80.39 58.64 | 51.72
Smolagents 84.00 64.58 16.20 80.24 49.20 24.17 9.38 32.00 10.25 27.47 71.25 8136 7633 | 48.19
EFFGEN 91.28 68.12 66.80 89.02 54.80 28.57 21.87 76.00 25.32 35.34 87.88 9192 83.05 | 63.07
Raw Model 93.78 75.17 67.80 64.63 38.80 24.17 12.50 8.00 26.92 30.94 88.99 9297 83.37 | 54.46
LangChain 89.99 70.92 53.20 74.71 47.20 29.58 12.50 46.00 19.00 17.68 91.13 9390 8149 | 5595
Qwen2.5 (14B) AutoGen 94.09 74.83 66.00 77.07 51.20 24.29 15.62 58.00 17.15 27.72 89.42 9289 79.69 | 59.07
Smolagents 90.45 71.17 20.43 86.27 48.80 34.29 9.38 46.00 13.04 24.34 90.87 93.14 82.80 | 54.69
EFFGEN 94.84 76.62 69.60 92.27 57.60 46.37 18.75 72.00 27.94 36.64 89.86 9439 86.00 | 66.38
Raw Model 95.60 77.42 73.00 71.56 48.40 26.53 15.62 14.00 31.91 30.12 92.92 9432 86.81 | 58.32
LangChain 95.07 75.83 59.20 88.05 60.00 27.14 18.75 54.00 25.07 18.66 93.34 9394 8428 | 61.03
Qwen2.5 (32B) AutoGen 94.54 76.96 72.80 92.44 63.60 30.67 21.87 70.00 30.37 28.22 89.25 9251 81.65 | 64.99
Smolagents 93.40 74.83 68.00 94.63 68.80 45.83 15.62 52.00 17.07 27.22 93.26 9444 8493 | 63.85
EFFGEN 95.75 78.38 7540 | 96.67 64.20 58.86 28.12 84.00 31.04 35.64 92.50 9529 86.80 | 70.97

EffGen outperforms AutoGen, LangChain and SmolAgents



1.5B 7B 32B
Configuration Acc A Acc A Acc A
Full EFFGEN 47.44 = 63.07 - 70.97 -
— Prompt Optim. 36.21 —11.2 | 5418 -89 | 6854 24
— Complexity Routing | 43.87 —-3.6 | 56.84 —-62 | 63.12 -709
— Task Decomp. 4412 —-33 | 5842 —477 | 6548 —5.5
— Memory System 4568 —1.8 | 59.71 -34 | 6723 3.7
— All (Raw ReAct) 3428 —13.2 | 5077 —123 | 5832 —12.7

* Smaller models benefit the most from optimized framework
design.
* Complexity routing is more useful for large models.
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Resources
* Code: https://github.com/ctrl-gaurav/effGen
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* Website/Documentation: https://effgen.org/
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Better coordination may be more important than simply scaling
model size.
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