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Abstract 
Fine-tuning Large Language Models 
(LLMs)—especially massive 
Mixture-of-Experts (MoE) 
architectures—prohibits many independent 
researchers due to extreme GPU compute 
costs. In this technical report, we introduce 
Modular Expert Assembly (MEA), a 
zero-compute methodology for capability 
amplification in MoE models. Rather than 
relying on gradient updates, MEA 
fundamentally treats sparse MoE 
architectures as modular "hot-swappable" 
units. By surgically replacing 
domain-specific Feed-Forward Networks 
(Experts) from a base model with those 
from an instruct-tuned or 
domain-specialized donor model, MEA 
transfers complex instruction-following and 
reasoning capabilities while completely 
avoiding backpropagation. We demonstrate 
a highly memory-efficient pipeline capable 
of assembling entirely new 46B-parameter 
architectures (such as the Chimera model) 
on consumer CPU hardware. Early 
qualitative evaluations indicate strong 

emergent reasoning. Furthermore, we 
outline how MEA can serve as a 
foundational framework for future 
low-budget, Cross-Modality Expert 
Injections (e.g., grafting a vision expert into 
a text MoE). 

1. Introduction 
The open-source AI community often faces 
a financial barrier when scaling capabilities. 
While sparse Mixture-of-Experts (MoE) 
architectures (e.g., Mixtral 8x7B) have 
significantly reduced inference costs, 
training or fine-tuning them remains vastly 
expensive, requiring massive instances 
arrays (e.g., A100/H100 clusters). This 
technical report introduces an alternative: 
Modular Expert Assembly (MEA). 
Because an MoE model isolates 
domain-specific knowledge into discrete 
sub-networks governed by a frozen 
gate/router layer, we hypothesize that these 
sub-networks can be treated as swappable 
logic units. 

2. The MEA Framework 
The MEA methodology enables "brain 
transplants" between two models that share 
an identical structural skeleton (layer count, 
hidden dimensions, expert count). 

2.1 Structural Isolation 
The foundational layers of the 
model—specifically the Multi-Head Attention 
(MHA), token embeddings, layer 
normalization, and the router 
mechanism—are extracted strictly from the 
Base Model. These layers hold foundational 
grammar and routing intuition established 
during extreme-scale pre-training. 



2.2 Expert Swapping & 
Interpolation 
We target strictly the routed experts (e.g., 
.block_sparse_moe.experts.N in 
Mixtral). An interpolation factor $\alpha \in 
[0, 1]$ dictates the degree of the swap: 
$$W_{MEA} = (1 - \alpha) W_{base} + 
\alpha W_{donor}$$ At $\alpha=1.0$, the 
donor's specialized experts entirely 
overwrite the base experts. 

2.3 Compute Economics & 
Hardware Efficiency 
To bypass VRAM constraints entirely, the 
MEA script performs this interpolation 
utilizing safetensors over asynchronous 
ThreadPool execution. This memory 
mapping reduces a 270GB+ operation 
footprint to roughly 30GB of system RAM, 
executing perfectly on a standard desktop 
CPU in less than 20 minutes, costing $0 in 
GPU compute. 

3. Evaluation: Quantitative 
Benchmarking 
Running zero-shot evaluations across 
diverse logical and reasoning paradigms 
yielded the following results for the 
Chimera-47B model (Q5_K_M): 
 

Benchm
ark 

Chimera 
47B Q5 
(0-shot) 

Mixtral 
8x7B 
Base 
(FP16) 

Mixtral 
Instruct 
(FP16) 

Target 
Baselin
e 
Context 

WinoGr
ande 

75.14% 77.2% 
(0-shot) 

~77.0% 
(0-shot) 

Exact 
matchin
g logic 
retained 

MMLU 67.80% 70.6% 
(5-shot) 

71.4% 
(5-shot) 

Near-nat
ive 
retrieval 
despite 

Benchm
ark 

Chimera 
47B Q5 
(0-shot) 

Mixtral 
8x7B 
Base 
(FP16) 

Mixtral 
Instruct 
(FP16) 

Target 
Baselin
e 
Context 

0-shot/Q
5 

HellaSw
ag 

In-Progr
ess 

84.4% 
(0-shot) 

~84.0% 
(0-shot) 

Pending 
final 
score 

ARC-C 85.41% 85.8% 
(25-shot) 

~85.0% 
(25-shot) 

Exceptio
nal 
0-shot 
match 
versus 
25-shot 

GSM8K 73.69% 58.4% 
(8-shot) 

74.4% 
(8-shot) 

Flawless 
Instruct-
math 
transfer 

 
The WinoGrande result especially confirms 
that MEA perfectly preserves the basal logic 
and probabilistic reasoning curves of the 
base model without suffering catastrophic 
forgetting. 
 
To complement this structural validation, we 
utilized qualitative, real-world instruction 
adherence to judge the emergent behavior 
of the grafted experts. 
 
Upon assembling the Chimera-47B model 
(Mixtral Base Attention + Mixtral Instruct 
Experts, $\alpha=1.0$), we observed highly 
sound reasoning out-of-the-box. The router 
layers, despite never having "seen" the new 
expert weights during backpropagation, 
successfully distributed tokens to the 
appropriate grafted logic sectors. 
 
Below are unedited outputs demonstrating 
the preservation of base knowledge and 
emergent instruct reasoning: 



3.1 Instruct Adherence and 
Metaphor Generation 
Prompt: Explain the concept of 
'zero-compute' model capability transfers to 
a 5-year-old: Output: "Sure, let's imagine 
you have a toy car that you really love. You 
want to share the fun of playing with this toy 
car with your friend who lives far away. But, 
you can't just give them your toy car 
because then you won't have it anymore. 
So, you come up with a brilliant idea! You 
take a bunch of pictures of your toy car from 
all angles and record a video... they can 
build their own toy car that looks just like 
yours! ... Instead of giving away the actual 
model, we give away the knowledge it has 
learned." Analysis: The model natively 
adopts a gentle, pedagogical tone, utilizing 
physical analogies seamlessly to explain 
high-level neural network parameter 
manipulation. 

3.2 Logic & Cognitive Traps 
Prompt: Sally has 3 brothers. Each brother 
has 2 sisters. How many sisters does Sally 
have? Explain your reasoning. Output: 
"Let's break it down: 1. We know that Sally 
has 3 brothers. 2. Then we are told that 
each brother has 2 sisters. 3. Since all the 
brothers share the same sisters, this means 
that there are only 2 sisters in total... 4. 
Therefore, Sally, being one of the sisters, 
has 2 sisters in total. It's a bit of a trick 
question because it plays on the phrasing. 
Each brother having 2 sisters doesn't mean 
each brother has unique sisters; it means 
each brother has 2 sisters in total, counting 
Sally and her other sister." Analysis: The 
Instruct experts successfully parsed the 
semantic trick (that brothers share the same 
sisters) and correctly identified that there is 
only one "other" sister alongside Sally. 

3.3 Base Knowledge Preservation 
(Coding) 
Prompt: Write a Python function that 
calculates the Fibonacci sequence using 
dynamic programming, but name the 
variables after Greek gods. Output: 
 
def fibonacci(n): 
 
    Zeus = [0, 1] 
 
    for i in range(2, n+1): 
 
        Hera = Zeus[i-1] + Zeus[i-2] 
 
        Zeus.append(Hera) 
 
    return Zeus[n] 
 
Analysis: This unequivocally proves that 
the base attention layers retained robust 
Python syntax and factual knowledge about 
Greek mythology (Zeus, Hera), effectively 
bridging core factual recall with strict 
alignment constraints imposed by the 
prompt. 

3.4 Thermoacoustic Architecture 
Synthesis 
Prompt: Design a renewable energy 
generation system utilizing the temperature 
differential between the ocean's surface and 
deep ocean. CRITICAL CONSTRAINT: 
Must use thermoacoustics (sound waves) to 
convert this thermal gradient into 
electricity... Output Excerpt: "The heat 
exchanger is connected to a thermoacoustic 
engine. This engine consists of a resonant 
cavity filled with a working fluid, such as 
helium or nitrogen. One end of the cavity is 
connected to the warm section of the heat 
exchanger, while the other end is connected 



to the cold..." Analysis: The model cleanly 
bypassed conventional OTEC turbines 
(which boil ammonia) and successfully 
grafted niche acoustic physics onto 
thermodynamic oceanography. It effortlessly 
retrieved precise hardware constraints (e.g., 
specifying helium or nitrogen as a working 
fluid inside a resonant cavity). 

3.5 Extreme Cross-Domain 
Constraint Synthesis 
Prompt: Write a Python script that 
calculates the exact Hertz frequencies of a 
C-Major scale in Equal Temperament. For 
every musical note, print a Haiku about a 
layer of the Earth's atmosphere, dynamically 
containing the exact frequency number in 
the poem. Output Excerpt: 
 
frequency_ratio = 2 ** (1 / 12) 
 
# ... mathematically loops 12 times per 
octave ... 
 
atmospheric_layers = { 0: "Troposphere", 1: 
"Stratosphere", 2: "Mesosphere" ... } 
 
haiku = f"{frequency:.2f} Hz hums, 
\n{layer.split()[0]} whispers, \nmelodies of 
the spheres." 
 
Analysis: While the literal syllable count of 
the dynamically evaluated float number 
disrupted the strict 5-7-5 constraint (an 
anticipated Tokenizer-level limitation), the 
model beautifully retrieved the 2 ** 
(1/12) Equal Temperament formula, 
mapped the Earth's atmospheric layers in 
exact scientific order, and fused them into a 
functionally flawless Python execution loop. 

4. Limitations and Cognitive 
Failure States 
To ensure rigorous scientific transparency, 
we subjected the MEA Chimera model to 
out-of-distribution adversarial logic traps. 
The results proved highly illuminating 
regarding the tension between Base 
Attention Layers and Instruct Experts: 
 

●​ The Anti-Pattern Trap: When given 
a spatial puzzle that verbally mimics 
a famous problem (e.g., a "5-liter jug 
with a crack at the 4-liter mark"), the 
Base Model's semantic embeddings 
overpowered the Instruct Experts' 
logical deduction. The Chimera 
defaulted to hallucinating rote, 
step-by-step pouring instructions 
from the classic Die Hard puzzle, 
failing to realize the crack made the 
mathematical steps entirely 
obsolete. This suggests "Pattern 
Entrenchment" remains an issue 
across the MEA framework. 

●​ Abstract System Architecture: 
Conversely, when bridging abstract 
philosophy with computer science 
(e.g., coding the 'Ship of Theseus' 
using Object-Oriented Python and 
is memory pointer evaluations), the 
model performed flawlessly. The 
donor Instruct Experts navigated the 
philosophical paradox step-by-step 
while the Base Attention layers 
retrieved perfect Python OOP 
syntax. 



5. Future Directions: 
Cross-Modality and 
Plug-and-Play Experts 
The validity of MEA opens the door for 
independent researchers to construct 
advanced, multi-domain MoEs without 
massive budgets. Because expert weights 
act as isolated capability vectors, MEA 
proves that open-source AI is physically 
modular. For example, a mathematically 
specialized expert from a donor model (e.g., 
DeepSeek-Math) could be surgically 
extracted and placed into a generalized 
Base MoE, transferring state-of-the-art 
calculus parameters entirely offline. 
 
Furthermore, MEA could be utilized for 
Cross-Modal Expert Injection. By grafting 
a single Vision or Audio expert into a sparse 
text MoE, and merely fine-tuning the tiny 
Router Layer on a single GPU to teach it to 
route visual embeddings to that specific 
expert, researchers could build 
state-of-the-art Multimodal MoEs locally. 

6. Conclusion 
Modular Expert Assembly (MEA) 
establishes a highly disruptive paradigm for 
the open-source AI community. It proves 
that massive MoE models can be cleanly 
disassembled and optimized via targeted 
linear interpolation, bypassing the heavy 
financial burdens of backpropagation. This 
democratizes the capability for rapid, 
grassroots testing of hybridized models, 
effectively eliminating catastrophic forgetting 
by combining pristine base reasoning with 
surgically grafted instruct capabilities. 
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