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Abstract

Market making (MM) through Reinforcement Learning (RL)
has attracted significant attention in financial trading. With
the development of Large Language Models (LLMs), more
and more attempts are being made to apply LLMs to finan-
cial areas. A simple, direct application of LLM as an agent
shows significant performance. Such methods are hindered
by their slow inference speed, while most of the current
research has not studied LLM distillation for this specific
task. To address this, we first propose the normalized fluo-
rescent probe to study the mechanism of the LLM’s feature.
Based on the observation found by our investigation, we pro-
pose Cooperative Market Making (CMM), a novel framework
that decouples LLM features across three orthogonal dimen-
sions: layer, task, and data. Various student models collabo-
ratively learn simple LLM features along with different di-
mensions, with each model responsible for a distinct feature
to achieve knowledge distillation. Furthermore, CMM intro-
duces an Hajek-MoE to integrate the output of the student
models by investigating the contribution of different models
in a kernel function-generated common feature space. Exten-
sive experimental results on four real-world market datasets
demonstrate the superiority of CMM over the current distilla-
tion method and RL-based market-making strategies.

Introduction

Market making is a core task in financial area, which could
provide liquidity to each financial asset (Guéant, Lehalle,
and Fernandez-Tapia 2013). Today, algorithmic systems
handle more than 60% of the trading volume in active mar-
kets (Othman 2012). Recent breakthroughs in LLM have
demonstrated exceptional potential in financial data analysis
(Brown et al. 2020; Radford et al. 2019; Li et al. 2025a). We
conducted an exploratory experiment that shows Gemini-
2.5-Pro (Team et al. 2023) and Llama-3.1 (Grattafiori et al.
2024) perform well in all indicators, surpassing traditional
RL methods, as depicted in Figure 1. However, LLM infer-
ence speeds cannot meet the demands of real-time trading,
where subsecond latency is essential (Vaswani 2017; Kaplan
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Figure 1: Overview of the market-making workflow. A stan-
dard market-making algorithm analyzes historical market
data and outputs future ordering strategies. We do a sim-
ple experiment that utilizes an LLM prompted with input
to directly predict the future mid-price, spread, and volume,
which is used to construct future orders via classic price and
volume arithmetic sequences. We find that the LLM-based
approach surpasses the performance of traditional RL algo-
rithms. Furthermore, with our proposed distilled method, the
small model demonstrates further significant improvements
that could be used in a real-time scenario.

et al. 2020). Knowledge distillation (KD) (Hinton 2015; Gou
et al. 2021; Xu et al. 2024) is a technique used to mitigate
latency issues. However, existing approaches focus on dis-
tilling knowledge from large LLMs to small LLMs, these
small LLMs still exhibit slower inference speeds compared
to traditional lightweight models (Jiao et al. 2019). There are
no cross-architecture distillation methods.

We then conduct an exploratory experiment that directly
distills the LLM feature to a small model using traditional
distillation methods, resulting in poor performance. This
failure results in the single small model lacking the rep-
resentational capacity to capture an LLM’s deep and high-
dimensional complex features. Therefore, we try to decom-
pose complex LLM features into simpler components and



assign them to an ensemble of small learning models to im-
prove the effectiveness of small models in learning LLM
features. We believe that layers, tasks, and input data types,
such as these three variables, have the potential to decou-
ple complex features. To further validate this, we propose a
Normalized Fluorescent Probe to analyze the complex fea-
ture representations of LLMs (Yu and Ananiadou 2024).
Our analysis shows that with stronger decoupling conditions
of these dimensions, the LLM feature exhibits more appar-
ent separation between clusters. Furthermore, a specializa-
tion across the model depth is observed: the shallow lay-
ers prioritize the prediction of mid-price, the middle lay-
ers focus on the spread, and the deep layers are geared to-
wards the total volume(Bouchaud, Farmer, and Lillo 2009;
Kyle 1985). Building on these insights, we introduce Co-
operative Market Making (CMM), a two-stage frame-
work which contains: (1) Orthogonal Feature Decomposi-
tion Distillation (OFDD): We decouple LLM features into
three dimensions: layer feature hierarchy, task objectives,
and data type/market regime to decompose complex feature
spaces into specialized clusters (LeCun, Bengio, and Hinton
2015; Tang et al. 2025). Each cluster is distilled into dedi-
cated lightweight models (Ba and Caruana 2014). (2) Hajek
Projection-based Mixture-of-Experts (Hajek-MoE): We
design a projection mechanism to quantify the contribution
of each lightweight expert model. (Hajek 1968)

In summary, the contributions of this paper are as follows:

* We propose a Normalized Fluorescent Probe to perform a
mechanistic analysis of LLM features and reveal two crit-
ical LLM features: (1) Features of different layers gov-
ern different outputs of the tasks. (2) Features within the
same layer exhibit significant discrepancies when pro-
cessing heterogeneous input data.

We propose Orthogonal Feature Decomposition Distil-
lation (OFDD) to decompose LLM features along with
three complementary variables: (1) layer hierarchy, (2)
task specialization, and (3) data market regime. This de-
composition simplifies the LLM features and enables
small models to learn from the LLM more effectively.

We propose the Héjek projection-based Mixture-of-
Experts (H4jek-MoE) to integrate the outputs of differ-
ent small models. Hijek-MoE quantifies the contribution
of each model, considering the projection length of each
model vector in the same feature space generated by a
kernel function.

We demonstrate the superiority of our approach through
extensive experiments conducted in challenging market
environments. In contrast to LLM-based methods, our
approach achieves higher accuracy and reduced compu-
tational cost. Compared to RL-based methods, it exhibits
a much greater sample efficiency.

Related Works
Market Making

Market making involves the continuous submission of buy
and sell orders in the limit order book (Gould et al. 2013) to
maximize returns while managing risk (Vicente, Ferndndez,
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and Garcia 2023; Amihud and Mendelson 1980). Traditional
MM frameworks, including those introduced by (Avellaneda
and Stoikov 2008; Guéant 2017), are based on mathemati-
cal models that often assume static market conditions. In re-
cent years, RL has gained traction as a flexible and adaptive
approach for designing MM strategies that can respond to
real-time market fluctuations (Zhong, Bergstrom, and Ward
2021; Fang et al. 2021; Lei et al. 2025; Sun et al. 2023; Chen
et al. 2025; Wu et al. 2024; Zhao et al. 2025), but a signif-
icant portion of this research has focused on the refinement
of strategies for a single price level (Sadighian 2019). Many
RL-based approaches use the mid-price as a dynamic pric-
ing reference, while this reliance on a volatile signal can lead
to excessive order cancellations (Kumar 2020).

LLM Distillation

Recent LLMs, such as PalLM 540b (Chowdhery et al. 2023;
Li et al. 2025b), pose significant challenges to both infer-
ence and fine-tuning due to their substantial computational
demands. These dependencies highlight the importance of
knowledge distillation. Furthermore, the Chain-of-Thought
(Wei et al. 2022) framework has enabled the generation of
rich reasoning outputs from teacher models (Ho, Schmid,
and Yun 2022), allowing student models to learn not only
the answers but also the reasoning processes. This approach
enhances the student model through multitask learning (Chu
et al. 2023). In addition, efforts have been made to generate
various rationales to improve the consistency of predictions
(Chen et al. 2024). Although these systems are designed to
leverage knowledge diversity, they remain underexplored.

Mixture of Expert

Mixture of Experts (MoE) was introduced by (Jordan and
Jacobs 1994), with distinct experts handling different input
sections. It was extended by deep MoE and conditional com-
putation (Bertsekas, Tsitsiklis, and Athans 2005). (Shazeer
et al. 2017) integrated MoE with LSTMs (Hochreiter 1997),
and Switch Transformers (Fedus, Zoph, and Shazeer 2022)
combined MoE with transformers, enabling MoE in archi-
tectures like MoE-LLaVA (Lin et al. 2024). The core princi-
ple of MoE is to expand the capacity of the model efficiently
(Dou et al. 2019). Unlike previous MoE techniques (Cai
et al. 2024; Vats et al. 2024) where specialization emerges
during training, MoAI (Lee et al. 2024) explicitly defines
experts for specific input segments. Recent advances enable
training trillion-parameter models in natural language pro-
cessing (Li, Thomas, and Liu 2021) and computer vision
(Ochs et al. 2015).

Method

In this section, we describe the proposed normalized fluo-
rescent probe, the orthogonal feature decomposition distilla-
tion, and Héjek-MoE. Figure 2 is an overview of our whole
framework. Firstly, we decouple LLM features across three
orthogonal dimensions: layer, task, and data. Various student
models collaboratively learn complex LLM features along
these dimensions, and each model is responsible for a spe-
cific type of feature. Next, through H’ajek-MoE, we inte-
grate the output of the student models by investigating the
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Figure 2: Overview of the CMM Framework. Left: LLM Feature Decomposition and Distillation. The complex feature space of
an LLM is decomposed across three dimensions: layer, task, and data. Such three variables result in various types of features,
where each feature type is learned by a specialized small model, thereby effectively representing the comprehensive LLM
feature space through a collection of smaller models. Right: Inference with Hajek-MoE. Hajek-MoE employs a kernel function
to project the output and feature of each small model into a shared feature space to obtain each model’s confidence score. The
final prediction is computed by aggregating each model’s output with the scores.

contribution of the projection of different models along dif-
ferent input data vectors.

Normalized Fluorescent Probe

To study the LLM feature, we propose a normalized flu-
orescent probe that could accurately identify and quantify
the influence of any position feature on the model’s outputs.
The normalized fluorescent probe follows a traditional LLM
mechanistic interpretation approach that leverages noise per-
turbation techniques to assess the sensitivity and robustness
of each feature and analyze the resultant changes in outputs.
However, the traditional approach is easily affected by noise
distributions, amplitudes, and output variation metrics. For
example, when we study which feature has a greater impact
on the specific task output, the results observed are differ-
ent when adding Gaussian-distributed noise and adding uni-
formly distributed noise. Therefore, we proposed a noise-
normalized probe that can ensure the robustness and com-
prehensiveness of our probe by doing multiple experiments
with different noise distributions and averaging the results.

We compare perturbation effects within each module to
identify its most influenced outputs. We ensure the robust-
ness of the results by integrating different types of noise. The
implementation steps of the normalized fluorescent probe
are as Algorithm 1. As shown in lines 4 to 13, we first
generate Gaussian and uniformly distributed noise and ran-
domly sample each noise within a given amplitude range
[@min, @maz] to construct noise samples with different am-
plitudes and distributions. Subsequently, we inject these
noise samples into the parameters 6 of the module one by
one, as can be seen in line 14. By measuring and recording
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Algorithm 1: Normalized Fluorescent Probe

Input: Model parameters 6, feature set F', output variables
O, noise types {N,U}, amplitude ranges A.

Output: Causal Attribution Map C' (each element of C is
the index of the corresponding most influential module).

1: for each module m € M do
2: Boriginai < 0 {Preserve original parameters }
3 1. Normalize over Noise Distributions
4:  for each distribution d € {N,U} do
5: if d = Gaussian then
6 € e_(w;;)z‘ {p=0,0=1}
o2 ’
7 else if d = Uniform then
8: e~ —1<z<1
9: end if
10:  end for
11: 2. Normalize over Output Amplitude
12:  for each amplitude range [a,in, Gmaz] € A do
13: Ascate < random(Gmin, Gmaz)
14: eperturbed — 0+ Agcate - €
15: for each output o € O do
16: Ao = ‘f(eperturbed)o - f(aoriginal>o|
17: Anorm — amz;ilgi::n
18: end for ]
19: Smp — ﬁ Zf\;l A'E;o)rm
20:  end for
21: end for
22: C, +— argmax,, ¢ s Sm,o for each output o € O {Find
the module with max influence for each output}
23: return Causal Attribution Map C

the output change values A, after the changes of the cor-
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Figure 3: Progressive feature decomposition visualization
by our probe results. With stronger decoupling conditions,
the LLM features exhibit clearer separation between clus-
ters. Furthermore, a specialization across model depth is ob-
served: shallow layers prioritize mid-price prediction, mid-
dle layers focus on the spread, and deep layers are geared
towards total volume.

responding parameters, we can evaluate the impact of the
module on the output. As illustrated in lines 16 to 19, in
order to eliminate the interference of noise amplitude dif-
ferences and examine the effects of different noise forms,
after the changes of the corresponding parameters, we can
evaluate the impact of the module on the output. As illus-
trated in lines 16 to 19, in order to eliminate the interference
of noise amplitude differences and examine the effects of
different noise forms, we normalize the noise amplitude of
each output A, to obtain A,,,,..,, and calculate its average ef-
fect Avg, under different noise forms. Then we get an MxO
matrix S, where the row index represents different modules,
the column index represents a specific output, and each el-
ement in the matrix reflects the contribution or influence of
the corresponding module on the output. The Causal Attri-
bution Map C' is obtained by taking the maximum value of
each column in the S matrix, which reveals the module with
the greatest impact on each output.

After applying noise perturbations and computing the in-
fluence scores for each pair (module, output), we then quan-
tify the impact of each module on each output. Based on the
normalized fluorescent probe, we find that in market mak-
ing, shallow LLM features are most useful for predicting
mid-price, middle features for spread, and deep features for
total volume. We also find that even in the same layer, repre-
sentations exhibit significant discrepancies when processing
heterogeneous input data. For example, feature clustering is
more pronounced when visualizing data with low volatility.
Figure 3 shows the visualization results.

Orthogonal Feature Decomposition Distillation

As mentioned above, our normalized fluorescent probe anal-
ysis reveals that LLM features can be classified along three
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Figure 4: Tree diagram of Orthogonal Feature Decompo-
sition Distillation. By varying three decoupling variables,
complex LLM features are decomposed into simpler com-
ponents and distilled into specialized small models.

dimensions. Therefore, we reduce the learning difficulty for
small models by decomposing the complex features along
these dimensions, and each class of features is distilled with
a specific small model.

Base Distillation. We perform base distillation by distill-
ing the features during the training process. However, our
initial experiments did not show good results. This is be-
cause the small model’s architecture is too simple to capture
the complexity of the LLM’s advanced features. Since we
have shown above that the features of different modules of
LLM mainly affect different outputs, we use various small
models to learn these different features. In view of this, we
propose a strategy to decouple the complex features of LLM
from three dimensions, and thereby improve the feature rep-
resentation capabilities of small models. Specifically, we de-
compose LLM features into three independent types, each
of which is learned by a dedicated small model. Notably,
because of the observation that a high degree of correlation
exists between layer-wise and task-wise decompositions, for
the layer and task variables, the corresponding pair distilled
small model has a large weight when doing MoE. Figure 4
shows the specific decomposition process. In this way, the
features learned by multiple small models can effectively
approximate the overall features of the LLM, significantly
reducing the difficulty of training small models.

Layer Feature Decomposition. Previous work has shown
that the different layers of LLM are characterized at differ-
ent levels, from shallow to deep (Yu and Ananiadou 2024).
Our normalized fluorescent probe also identified the divid-
ing lines between different layers. Based on this intuition,
we make different models learn different parts of the feature
during Distillation, which can effectively reduce the diffi-
culty of feature learning. In this way, we initially decompose
the features based on the layer. The last three levels that we
have discovered with the probe are the output of the separate
controls, mid-price, spread, and total volume.

Task Feature Decomposition. In addition to decompos-
ing the structure of the LLM, we can further enhance the
distillation performance of the small model by decompos-
ing our task. Our specific task involves determining the mid-
price, the spread, and the total volume of market making



orderbook.

Referring to Figure 3(c), we found that different LLM
layers specialize in predicting different outputs. As men-
tioned in Layer Feature Decomposition, we identified that
the LLM Feature to Prediction Layers (Shallow Layer),
LLM Prediction Construction Layers (Middle Layer), and
LLM Prediction Enhancement Layer (Deep Layer) exhibit
the strongest correlations with the outputs mid-price, spread,
and total volume, respectively. Leveraging these insights,
the lightweight model, which aims to learn shallow fea-
tures, will additionally learn the LLM mid-price output log-
its through both feature distillation and logit distillation. In
this way, we further decompose the LLM features based on
the task.

Data(Market Type) Feature Decomposition. From the
normalized fluorescent probe, we recognized that the fea-
tures of the same layer exhibit significant discrepancies
when processing input data with different market volatility,
as demonstrated in Figure 3(d). Therefore, based on the in-
put data, we calculate the historical 5-day volatility of each
data sample and then categorize the input data into three
types by dividing the volatility into three bands. Thus, we
can further decompose the features according to the kind of
data. Training a market maker model on low, medium, or
high volatility data results in conservative, neutral, and ag-
gressive strategies, respectively. In this way, we further de-
compose the LLM features based on the type of market.

To further improve the performance of small models, we
also experimented with different architectures that learn the
same feature type to identify the optimal ones.

Hajek Projection-based Mixture-of-Experts

After the OFDD, each small model could and only could
capture a specific type of feature of the original LLM, re-
sulting in poor performance when processing other types of
data features. Therefore, we urgently need to find an effec-
tive way to combine these highly specialized small models.
When choosing a model fusion strategy, we did not adopt
the conventional MoE framework. Because our situation is
unique: The small models that we built have unique archi-
tectures and inherent correlations, while they inherit specific
knowledge at different levels from the same LLM.

Drawing inspiration from the Héjek projection (Hajek
1968; Wager and Athey 2018), which utilizes a kernel func-
tion to map the different spaces into the same space, to man-
age and leverage various small models effectively, we em-
ploy a framework based on the mixture of experts (Hajek-
MoE) based on the Hajek projection. Our approach similarly
maps the feature spaces of different models into a unified
representation space through a kernel function that accepts
each model’s features and prediction and outputs each model
vector’s coordinates in the mapped kernel space.

In practice, the Hajek Projection is realized through a
concrete strategy of dimensionality reduction and geometric
projection to compute the confidence score of each expert.
The key steps are as follows:

First, we define a kernel function ¢, which maps high-
dimensional expert features and predictions into a 2D vector
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space. In practice, ¢ is implemented as a shallow neural net-
work.

Next, we compute the consensus feature by computing the
average feature and prediction across all IV experts, denoted
as E(X):

ey

This average output is then mapped to a 2D vector using the
function ¢, which we call the consensus vector V. This
vector serves as the reference axis for our projection.

Vave = 0(E(X)) )

Similarly, for each expert E;, its output E;(X) is mapped
to a 2D feature vector V; using the same function ¢.

The Héjek confidence score C; for each expert E; is de-
fined as the scalar projection of its feature vector V; onto the
consensus vector V.. This value quantifies the degree of
alignment between the expert’s contribution and the collec-
tive consensus. The confidence score is computed as:

‘/; : ‘/avg
[ Vave

Ci= 3)

where V; - V,y, is the dot product of the two vectors, and
[|Vave|| is the Euclidean norm of the consensus vector. This
ensures that experts whose outputs are more aligned with the
group consensus receive a higher Hajek confidence score.

Experiments
Experimental Setup

Dataset and Setting. The data we use are historical orders
and trades on the Shanghai Futures Exchange from July
2021 to July 2022, covering 186 trading days follows IMM
(Niu et al. 2023). We select four contracts as 4 datasets: FU,
RB, CU, and AG and reconstruct their historical 5-depth
limit order books with a 500-millisecond real-time financial
period. Our model takes the order book of the previous
timestep as input. It directly predicts the mid-price, spread,
and volume for the subsequent timestep, which are then
used to construct the new order book via a traditional
trapezoidal algorithm. We follow the IMM (Niu et al. 2023)
to do the dataset split to train and test. We use LLaMA3.1
as our LLM. We use MLP with 2 layers as hajak kernel
function. All experiments are conducted on 64 NVIDIA
H100 GPUs.

Compared Methods and Metrics. We evaluate the ef-
fect of our method on multiple rule-based KD approaches,
including FOIC (GasSperov and Kostanjcar 2021), LIIC
(GaSperov and Kostanjcar 2021), LIIIC (Niu et al. 2023). We
also compare with various RL-based MM methods includ-
ing RLpgs (Beysolow II and Beysolow II 2019), DRLps
(Chung et al. 2022), IMM (Niu et al. 2023) and CMM.
The following performance and risk metrics are employed:
1.Episodic PnL is a natural choice to evaluate the profitabil-
ity of a MM agent (Sutton 2018). 2.Mean Absolute Position



RB FU CU AG

EPnL [10°]1 MAP [unit] | PnLMAP 1 EPnL [10°]1 MAP [unit] | PnLMAP{ EPnL[10°]1 MAP [unit]| PnLMAP{ EPnL[10°]1 MAP [unit]| PnLMAP
FOIC 3.234+435 255 £ 111 14 422 -7.79 £9.25 238 £ 135 -43+£56  -33.05427.63 206+ 141 -161 £224 -48.39 £28.83 189 £ 154  -250 £ 335
LIIC 2.2643.32 123 £32 20429 -6.89 & 6.66 115 £30 -66 =69  -24.19 4 14.83 150 £20 -164 £513  -38.9£26.2 142 £ 45 -302 £243
LTIIC 9.16 + 4.87 65+ 6 139 £ 68 8.26 & 2.64 52+3 160 £50 -16.74 £1581 112£109  -190 203 -32.57 £22.8 128 £22 -264 £ 166
RLsp 4.36 + 1.64 38+4 114 + 38 7.31 £5.38 76 £29 90 & 46 -197+£17.2 214 £+ 109 -92 +298 -25.43 £23.83 107 + 37 -237 £235
DRLos 82243.70 51+4 156 £61 11.03 £ 13.87 3743 30 £36 -18.94+18.02 647 +2367 -99 £ 147 -2839+2792 1694154  -167 £ 135
IMM 16.46 £9.1 96 + 13 165+ 74  28.1 £10.27 102 £ 14 274 £89  -4.86 £10.17 111 £28 -43 1+ 87 -14.5 £20.2 102 £ 14 -274 £ 89
CMM  22.69 + 1.96 34+3 179+ 14 31.39 +4.18 3242 298 +19 -1.63+0.41 30+8 -16 £17  -8.95 £ 11.22 64 +2 -143 £+ 102

Table 1: Overall Results.

(MAP) accounts for the inventory risk (Garleanu and Ped-
ersen 2013). 3.Return Per Trade (RPT) evaluates the agent’s
capability of capturing the spread (Easley, De Prado, and
O’Hara 2011). It is normalized across different markets by
the average market spread. 4. PnLMAP defined as PnL di-
vided by the mean absolute position (MAP) in this period
(Hull and Basu 2016). It means the PnL in per unit of inven-
tory and can measure the ability of the agent to profit against
inventory risk.

Overall Results

The experimental results in Table 1 demonstrate the superior
performance of CMM in all 4 futures contracts. For instance,
on the RB dataset, CMM not only achieves significantly
higher profitability than the strongest baseline IMM, but
also substantially reduces inventory risk. This was accom-
plished through layer-task aligned distillation guided by the
normalized fluorescent probe. The FU contract results fur-
ther validate the framework’s robustness, where our method
attains the highest PnLMAP of 298, a significant improve-
ment over IMM. This superior performance is achieved
by effectively integrating volatility-conditioned specializa-
tion, thereby demonstrating stable profitability across vary-
ing market regimes. Notably, in challenging low-liquidity
markets such as CU and AG contracts, CMM significantly
outperforms the benchmarks in terms of the terminal wealth,
risk-adjusted return, and spread-capturing ability. This per-
formance stems from Hajek-MoE’s adaptive fusion mech-
anism, which dynamically obtains the confidence scores of
experts based on the real-time market.

Model Component Ablation Study

Table 2 demonstrates the progressive impact of our decom-
position components. SR refers to the Sharpe Ratio. The
layer-wise decomposition baseline, FD(layer), delivers the
poorest performance across all metrics. This result indicates
that only isolating hierarchical LLM features is insufficient.
An improvement in profitability is achieved by introducing
task decomposition with specialized prediction heads. This
enhancement arrives from the model’s newfound ability to
develop distinct, focused strategies for different predictive
sub-tasks, moving beyond a monolithic prediction approach
and thus capturing market opportunities more effectively.
Subsequently, volatility-type decomposition improves risk
control through market-regime adaptation, and the model
successfully mitigates potential losses, as reflected by a
marked reduction in adverse outcomes. The complete frame-
work, FD(H4jek-MoE), achieves optimal balance between
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profitability and risk-adjusted returns, which demonstrates
the superiority of its input-adaptive fusion mechanism. Un-
like static aggregation, our approach dynamically allocates
confidence scores to the experts in real-time, achieving a ro-
bust fusion of all decomposed components.

Models EPnL [10°] 1t MAP [unit] | PnLMAP 1 SR ¢
CMMEgp(ayer) 12.54 £+ 3.64 67£5 162 +46 198
CMMEDtask) 17.25 £9.72 58 + 47 195+56 233
CMMEp(type) 2241 £5.11 45+£5 241 £57 2.68
CMMEp hgjck-moe)  31.39 £ 4.18 32+2 298 +19 298

Table 2: Comparison results of ablation study on FU dataset.

Comparison of Different Distillation Methods and
MoE Methods

As shown in Table 3, our framework achieves a higher EPnL.
of 31.39, an improvement of 3.02% compared to the origi-
nal LLM, while also demonstrating 6.3x lower latency at
just 0.3s. This validates the effectiveness of our orthogo-
nal decomposition strategy in preserving critical features
identified by the normalized fluorescent probe. Conventional
KD methods such as ReviewKD and CAT-KD suffer severe
performance degradation due to entangled feature learning,
while standard MoE methods like X-MoE and MH-MOoE ex-
hibit poor risk control from static expert fusion. CMM’s su-
periority stems from its three-dimensional decomposition.

Models EPnL [10°] © MAP [unit] | PnLMAP{ SR{ Latency(s) |
LLM-Base 3047 £5.52 64 £13 283 +£66 3.01£0.3 1.9
ReviewKD 10.52 £3.21 2230+ 112 48+9 2.00=£0.0 0.22
Sim-KD 1534 £4.15 1895 £85 85+ 14 225+0.1 0.22
CAT-KD 20.81 £5.03 1570+ 143 132+18 248+0.2 0.22
X-MoE 19.63 £6.17 1180 +£205 195+23 1.67+0.3 0.46
MH-MoE 2092 £3.52 7854315 155+28 1.89+0.1 0.57
CMM 31.39 + 4.18 3242 298 + 19 2.98 0.3

Table 3: Comparison of Different Distillation Methods and
MOoE Methods on FU.

Feature Decomposition Analysis

Figure 5 presents a 2D visualization of the feature space, ob-
tained via PCA, to demonstrate the effectiveness of orthog-
onal decomposition. Each point in the figure corresponds
to the feature representation from a small model. The pre-
decomposition features are chaotically overlapped. In con-
trast, the post-decomposition features reveal a highly orga-
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Figure 5: Feature Decomposition Analysis

nized structure. This structure is visually articulated through
color, where models sharing the same volatility, task, and
layer depth are assigned the same color and visibly cluster
together. For example, all models for the spread task in a
low-volatility regime using a shallow layer appear as a dis-
tinct green cluster, while models for the total volume task in
a high-volatility regime with a deep layer form a blue cluster.

Robustness Test Under Extreme Market
Conditions

To evaluate the robustness of CMM under extreme market,
we conducted experiments using historical data augmented
with simulated flash crash and sudden reversal scenarios.
The results in Table 4 show that CMM achieves a strong
balance of profitability and risk mitigation under duress,
where baseline models proved vulnerable. This resulted in
a healthier risk-adjusted return. These results demonstrate
that CMM is more robust under extreme market, likely due
to its dynamic expert confidence score mechanism, which
prioritizes risk control experts during market turbulence.

Models EPnL [10°]1 MAP (unit) | PnLMAP 1 SR 1

LLM-Base 6.50 & 2.45 150 = 30 0.43 £0.08 0.60 £ 0.1
IMM 7.80 + 3.05 120 £ 25 0.65+0.12 0.80 £ 0.1
CMM 10.50 £ 2.10 45+ 8 233+ 046 1.20 +0.2

Table 4: Robustness Test Results under Extreme Market.

Long-Term Market Adaptability Experiment

To assess the long-term adaptability of CMM across differ-
ent market regimes, we ran the model over a 1-week period
covering various market conditions, including bull, bear, and
sideways markets. The results in Table 5 show that CMM
achieves superior performance compared to LLM-Base and
IMM in terms of profitability, risk control, and computa-
tional efficiency across different market regimes. These re-
sults indicate that CMM is better at adapting to changing
market, likely due to its orthogonal decomposition strategy,
which allows CMM to specialize in different market types.

Models  EPnL [10°]1 MAP (unit)] PnLMAP{ SR T

LLM-Base 12.00 £1.50 80+15 056=+0.12 1.80 £ 0.20
MM 1000+ 1.00 6010  045+0.10 1.50+0.10
CMM 1400 +120  30+3  0.80+0.05 220 +0.15

Table 5: Long-Term Market Adaptability Results.
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Performance Test Under Low-Data Conditions

To evaluate the performance of CMM when trained with
limited data, we conducted experiments using 10%, 20%,
and 50% of the available data. The results in Table 6 show
that CMM consistently outperforms the baselines across all
data percentages. Even when trained on a minimal fraction
of the data, CMM establishes a commanding lead by deliver-
ing markedly higher returns while simultaneously maintain-
ing much stricter risk control. This may be because baseline
models are prone to overfitting or failing to discern clear
patterns from limited information. CMM’s architecture al-
lows it to learn more generalizable market behaviors. This
data efficiency can likely be attributed to its orthogonal de-
composition strategy, which simplifies the feature space and
reduces the complexity of the learning task.

Data % Models EPnL [10°]1 MAP (unit) | PnLMAP ¢
10% LLM-Base 2.50 +0.85 80+ 15 0.31 +£0.06
IMM 2.75£0.95 52+8 0.53£0.10
CMM 4.50 +1.20 35+£5 1.29 +0.26
20% LLM-Base 3.20 +1.05 72+12 0.44 £0.08
IMM 350+ 1.10 48 +7 0.73 £0.14
CMM 5.20 +1.30 32+4 1.63 + 0.32
50% LLM-Base 4.00 +1.20 65+ 10 0.62 £0.12
IMM 4.30 £ 1.05 406 1.08 £0.21
CMM 6.00 + 1.40 28+3 2.14 £ 0.43

Table 6: Performance under Low-Data Conditions.

Energy Efficiency and Inference Speed Experiment

To compare the energy efficiency and inference speed of
CMM with baseline methods, we measured power consump-
tion and inference latency during model deployment. The
results in Table 7 show that CMM significantly outperforms
the baselines in terms of energy efficiency and inference
speed. These results indicate that CMM is more suitable for
real-time trading environments, where low latency and en-
ergy efficiency are critical.

Models Power Usage (W) | Inference Latency (ms) |
LLM-Base 150 + 10 120 + 15

MM M0M+5 80 + 10

CMM 45+3 205

Table 7: Energy Efficiency and Inference Speed Results.

Conclusion

This paper addresses market-making challenges by propos-
ing CMM, a framework that decouples LLM knowledge
through orthogonal decomposition. It starts by using a probe
to analyze how different layers of LLMs are related to spe-
cific tasks and how features diverge under varying volatility
conditions. Then, it introduces OFDD, which transfers LLM
knowledge by breaking it down through layers, tasks, and in-
put data types. Finally, it designs Hijek-MoE to dynamically
integrate these decomposed experts, adjusting their contri-
butions based on input data. Extensive experiments demon-
strate that CMM outperforms other methods.
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