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Abstract
Futures are contracts obligating the exchange of an asset at a prede-
termined date and price, notable for their high leverage (e.g., 5-fold)
and liquidity (e.g., trillions of dollars) and, therefore, thrive in the
Crypto market. Reinforcement learning (RL) has been widely ap-
plied in various quantitative tasks. However, most methods focus on
the spot (e.g., stock) and could not be directly applied to the futures
market with high leverage because of 2 key challenges. First, high
leverage amplifies reward fluctuations, making RL training highly
stochastic and difficult to converge. Second, prior works lacked
self-awareness of capability boundaries, exposing them to the risk
of significant capital loss when encountering previously unseen
market state representations (e.g., during a black swan event like
COVID-19). To tackle these challenges, we propose the eFficient and
rIsk-aware eNsemble rEinforcement learning for Futures Trading
(FineFT), a novel three-stage ensemble RL framework with stable
training and proper risk management. In stage I, ensemble Q learn-
ers are selectively updated by ensemble temporal difference (TD)
errors, i.e., TD errors across different learners, to improve conver-
gence and performance. In stage II, we filter the Q-learners based
on their profitabilities under different market dynamics and train
variational autoencoders (VAEs) on market representations of each
dynamic to identify the capability boundaries of the filtered learners.
In stage III, we dynamically choose from the filtered ensemble and a
conservative policy, guided by trained VAEs, to maintain profitabil-
ity and mitigate risk with new market states. Through extensive
experiments on crypto futures in a high-frequency trading envi-
ronment with high fidelity and 5× leverage, we demonstrate that
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FineFT significantly outperforms 12 state-of-the-art baselines in 6
widely-used financial metrics, reducing risk bymore than 40%while
achieving superior profitability compared to the runner-up. Visu-
alization of the selective update mechanism shows that different
agents specialize in distinct market dynamics, and ablation studies
certify routing with VAEs reduces maximum drawdown effectively,
and selective update improves convergence and performance.
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1 Introduction
Futures trading, as standardized financial contracts obligating the
purchase or sale of an asset at a predetermined price and date,
accounts for over 60% of the trading volume in the cryptocurrency
market [1]. This dominance is driven by its flexibility to take long
or short positions and its high leverage, which attract risk-seeking
traders and foster a highly liquid market. With a market capacity
of more than 60 trillion dollars, the cryptocurrency futures market
represents a crucial domain for quantitative trading.

As quantitative trading evolves, deep learning (DL) has become
popular for modeling complex dependencies using large-scale his-
torical data. In high-frequency trading, reinforcement learning (RL)
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Figure 1: Two challenges RL faces in future trading. The X-
axis is the timestamp; the y-axis represents the 1D t-SNE [22]
embedding of market state (technical indicators) 𝑦𝑡 , and the
colour represents the future 5-min return rate.

stands out amongDL approaches for optimizing sequential decision-
making processes. Unlike supervised learning (SL), which assumes
independent and identically distributed (IID) data, RL can handle
scenarios where changes in current positions affect trading costs
in subsequent decisions due to transaction costs. Although RL has
achieved significant success in various quantitative trading tasks
and markets [17, 23, 27, 29], most studies focus on low-leverage
markets such as stock trading, and are less applicable to the high-
leverage futures market due to 2 challenges as shown in Figure 1:
1) High leverage (e.g., 5×) amplifies the inherent stochasticity [21]
of financial markets, meaning that even in similar states, identical
actions can lead to vastly different rewards and subsequent states.
This phenomenon is illustrated in Figure 1 (a), where the future
price movements, represented by the color coding, show significant
variability even for nearly identical market state values along the y-
axis (1-dimensional market state𝑦𝑡 ) at different timestamps (x-axis).
Such differences highlight the aleatoric uncertainty inherent in fi-
nancial data, which undermines the convergence and stability of
RL algorithms, reduces data efficiency, and can lead to performance
decay [19]. 2) Previous works have overlooked the importance of
RL agents’ self-awareness of their capability boundaries, i.e., the
market states it can handle. Due to RL’s tendency to overfit the
training dataset, the policy becomes unreliable when confronted
with unseen market states during training, exposing it to substan-
tial capital loss [12]. For example, a black swan event in late 2022,
triggered by the US Federal Reserve’s aggressive interest rate hikes,
caused significant shifts in market states. As shown in Figure 1 (b), a
cluster near -20 in the 1-dimensional state representation suddenly
jumped to 20. Such dramatic changes increase the risk of liquidation
for RL agents which lack awareness of capability boundaries.

To tackle these challenges, we propose an eFficient and rIsk-
aware eNsemble rEinforcement learning for FuturesTrading (FineFT)
In stage I, we initiate 𝑁 deep Q-networks [16] (DQN) as ensemble
learners and pre-train them with transitions from demonstrations.
Then, an ensemble temporal difference (TD) error matrix, i.e., TD
errors across the learners for each transition, is computed. This
matrix selectively updates the learner with the smallest TD error
with its neighbors, enhancing training stability, performance, and
convergence. In Stage II, we back-test each ensemble element on
various market dynamics and then filter the ensemble based on
their profitability on each dynamic to reduce the size of the strategy

pool. Then, variational autoencoders (VAEs) for state representa-
tions from each market dynamic are also trained to capture the
capability boundary for each learner in the ensemble and detect out-
of-distribution (OOD) state representations during the test phase.
In stage III, guided by VAE losses of a rolling window of recent
market states representations, we dynamically select the optimal
agent from the filtered ensemble for in-distribution (ID) market
states to maximize profit while using a conservative policy for OOD
market states to mitigate risk. The main contributions are 4-fold:
• We introduce selective updates with neighbors, which enables
agents to segment non-stationary environments into stationary
sub-environments and learn optimal policies for each, signifi-
cantly improving training convergence and overall performance.
• To the best of our knowledge, FineFT is the first to use VAEs
for out-of-distribution (OOD) detection in RL for quantitative
trading to reduce risks from unseen market state representations.
• Through extensive experiments on 4 Crypto with diverse market
dynamics, evaluated at a minute-level scale, FineFT demonstrates
high profitability, significantly reduces risk, and outperforms
12 state-of-the-art baseline methods. The ablation studies show
that the selective update segments the market into meaningful
financial dynamics reduces the convergence steps, and boosts
the performance of the ensemble learners. VAEs effectively route
learners and significantly reduce the maximum drawdown.
• We develop a high-fidelity trading environment with adjustable
leverage, transaction costs, slippage and funding fees. The code
is at https://github.com/qinmoelei/FineFT_code_space.

2 Related Works
We first introduce technical analysis and traditional routing meth-
ods, followed by the application of reinforcement learning (RL) in
quantitative trading, with a focus on their respective limitations.

2.1 Technical Analysis & Traditional Routing
Technical analysis has been a fundamental tool in financial mar-
kets, relying on historical data to predict price movements [8]. For
instance, imbalance volume (IV) [6], indicating current buying and
selling pressures in the limit order book, is useful for short-term
price movement prediction, while moving average convergence
divergence (MACD) [11] which shows price trends in multiple time
windows, is commonly used in a single-dynamic market. Routing
methods are commonly used in Fintech to combine results frommul-
tiple predictors, allowing for more robust decision-making. These
methods dynamically select the best-performing model based on
historical performance. For instance, the Winnow algorithm [25]
adjusts weights iteratively, giving more importance to predictors
with better performance and improving decision accuracy.

However, technical analysis often experiences significant per-
formance volatility in non-stationary markets like Crypto, which
has been repeatedly criticized in recent studies [14, 17]. Moreover,
because Winnow relies on historical performance to select models,
it tends to perform poorly in sudden trend-reversal situations.

2.2 RL for Quantitative Trading
RL has demonstrated stellar performance under multiple quanti-
tative trading tasks. EHFT [17] and MHFT [29] use a hierarchical

https://github.com/qinmoelei/FineFT_code_space
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framework and optimal action value supervisor to train efficient RL
on multiple dynamics for high-frequency trading. DRA [4] utilizes
LSTM to capture trends with different time window lengths and
PPO [18] in high-frequency trading. CRP [28] incorporates random
perturbation to stabilize the training of a convolutional DQN [16].
RAQR [3] trains a QRDQN to handle the aleatoric uncertainty in
the RL and utilizes a risk-averse policy to avoid the worst case.
EDQN [5] utilizes different DQNs to handle different markets. SUN-
RISE [13] views the deviation of learners as the aleatoric uncertainty
and decreases the learning rate of the uncertain samples.

However, these studies focus on non-leveraged markets, over-
looking risk management and convergence issues. Consequently,
they lack sensitivity to black swan events, rendering them unreli-
able when applied directly to leveraged futures in Crypto.

3 Problem Formulation
This section first presents several finance concepts used to simulate
the trading process and then models this futures trading process as
a dynamic parametric Markov decision process (DP-MDP).

3.1 Financial Foundations for Futures Trading
We first introduce some fundamental financial concepts used to
describe state, reward, and action in the DP-MDP framework and
present the objective of futures trading using these concepts.
Limit Order book (LOB) refers to unfilled orders aggregated by
price and side, reflecting the micro-structure [15]. An m-level LOB
at time 𝑡 is denoted as𝐵𝑡 = (𝑝𝑏1𝑡 , 𝑝

𝑎1
𝑡 , 𝑞

𝑏1
𝑡 , 𝑞

𝑎1
𝑡 , ..., 𝑝

𝑏𝑚
𝑡 , 𝑝

𝑎𝑚
𝑡 , 𝑞

𝑏𝑚
𝑡 , 𝑞

𝑎𝑚
𝑡 ),

where 𝑝𝑏𝑖𝑡 (𝑝𝑎𝑖𝑡 ) is level 𝑖’s bid (ask) price, 𝑞𝑏𝑖𝑡 (𝑞𝑎𝑖𝑡 ) is the quantity.
Trades refers to executed orders, denoted as 𝑇𝜏0 :𝜏𝑡 from time 𝜏0 to
time 𝜏𝑡 , where an executed order𝑇𝑡 = (𝑝𝑡 , 𝑞𝑡 , 𝑐𝑡 ) at time 𝑡 is defined
by the price 𝑝𝑡 , quantity 𝑞𝑡 and side 𝑐𝑡 respectively.
Mark Price refers to the reference price used to calculate the fair
value of the holding position. It is denoted as𝑀𝑡 at timestamp 𝑡 .
Technical Indicators indicate features calculated by a function of
the past trades and LOB to predict future price movements, denoted
as 𝑦𝑡 = 𝜙 (𝐵𝑡 , 𝑀𝑡 , ..., 𝐵𝑡−ℎ, 𝑀𝑡−ℎ,𝑇𝑡−ℎ:𝑡 ), where 𝜙 is a function.
Position is the amount of asset a trader holds, denoted as 𝐻𝑡 at
time 𝑡 . Relative to 0, it indicates having a long or short position.
Leverage refers to the ratio of the value of the wanted asset to the
capital required (margin), denoted as 𝐿𝑡 at time 𝑡 , and it magnifies
the maximum position a trader can hold under the same capital.
Market Order Loss refers to the loss caused by the difference
between the executed price and the mark price when executing
market orders. It is denoted as𝑂𝑡 and calculated as𝑂𝑡 = 𝑐𝑡 (

∑
𝑖 (𝑝𝑐𝑖𝑡 ×

min(𝑞𝑐𝑖𝑡 ,Δ𝑖−1)) × (1 + 𝜅) −𝑄𝑀𝑡 ), where 𝑐𝑡 is 1/ask for buying and
-1/bid for selling, 𝑝𝑐𝑖𝑡 , 𝑞

𝑐𝑖
𝑡 refer to the price and quantity in level

𝑖 LOB 𝐵𝑡 , 𝑄 is the total trading quantity, Δ𝑖−1 is the remaining
quantity after level 𝑖 in 𝐵𝑡 , 𝜅 refers to the commission rate.
Funding fee refers to interests required to borrow capital for lever-
aging a position. Denoted as 𝐹𝑓 𝑡 = 𝐹𝑟𝑡 × 𝐻𝑡 , it is determined by a
funding rate 𝐹𝑟𝑡 , which is given by the exchange and determined
by the price difference between spot and futures, and the position.
Margin Balance 𝑉𝑡 refers to the sum of cash (wallet balance) and
position value, where the realized PnL, such as transaction cost or
funding fee, is directly deducted from the cash, and the unrealized

PnL, such as position value increments due to non-zero position
and mark price fluctuations, is included in the total position value.
Our Objective is to maximize the margin balance via market orders
with leverage on a single asset at a minute-level time scale.

3.2 Dynamic Parametric MDP Framework
In this subsection, we formulate futures trading as a DP-MDP [24].
A DP-MDP is defined by the tuple: (𝑆 , 𝐴, 𝑃 , 𝑟 , 𝛾 ,𝑇 ,𝑍 ,𝑃𝑧 ), where 𝑆 is
the state space and 𝐴 is the action space. 𝑍 is the dynamic space,
which determines the transition function 𝑃 : 𝑆 ×𝑍 ×𝐴×𝑆 → [0, 1].
𝑍 also has its transition function 𝑃𝑧 : 𝑍 × 𝑍 → [0, 1], where the
dynamics evolve much slower than state transitions. This indicates
that within a short time horizon, the experienced transitions can
be viewed as resulting from a static MDP. 𝑟 : 𝑆 ×𝐴 × 𝑆 → 𝑅 is the
reward function, 𝛾 ∈ (0, 1] is the discount factor and 𝑇 is the time
horizon. In a DP-MDP, the agent receives the current state 𝑠𝑡 ∈ 𝑆
from the environment, performs an action 𝑎𝑡 ∈ 𝐴, and moves to the
next state 𝑠𝑡+1 ∈ 𝑆 with a reward 𝑟𝑡 , but the current dynamic 𝑧 is not
explicitly revealed to the agent. An agent’s policy is defined by 𝜋𝜃 :
𝑆×𝐴→ [0, 1], which is parameterized by 𝜃 . A router’s policy is 𝜋𝜃𝑟 :
𝑆 ×𝐴→ 𝑍 , parameterized by 𝜃𝑟 . Our goal is to learn a set of agent
policies Π𝐴 =

(
𝜋𝜃1 , · · · , 𝜋𝜃𝑚

)
, and a router 𝜋𝜃𝑟 to composite an

optimal strategy 𝜋∗ = argmax𝐴,𝜃𝑟 𝐸Π𝐴,𝜋𝜃𝑟
[∑𝑇

𝑡=0 𝛾
𝑡𝑟𝑡 |𝑆0, 𝑍0], where

𝑆0 is the initial state and 𝑍0 is the initial dynamic.
State 𝑆𝑡 consists of 2 parts: market state, consisting of around 300
technical indicators 𝑦𝑡 and personal state, which is the position 𝐻𝑡 .
Dynamic 𝑍𝑡 refers to the dependence of market state and price
movements, which cannot be reflected in the current market state.
Reward 𝑟𝑡 denotes margin balance change, including valuation
and order loss [17, 29], and is computed in Equation 1.

𝑟𝑡 =𝑉𝑡+1 −𝑉𝑡 = 𝐻𝑡 (𝑀𝑡+1 −𝑀𝑡 ) −𝑂𝑡 (1)

Action 𝑎𝑡 at time 𝑡 refers to the target position with corresponding
leverage choice from a finite pre-defined pool 𝐴 = {−𝐻𝑙1 , · · · , 𝐻𝑙𝑛 },
where {−𝐻, · · · , 𝐻 } represents the position pool and {𝑙1, · · · , 𝑙𝑛} is
the leverage pool. We conduct the market order instantly to fill the
gap between the current position and leverage and the target.

4 Method
In this section, we demonstrate three stages of FineFT as shown
in Figure 2. In stage I, we selectively update the ensemble deep
Q-networks (EDQN) based on the ensemble TD errors to enhance
training efficiency. In stage II, we filter the ensemble based on
profitability under various dynamics to reduce the strategy pool size
and train VAEs for each dynamic to identify the filtered learners’
capability boundaries regarding market state representation. In
stage III, we dynamically choose from the filtered ensemble and
a conservative policy, guided by VAEs’ losses, to ensure stable
performance in the non-stationary environment and mitigate risk
when confronting unseen market state representations.

4.1 Efficient Ensemble with Selective Update
While a mixture of experts (MoE) has shown exceptional results
in quantitative trading tasks [21], it comes with a significantly in-
creased computational burden. Unlike previous approaches aiming
to improve each learner’s training efficiency [17], our method first
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Figure 2: The overview of FineFT. First, we compute ensemble TD errors for selective updates to enhance efficiency. Then, we
filter the ensemble based on performance across different dynamics and train VAEs for each dynamic to identify the ensemble’s
capability boundaries. Finally, VAEs route the ensemble and a conservative policy for stable performance and risk reduction.

Algorithm 1 Constrained Optimal Action Value
(Line 4: Dynamic Programming with Eq 1; Line 6: Constraint Masking)
Input: LOB Series 𝐵, Markprice Series𝑀 with Length 𝑁 , Action
Space 𝐴, Mask Punishment 𝑃 , Capital 𝐶 .
Output: Tabular 𝑄∗ of Optimal Action Value at Time 𝑡 , Capital 𝐶 ,
Position 𝑝 , and Action 𝑎.
1: Initialize 𝑄∗ with shape (𝑁, |𝐴|, |𝐴|) and all elements 0.
2: for 𝑡 ← 𝑁 − 1 to 1 do
3: for 𝑝, 𝑎 ← 1 to |𝐴| do
4: 𝑄∗ [𝑡, 𝑝, 𝑎] ← max

𝑎′
𝑄∗ [𝑡 + 1, 𝑎, 𝑎′] + 𝑟𝑡 // Future LOB

5: if 𝑉𝑡 ≤ 𝐶 then
6: 𝑄∗ [𝑡, 𝑝, 𝑎] ← 𝑄∗ [𝑡, 𝑝, 𝑎] − 𝑃 // Apply Masking
7: end if
8: end for // Rollout All Position-Action Pairs
9: end for // Rollout Each Timestamp
10: return 𝑄∗

equally pre-trains each learner to establish common knowledge,
then employs a selective update strategy that prioritizes updates for
the learner with the best estimation, i.e., the smallest TD error, of
the current dynamic transitions, along with its neighbors to reduce
the computational cost. Our goal in this stage is to train an ensem-
ble DQN where each individual agent within the ensemble learns
an optimal policy tailored to a specific dynamic 𝑍 in the DP-MDP.

First, each learner in the ensemble is initialized with the identical
multilayer perception (MLP) structure but a different random seed.
Then, we individually assign a unique index from 1 to N to each
learner, where N is the number of learners, before equally pre-
training the ensemble and selectively updating with neighbors.
Pretrain with Demonstration. In real trading companies, most
new traders are trained together before trading separately. Inspired
by this, we first train all the agents with the same transitions equally

before the selective update. Inspired by [17], a constrained opti-
mal action value is constructed as shown in Algorithm 1 to create
demonstration transitions as an optimal actor by choosing the ac-
tion with the largest action value given the state and, as an optimal
value supervisor, to help update the EDQN. The computational
complexity of this process is 𝑂 (𝑇 ), where 𝑇 denotes the number
of timestamps. We further utilize 3 additional policies to generate
more diverse transitions for better generalization, which include
1) emptying the position, 2) longing the maximum position, and 3)
shorting the maximum position. We update each agent using Huber
TD error to avoid the influence from outliers and the optimal value
supervisor to boost the learning of advantage value across different
actions for the same state as shown in Equation (2),

𝐿(𝜃𝑖 ) = 𝐿𝑡𝑑𝑖 + 𝛼𝐾𝐿(𝑄 (𝑠, ·;𝜃𝑖 ) | |𝑄∗ (𝑠, ·)) (2)

where 𝐾𝐿(𝑄 (𝑠, ·;𝜃𝑖 ) | |𝑄∗ (𝑠, ·)) is the KL-divergence of the agent
with index 𝑖’s action value and the optimal action value. 𝐿𝑡𝑑𝑖 is the
Huber temporal difference error and is defined as

𝐿𝑡𝑑𝑖 =H
(
𝑟 + 𝛾 max𝑄 (𝑠, ·;𝜃 ′𝑖 ) −𝑄 (𝑠, 𝑎;𝜃𝑖 )

)
(3)

𝛾 is the decay coefficient, andH(𝑥) is the Huber loss [9], preventing
influence from outliers by using mean absolute error for large error
and mean square error for small scale errors. It is defined as

H(𝑥) =
{
1
2𝑥

2 if |𝑥 | ≤ 𝛿
𝛿 ( |𝑥 | − 1

2𝛿) otherwise
. (4)

During pre-training, each learner is updated equally regarding each
transition, and the total loss for all learners could be described as

𝐿(𝐸)𝑝𝑟𝑡 =
𝑁∑︁
𝑖

𝐿(𝜃𝑖 ) . (5)

Pretraining with demonstration enables the ensemble to rapidly
acquire fundamental trading principles (e.g., not trading too fast or
recklessly), thereby expediting the convergence process.



FineFT: Efficient and Risk-Aware Ensemble Reinforcement Learning for Futures Trading KDD ’26, August 09–13, 2026, Jeju Island, Republic of Korea

Algorithm 2 Construction of Weight Matrix
(Line 3-5: Diagonal Element; Line 6-9: Non-Diagonal Element)
Input: ETD Error Matrix L, Neighbor Number𝑚
Output:W indicating the Weights assigned to Learners
1: InitializeW with shape (𝑁, 𝑁 ) and all elements 0
2: 𝑖∗ ← argmin𝑖 𝐿𝑖𝑖 ; 𝑖min ← max(𝑖∗ −𝑚, 1);
𝑖max ← min(𝑖∗ +𝑚, 𝑁 ) // Confirm Update Agent Index Range

3: for 𝑖 = 𝑖min to 𝑖max do
4: W𝑖𝑖 ← 1 − |𝑖−𝑖∗ |

𝑖max−𝑖min
// Diagonal Element Decay

5: end for
6: for 𝑖, 𝑗 ← 1 to 𝑁 do
7: if 𝑖 ≠ 𝑗 then
8: W𝑖 𝑗 ← min(W𝑖𝑖 ,W𝑗 𝑗 ) ×

(
1 − |𝑖− 𝑗 |

𝑖max−𝑖min

)
9: end if // Non-Diagonal Decay
10: end for

Selective Update with Neighbors. Though various dynamics
share some fundamental trading principles, the most profitable
strategies under different market dynamics often conflict with each
other, highlighting the importance of a diverse strategy pool. Previ-
ous works [17, 21] use preference sampling to update the learners
independently for the ensemble’s diversity, causing a huge compu-
tational burden. To address this problem, we demonstrate a more
efficientway of training ensembles: assigning transitionswith differ-
ent weights to different agents. Specifically, we first collect enough
transitions generated by 𝜖-greedy policy from each learner and
the optimal actor from the optimal action value. Then, for each
transition, we assign larger weights to the learner with a more ac-
curate Q-value estimation and its neighbors (learners whose index
is close to the accurate learner’s index), i.e., we prioritize updating
the agents already with strong performance and their neighbors
in the given dynamic while keeping those with poor performance
untouched, because those learners with poor performance under
this given dynamic may performwell under a different dynamic and
using the experience under the given dynamic will poison their per-
formance on the dynamic where they excel. This method is effective
because the agent’s updates are tied to transitions from a specific
dynamic, preventing random updates and ensuring more focused
learning. When the agent is updated with transitions from a partic-
ular dynamic, its Q-value estimates improve within that context. As
these estimates become more accurate, the TD error from the same
dynamic decreases, making it more likely that future transitions
from the same dynamic will be used for subsequent updates for the
same agent. This creates a positive feedback loop, progressively
reinforcing the agent’s specialization within that dynamic.

To determine the specific weights assigned to different learners
for each transition, an ensemble temporal difference (ETD) error
matrix for each transition is firstly calculated in Equation 6.

𝐿 =
©­­«
𝐿11 · · · 𝐿1𝑁
.
.
.

. . .
.
.
.

𝐿𝑁 1 · · · 𝐿𝑁𝑁

ª®®¬ (6)

𝐿𝑖 𝑗 is the Huber TD error across learner 𝑖 and 𝑗 , defined as Equa-
tion (7), where 𝐿𝑖𝑖 is just the Huber TD error of agent 𝑖 .

𝐿𝑖 𝑗 =H
(
𝑟 + 𝛾 max𝑄 (𝑠′, ·;𝜃 ′𝑗 ) −𝑄 (𝑠, 𝑎;𝜃𝑖 )

)
(7)

Then, we compute the weight matrix, whose shape is the same
as the ETD error matrix, using Algorithm 2, where we first find
out the index of the learner with the least Huber TD error 𝑖∗, then
expand the index range according to the predefined neighbor size
𝑚. Then, we compute the weights for the diagonal elements, where
𝑖∗𝑡ℎ element’s weight is 1, and the rest of the weights decay to 1

2 for
the boundary element 𝑖𝑚𝑖𝑛 and 𝑖𝑚𝑎𝑥 . Those indices not covered in
the range remain 0. Finally, we calculate the non-diagonal element
as the minimum diagonal value at its row and column times a decay
based on the absolute value of the subtraction between its row and
column indices. After constructing the weight matrix for the given
transition (𝑠, 𝑎, 𝑟, 𝑠′) with 𝑂 (𝑁 +𝑚2) complexity, where 𝑁 is the
ensemble size and𝑚 is the neighbor size, we further take its diagonal
elements to form a weight vector dW =

(
W11 · · · W𝑁𝑁

)
as a

weight for each learner with the optimal supervisor. The total loss
for selective update given the transition (𝑠, 𝑎, 𝑟, 𝑠′) is defined as

𝐿 =

𝑛∑︁
𝑖=1

𝑛∑︁
𝑗=1
W𝑖 𝑗𝐿𝑖 𝑗 + dW𝑂𝑇

KL (8)

where 𝑂KL =
(
KL1 · · · KL𝑁

)
is the optimal supervisor loss vec-

tor and KL𝑖 = KL(𝑄 (𝑠, ·;𝜃𝑖 ) | |𝑄∗ (𝑠, ·)) is the optimal supervisor’s
loss for agent 𝑖 . The final loss could be viewed as a weighted version
of Equation (5) with some cross-learner regulation for similar dy-
namics, improving the training efficiency and performance upper
bond by sharing transitions among learners for similar dynam-
ics and preventing experience poisoning from extremely different
dynamics.

4.2 Ensemble Filter & Boundary Identification
To effectively route the ensemble during the testing phase, it is
crucial to identify the market conditions under which each learner
performs well or poorly. While previous research has back-tested
low-level RL agents under different dynamics to minimize the strat-
egy pool size for improving routing efficiency, we are the first to
propose not only filtering the ensemble based on their profitabil-
ity under various dynamics to reduce the ensemble size but also
training VAEs for each market dynamic to capture market state
representations, thereby gaining a deeper understanding of the
capability boundaries within which learners perform well.
Ensemble Filter based on Profitability Performance. After
training an ensemble with diverse strategies, it is essential to iden-
tify the specificmarket dynamics for each strategy best suited.Many
empirical methods divide a long market time series into various
dynamics. Here, we follow the market dynamics division based on
slope [17], where the sequence is first passed through a low-pass
filter to remove high-frequency noise, and local extrema points
are identified to segment the sequence into smaller chunks. If the
slope differences between adjacent chunks are insignificant, these
chunks are merged, and we continue the merging process until
there are no chunks left to be merged. By applying this algorithm,
we can obtain𝑚 distinct market dynamics, where each dynamic
comprises multiple segments of continuous time series data. We
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Algorithm 3 Risk-Aware Heuristic Routing
(Line 1-4: EMA Reference Score Computing; Line 5-9: Routing)

Input: Selected Strategies Π = (𝜋1 · · · 𝜋𝑚), VAEs𝑀𝑣 , Reference
Scores 𝑅, State Window 𝑌𝑢

𝑇
, time decay 𝛾 , reject threshold 𝜏

Output: Current Strategy 𝜋
1: for Dynamic 𝑖 from 1 to𝑚 do
2: Obtain state score 𝑅𝑖𝑡 from VAE𝑀𝑣𝑖 , 𝑌𝑢

𝑇
and 𝑅𝑖

3: Compute the EMA using Eq. 10 // Compute EMA Score
4: end for
5: Compute 𝑖 = 𝑎𝑟𝑔𝑚𝑎𝑥𝑖𝑅𝑒𝑖𝑢𝑇
6: if ℎ ≤ 𝜏 then
7: Return conservative policy 𝜋𝑐 // Choose Conservative

strategy
8: else
9: Return 𝜋𝑖 // Choose Heuristic Strategy
10: end if

then back-test each learner in our ensemble with different initial
positions. We then pick the agents that gain the highest average
profitability across all initial positions on each dynamic to form an
efficient, diverse, profitable strategy pool fit for routing.
Boundary Identification for State Representation. Picking
profitable learners under different market dynamics divided em-
pirically is insufficient for safe routing. We also should know the
capability boundary of each learner within which it can perform
optimally. To better understand these dynamics, we train VAEs [10]
for the market state representations from each market dynamic.
A VAE consists of an encoder compressing the input into a low-
dimensional distribution, regularized with a normal distribution,
and a decoder reconstructing the original input based on the sample
drawn from the low-dimensional distribution. Unlike standard au-
toencoders, VAEs provide a probabilistic measure of reconstruction
that accounts for the variability in data distribution, making them
a more principled and objective anomaly detection method and,
therefore, is often used in OOD detection. Here, for a total of𝑚
market dynamics, we first initialise 𝑚 VAEs with identical MLP
structures and random seeds. Then, for each market dynamic 𝑧𝑖 ,
the market states 𝑦𝑡 for 𝑡 belonging to dynamic 𝑖 are collected to
make the dataset 𝑌𝑖 =

(
𝑦𝑖1 · · · 𝑦𝑖𝑛𝑖

)
to update VAE 𝑖 . The loss

function for each VAE 𝑖 is defined as

𝐿𝑖 (𝑦 ∈ 𝑌𝑖 ) = 𝑁𝐿𝐿 (𝜇𝑑 , 0.5 log(𝜎2𝑑 ), 𝑦) + 𝐾𝐿𝐷 (𝜇, log(𝜎
2)), (9)

where the negative likelihood loss𝑁𝐿𝐿 (𝜇, log(𝜎2), 𝑦) = 1
2

(
(𝑦−𝜇 )2

exp(log𝜎 )2

)
+

log𝜎+ 1
2 log(2𝜋) refers to the reconstruction loss and𝐾𝐿𝐷 (𝜇, log(𝜎

2)) =
𝐾𝐿(𝑁 (𝜇, 𝜎2) |𝑁 (0, 𝐼 )) refers to normal distribution regulation. After
training 2000 epochs, we record −𝐿𝑖 (𝑦) of each VAE𝑀𝑣𝑖 for every
market from the corresponding dynamic 𝑧𝑖 , denoted as reference
scores 𝑅𝑖 =

(
−𝐿𝑖 (𝑦𝑖1) · · · −𝐿𝑖 (𝑦𝑖𝑛)

)
. So, in conclusion, we have

a set of filtered policies Π =
(
𝜋1 · · · 𝜋𝑚

)
, a set of trained VAEs

𝑀𝑣 =
(
𝑀𝑣1 · · · 𝑀𝑣𝑚

)
, and their corresponding reference scores

set 𝑅 =
(
𝑅1 · · · 𝑅𝑚

)
, which will be used in routing.

4.3 Risk-Aware Heuristic Routing
In Stage III, we construct a conservative policy for our strategy
pool to handle unseen markets in train or valid datasets. Then, we

Table 1: Dataset statistics detailing market, dynamics, step
size, and chronological period, where the dates are in the
YY/MM/DD formats, 22/01/01 indicating Jan 1st of 2022.

Dataset Test Dynamics Size From To

BNB/USDT Bear 210241 22/01/01 24/01/01
BTC/USDT Bull 210241 22/01/01 24/01/01
DOT/USDT Sideways 210241 22/01/01 24/01/01
ETH/USDT Sideways 210241 22/01/01 24/01/01

design a risk-aware heuristic routing mechanism to choose the
proper agent to gain stable performance under a rapidly changing
dynamic and avoid risks in the new market state representations.
Conservative Policy Design. We need a conservative strategy to
handle market state representations we have never encountered
during the training or valid phase. We design the conservative
policy as maintaining the position if the maximum drawdown of
this single trade is not over 5% or closing the position otherwise.
This conservative policy only focuses on closing the position instead
of opening positions, reducing the frequency of position changes.
It also ensures that the position is closed to mitigate further losses
once a stop-loss is triggered under unseen market representations.
RoutingwithVAEs’ Losses. Though a few previous works [17, 29]
have constructed hierarchical MDP and let the high-level agent
serve as the router, it is time-consuming to train such a meta-policy
because of RL’s poor data efficiency. Therefore, we utilize a heuristic
method based on scores from recent market states and trained
VAEs from stage II to determine which agent to conduct trading.
Given a sequence of recent market states 𝑌𝑢

𝑇
=

(
𝑦𝑇−𝑢 , · · · , 𝑦𝑇

)
,

each market state’s score 𝑅𝑖𝑡 is computed via empirical cumulative
distribution function (ecdf) from reference scores 𝑅𝑖 , followed by
an EMA smoothing, described in Equation (10),

𝑅𝑖𝑡 = 𝐹𝑅𝑖 (−𝐿𝑖 (𝑦𝑡 )), 𝑅𝑒𝑖𝑢𝑇𝑡 = 𝛾𝑅𝑒𝑖𝑢𝑇𝑡−1 + 𝑅
𝑖𝑢
𝑡 , 𝑅𝑒

𝑖𝑢
𝑇 = 𝑅𝑒𝑖𝑢𝑇𝑇

(10)

where 𝑅𝑒𝑖𝑢
𝑇𝑇 −𝑢

= 𝑅𝑖
𝑇−𝑢 for each market dynamic 𝑖 . We pick the dy-

namic 𝑖 = 𝑎𝑟𝑔𝑚𝑎𝑥𝑖𝑅𝑒
𝑖𝑢
𝑇

and compare it with a risk threshold 𝜏 .
If 𝑅𝑒𝑖𝑢

𝑇
is smaller than 𝜏 , we are unfamiliar with the recent mar-

ket representations and choose the conservative policy for safe
consideration. Otherwise, we choose the learner corresponding to
dynamic 𝑖 to conduct trading, as concluded in Algorithm 3.

5 Experiment
5.1 Experiments Setup
Datasets. To comprehensively evaluate the algorithm, testing is
conducted on 4 most mainstream cryptocurrencies over a period
exceeding 2 years, covering a variety of market conditions, includ-
ing bull, bear, and volatile markets, as summarized in Table 1. For
the dataset split, we use data from the last 6 months for testing, the
penultimate 6 months for validation, and the remaining 1 year for
training on all 4 datasets. We first train the EDQN on the training
dataset, then segment and label the validation dataset for perfor-
mance filter & boundary identification (VAE training) and tune
the hyper-parameter (risk threshold 𝜏 , time decay 𝛾 , and window
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Table 2: Performance comparison on 4 Crypto markets with 12 baselines, including 4 plain, 3 hierarchical, 2 ensemble, 1
distributional RL, and 2 rule-based methods. Pink, green, and blue results show the best, second-best, and third-best results.

Profit Risk-Adjusted Profit Risk Metrics Profit Risk-Adjusted Profit Risk Metrics

Market Model TR(%)↑ ASR↑ ACR↑ ASoR↑ AVOL(%)↓ MDD(%)↓ Market Model TR(%)↑ ASR↑ ACR↑ ASoR↑ AVOL(%)↓ MDD(%)↓

BNB

DRA -64.79 -1.51 -2.58 -13.43 6.53 72.88

BTC

DRA 21.93 0.94 2.12 4.90 6.90 58.28
PPO -59.58 -1.64 -2.59 -14.12 5.55 67.37 PPO 19.68 0.90 2.01 4.39 6.83 58.30

CRP -64.79 -1.43 -2.59 -12.98 6.92 72.88 CRP 19.61 0.85 1.79 4.62 6.44 58.30
DQN -55.85 -1.21 -2.14 -13.72 6.09 66.09 DQN -82.13 -12.03 -4.94 -51.81 1.77 82.37

MACD -82.85 -3.04 -4.12 -22.67 6.28 88.70 MACD -26.28 -0.17 -0.31 -9.44 5.91 60.17
IV -71.00 -1.59 -2.73 -14.31 6.59 73.21 IV -17.26 0.01 0.02 -4.26 5.80 63.25

EDQN -64.79 -1.51 -2.58 -13.43 6.53 72.88 EDQN 25.11 0.98 2.15 5.88 6.80 59.28
SUNRISE -66.75 -1.74 -2.80 -14.45 6.27 74.32 SUNRISE -7.91 0.37 0.76 -2.06 6.87 63.36

RAQR -68.88 -1.84 -3.10 -14.22 6.47 73.27 RAQR 2.84 0.57 1.10 0.71 5.19 51.19

WINOW 86.65 2.01 5.99 31.71 5.46 34.93 WINOW -34.03 -0.23 -0.56 -8.62 7.09 55.30
EHFT -69.32 -2.08 -3.26 -17.31 6.05 73.61 EHFT 33.44 1.42 2.73 10.78 4.29 42.61
MHFT -50.42 -0.81 -1.48 -9.10 6.47 67.95 MHFT -25.85 -0.32 -0.57 -7.27 4.46 47.97

FineFT 83.70 2.55 11.19 101.17 3.57 15.49 FineFT 76.90 2.13 7.44 39.51 4.29 23.51

DOT

DRA -65.15 -1.63 -2.63 -15.21 6.20 73.36

ETH

DRA -46.56 -0.77 -1.44 -10.86 6.18 63.20
PPO -65.65 -1.63 -2.64 -15.18 6.27 73.80 PPO -46.08 -0.74 -1.39 -10.68 6.23 63.01

CRP -73.13 -4.12 -4.09 -27.08 3.93 75.58 CRP -46.06 -0.95 -1.69 -11.36 5.88 62.96
DQN -64.89 -1.35 -2.40 -13.66 6.84 73.42 DQN -73.15 -3.94 -3.88 -27.31 3.89 75.48

MACD 26.07 1.10 2.72 6.24 7.74 60.01 MACD -73.93 -2.78 -3.49 -21.52 5.30 80.85
IV -66.24 -1.67 -2.70 -15.32 6.26 73.80 IV -50.53 -1.04 -1.82 -12.29 5.87 63.87

EDQN -65.65 -1.63 -2.64 -15.18 6.27 73.80 EDQN -46.00 -0.73 -1.39 -10.65 6.23 62.96
SUNRISE -59.18 -1.02 -1.84 -12.51 6.94 73.60 SUNRISE -81.22 -4.45 -4.57 -23.85 4.48 83.36

RAQR -4.45 -4.47 -1.76 -45.61 0.10 4.72 RAQR -5.94 -4.10 -2.65 -13.75 0.21 6.08

WINOW -81.86 -4.17 -4.63 -26.72 4.85 83.35 WINOW 26.36 1.06 3.55 6.98 6.59 37.55
EHFT 89.00 1.95 4.09 19.78 6.28 57.18 EHFT 48.72 1.49 3.33 10.66 5.65 48.33
MHFT 220.44 3.48 10.47 65.02 5.10 32.44 MHFT -75.16 -2.21 -3.26 -15.37 6.32 81.79

FineFT 18.39 1.08 2.50 14.46 2.64 21.87 FineFT 39.05 1.74 5.78 14.45 2.96 16.96

length 𝐿) for heuristic routing on the validation dataset. The final
model is tested in the test dataset.
Evaluation Metrics. We compare FineFT with 12 state-of-the-art
baseline models using six widely-used financial metrics, as outlined
in previous works [17, 20, 26, 29]. These metrics include one profit
metric—total return rate (TR)—three risk-adjusted profit metrics:
annual Sharpe ratio (ASR), annual Calmar ratio (CR), and annual
Sortino ratio (ASoR), as well as two risk metrics: maximum draw-
down (MDD) and annual volatility (AVOL).
Training Setup. All experiments were conducted on a server
equipped with four NVIDIA RTX 4090 GPUs and an AMD Ryzen
Threadripper PRO 5995WX CPU, with a total computation time of 6
hours. For a fair comparison, we applied the same hyperparameters
used in FineFT (if included) to the baseline models. The transaction
cost was set at 0.02%, aligned with Binance’s regulations, and a
leverage factor of 5 was utilized.
Baselines To evaluate FineFT comprehensively, we selected 12
baselines to compare with FineFT: 2 policy-based RL algorithms,
PPO [18] and DRA [4], 2 value-based RL algorithms, DQN [16] and
CRP [28], 2 widely used rule-based trading strategies, MACD [11]
and IV [6], 2 ensemble RL algorithms: ensemble DQN (EDQN) [2]

Table 3: Convergence efficiency and performance analysis
comparison of the efficient ensemble with selective updates.
Pink and green demonstrate the best and second-best results.

Meth CS↓ Dyn RS↑ Meth CS↓ Dyn RS↑

EP 71712

1 2.86

ER 112320

1 2.86
2 2.14 2 2.15
3 0.50 3 0.48
4 4.98 4 4.98
5 9.14 5 9.14

FP 66528

1 45.29

FwoP 79488

1 37.34
2 18.21 2 16.18
3 4.77 3 6.39
4 24.48 4 25.53
5 40.23 5 46.17

and SUNRISE [13], 1 distributional RL algorithm: RAQR [7], and 3 hi-
erarchical RL algorithms: WINOW [25], EHFT [17] and MHFT [29].
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Figure 3: Routing result of VAEs along time during the test
phase. The x-axis represents the timestamp. The y-axis rep-
resents the proportion of different market dynamics.

5.2 Comparison with Baselines
According to Table 2, our method achieves the lowest risk in all
4 datasets, the highest risk-adjusted profit in 3 datasets, and the
highest profit in 2 datasets. Value-based methods (CRP and DQN)
perform well when the market trend is stable and the gap between
the validation and the test dataset is small. CRP performs better
than DQN, demonstrating the importance of training stability in a
high-stochastic environment. The policy-based methods (DRA and
PPO) generally outperform DQN. However, they fail to surpass the
Constant Rebalanced Portfolio (CRP), suggesting that policy-based
approaches may converge prematurely to suboptimal policies in
non-stationary environments, thereby failing to identify the global
optimum. Yet the difference between the DRA and PPO is not evi-
dent; demonstrating LSTM does not help much in state representa-
tion under a stochastic environment. Rule-based methods (MACD
and IV) rely heavily on the similarity between the validation dataset
and test dataset since we pick the hyperparameter using the result
from the validation dataset, and the overall performance is ex-
tremely sensitive to those hyperparameters. Ensemble RL methods
(EDQN and SUNRISE) and distributional RL (RAQR) demonstrate
stable performance while effectively mitigating risk due to reduced
variance. Hierarchical RL (WINOW, EHFT and MHFT) achieve
significantly higher profit performance compared to the aforemen-
tioned methods. Moreover, their performance is less dependent on
the similarity between validation and test datasets, highlighting
their robustness in diverse scenarios. However, these hierarchical
methods exhibit high maximum drawdowns, attributed to a lack of
clear understanding of their capability boundaries. FineFT retains
its performance under familiar market states, profiting like the
previous hierarchical RL methods, while it becomes conservative
when it confronts unfamiliar market states and, therefore, avoids
huge losses.

5.3 Ablation
In this section, we conduct ablation experiments to demonstrate
the effectiveness of the efficient ensemble with selective updates
and risk-aware heuristic routing on BTCUSDT.
TheEffectiveness of Efficient Ensemblewith SelectiveUpdate.
To demonstrate the improved efficiency and performance in the
training strategy pool given by the efficient ensemble with selective
update, we conduct an ablation study on whether to use ensemble
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Figure 4: BTC Return Curve: Highlighting the relationship
between updated agent indices and market dynamics, with
the x-axis representing time, the y-axis showing cumulative
returns, and colors indicating updated agent indices.

learning or pre-train on 5 dynamics. We utilize the convergence
steps (CS) to demonstrate the training efficiency and reward sum
(RS) to demonstrate the converged performance. Besides FineFT
with pre-training (the original training method for strategy pool in
FineFT, FP), there are other 3 baselines to compare the performance:
1) EHFT with prioritized episode selection (EP), where each agent is
trained independently and does not share any transitions but data
chunk for each agent’s training is sampled with different preference
based on market trend for each agent. 2) EHFT with random dataset
selection (ER), where each agent is trained independently, and data
is randomly sampled for every agent. 3) FineFTwithout pre-training
(FwoP), where agents are not trained equally before selective up-
dates. The result shows that FP and FwoP demonstrate the best
converged-result while EP and FP converge within the fewest steps.
Overall, the FineFT with pre-training (FP) demonstrates the best
performance with the least number of steps required to converge.
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Figure 5: Risk-aware routing performance. The x-axis is the
timestamp; the y-axis shows FineFT and subagents’ returns.

The Effectiveness of Risk-Aware Heuristic Routing. We ex-
amine the effectiveness of the risk-aware routing mechanism by
analyzing how the routing results evolve and the performance
comparison among the FineFT, FineFT without the risk threshold
(FineFT_wo_risk), and each agent from the strategy pool. Figure 3
shows how the routing result evolves. In most periods, the conser-
vative policy dominates the routing outcome, and we can see an
increase in the proportion of conservative policy as the timestamp
is further away from the train and valid dataset. Figure 5 is the
performance comparison of the routing. It shows that FineFT is the
best, while FineFT_wo_risk beats any other single agent. Agents
for a bear market and pullback market are very similar, making a
profit in July when the price dropped, while the sideways, rally, and
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bull market made profits from August to October when the price
increased. The FineFT takes advantage of both sides and closes its
position in a volatile dynamic, where market state representations
are not met in the validation dataset to avoid potential loss.

5.4 Case Study
In this section, we first visualize the relationship between market
dynamics and the corresponding agent being updated based on
selective updates. Then, we present a scenario where the VAE
model successfully detects a significant change inmarket conditions
through its rejection mechanism. This rejection coincided with a
fundamental event, leading to a sudden shift in price dynamics.
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Figure 6: OOD detection with VAE. The X-axis represents the
timestamp, and the y-axis is the price of BNB. The red and
green symbol shows the buy and sell signal from FineFT.

Visualisation of the market dynamic and selected index. To
validate the proposed selective update with the neighbour mecha-
nism, a visualisation between the market dynamics and updated
index is designed to demonstrate that agents do not learn randomly
but instead specialise in handling distinct market dynamics. As
shown in Figure 4, we utilize 7 agents for selective update with
neighbours. Each shows its speciality in the dynamic: agents corre-
sponding to labels 4 and 5 primarily update during sudden price
surges, label 7 handles significant price drops, labels 0 and 1 focus
on minor fluctuations, and labels 2 and 3 manage larger market
movements. This clear alignment between agents and market dy-
namics validates the selective update with neighbors mechanism’s
ability to promote specialization and avoid random learning.
Detecting Market Anomalies with VAEs. Figure 6 illustrates
using a VAE to handle unseen market state representations during
test time, focusing on BNB’s price movements in July 2023. De-
spite no explicit closing signals from the selected agent, FineFT
proactively closed a position upon encountering unfamiliar states,
indicated by a large mean VAE loss over a rolling window. This
action avoided losses from subsequent price declines, coinciding
with a macro event in BNB: an on-chain upgrade aimed at enhanc-
ing bucket status management, including introducing a new status
classification and resolving previous migration-related issues.

6 Conclusion
This paper proposes FineFT, a novel three-stage ensemble RL ap-
proach for handling high stochasticity and risk for unseen markets
in futures trading. First, an ETD error is computed to update the
learner selectively to improve data efficiency and performance.
Then, the ensemble is back-tested on various dynamics modelled

by VAEs. Finally, we utilize risk-aware heuristic routing to avoid po-
tential loss caused by epistemic uncertainty. Extensive experiments
show FineFT’s high profitability and strong risk management. Vi-
sualization and trading cases demonstrate that selective updates
enable automated market segmentation, and the risk-aware rout-
ing mechanism effectively detects macroeconomic events. Ablation
studies demonstrate their effectiveness in performance.
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