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Abstract—Decentralized Finance (DeFi) transaction sequences
can obscure a user’s high-level goal behind multi-step smart-
contract calls, routing abstractions, and rapidly changing mar-
ket conditions. Many prior intent-mining pipelines rely on
transaction-level semantic labels, which can miss the sequential
decision structure of long-horizon strategies. We formulate DeFi
intent discovery as sequential reward inference and learn a
parametric reward Ry(s,a) from expert demonstrations via
Maximum Entropy Inverse Reinforcement Learning (MaxEnt
IRL). To capture short-horizon market trends under volatility
and partial observability, we augment the state with a temporal
market-gradient term V,m, defined as the block-to-block finite
difference of market-state variables. We refer to this state design
as Chemo-IRL. To enable controlled synthetic evaluation under
intent hiding, we introduce Gym-DeFi, a Gymnasium-compatible
simulator with a configurable action-obfuscation channel that
corrupts observed action identifiers during data generation. We
evaluate reward recovery using Reward Recovery Error (RRE)
and downstream intent probing using macro-F1 from a fixed
post-hoc attribution-based decoder. On this controlled synthetic
benchmark under high obfuscation, Chemo-IRL attains the
lowest RRE among intent-label-free baselines while remaining
competitive on macro-F1 within the same label-free setting. These
results should be interpreted as benchmark-level comparisons in
a controlled synthetic environment rather than as direct evidence
of real-world DeFi deployment performance.

Index Terms—Decentralized Finance, Intent Discovery, Rein-
forcement Learning, Blockchain Analytics, Sequential Decision
Making

I. INTRODUCTION

The Ethereum blockchain [1], [2] and its Layer-2 scaling so-
lutions have created an open, adversarial financial environment
where user goals are rarely stated explicitly. A user’s intent,
the objective underlying a sequence of transactions, is often
entangled with low-level contract calls and rapidly evolving
market conditions. This makes intent inference challenging,
especially when action identifiers (e.g., protocol/function sig-
natures) are uninformative or noisy. More broadly, prior work
in cryptocurrency analytics suggests that volatile digital-asset
markets are sensitive to external information signals such as
news and social-media activity [3].

Many existing approaches emphasize transaction-level se-
mantic annotation or supervised intent labeling of atomic
actions. While useful, static classification can obscure tem-
poral dependencies and long-horizon strategies composed of
multiple steps. For example, a user may approve a router to
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spend USDC, swap USDC for WETH, deposit WETH as
collateral, and then borrow USDC. A static classifier may
label these as separate atomic intents, whereas the composite
strategy corresponds to leveraged exposure that is defined by
sequential composition and implicit utility maximization.

Rather than directly predicting an intent label from a
sequence (e.g., via an LSTM or Transformer classifier), we
seek an explicit utility signal that explains expert behavior
and supports analysis beyond classification (e.g., preference
inference and counterfactual evaluation) [4]. We therefore
cast DeFi intent discovery as sequential reward inference in
a Markov Decision Process and learn a parametric reward
model under the Maximum Entropy principle from expert
demonstrations. The learned model assigns higher probability
to trajectories that accrue higher discounted reward, while
remaining stochastic to account for noise and partial observ-
ability.

Our analogy is used as a modeling motivation rather than
an IRL objective. In bacterial chemotaxis, agents bias actions
using temporal sensing of concentration changes. Analogously,
we include a temporal market-gradient term V;m in the state
to expose short-horizon trends that are informative for multi-
step DeFi strategies under volatility and partial observability.

We study intent discovery under action-identifier obfusca-
tion, where logged action identifiers may be corrupted during
data generation. Our contributions are:

o Chemo-IRL. We cast DeFi intent discovery as sequential
reward inference and instantiate MaxEnt IRL with a
compact reward model, using a temporal market-gradient
state term V;m and a deterministic semantic feature
interface ¢(s,a).

o Gym-DeFi. We introduce a Gymnasium-compatible sim-
ulator for controlled and reproducible DeFi-style sequen-
tial decision making, including a configurable action-
obfuscation channel and standard evaluation interfaces.

o Reproducible evaluation. On a lightweight synthetic
benchmark, we compare supervised, heuristic, and label-
free baselines using reward recovery (RRE) and down-
stream intent macro-F1 under a fixed decoder, highlight-
ing the trade-off between behavior matching and discrete
intent decoding under high obfuscation.



II. RELATED WORK
A. Intent Mining in Blockchain

Recent blockchain analysis increasingly emphasizes seman-
tic lifting of smart-contract interactions from calldata, logs,
and execution traces into higher-level representations. In DeFi,
intent is often expressed through compositional, cross-protocol
sequences, and prior work has studied how complex transac-
tions can be decomposed into reusable building blocks [5].
The TIM framework proposes an intent taxonomy and assigns
intent labels from transaction-level signals [6]. In contrast to
semantic annotation that operates at the transaction level, we
model user behavior as a sequential decision process and infer
a latent reward that explains observed trajectories, with intent
treated as a downstream interpretation of the recovered reward.

B. Inverse Reinforcement Learning

Inverse Reinforcement Learning (IRL) seeks to recover a
reward function from expert demonstrations [7]. Maximum
Entropy IRL resolves reward ambiguity by modeling expert
trajectories as a maximum entropy distribution [8], and has
inspired modern imitation and distribution-matching baselines
such as GAIL, AIRL, SQIL, and ValueDICE [9]-[12]. Several
IRL directions are closely related to intent discovery, including
learning mixtures of latent rewards from unlabeled demonstra-
tions in multi-intention IRL [13] and adversarial settings where
agents may hide strategy from an inverse learner [14]. Recent
work also highlights that matching demonstrations may not
imply recovering task-relevant rewards, framing a gap between
data alignment and task alignment [15], which echoes the
trade-off we observe between reward recovery and downstream
intent classification.

C. Biological Chemotaxis Models

Bacterial chemotaxis illustrates gradient seeking under un-
certainty, where temporal sensing biases motion toward attrac-
tants [16], [17]. We use this literature only as a modeling anal-
ogy to motivate a temporal gradient term in the state, rather
than to model biochemical mechanisms or solve chemotaxis
dynamics.

III. METHODOLOGY

We use standard Markov Decision Process notation. a§°*"

denotes the pre-obfuscation action identifier and a, denotes
the observed identifier used for learning and evaluation.

A. Chemotactic Markov Decision Process

We define the DeFi environment as a Markov Decision
Process M = (S, A, T,R*,v), where T : S x A — A(S)
is the stochastic transition function induced by smart contract
execution and market dynamics (e.g., AMM reserve updates,
lending rate changes, and gas conditions), and R* : SxA — R
is an unknown latent reward function. Chemo-IRL learns
a parametric reward model Ry(s,a) that explains expert
demonstrations under the Maximum Entropy principle, with
discount factor v = 0.99. Figure 1 summarizes the Chemo-IRL
workflow described in this section, from the bio-mimetic state
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Fig. 1: Chemo-IRL overview. The agent observes a bio-mimetic
DeFi state, extracts semantic features ¢ (s, a) from observed action
identifiers (possibly obfuscated), and learns a reward model under a
MaxEnt IRL objective to guide transaction selection.

and observed action identifiers to semantic feature extraction
and MaxEnt IRL reward learning.
1) State Space: The state s; € R? is a composite vector

st =u &my & Vym, ey

where u; € R? represents user state (e.g., wallet token
balances, approvals, and position related statistics), m; € R
represents market state (e.g., token prices, AMM pool reserves,
lending rate signals, and gas related conditions), and the
temporal gradient is

m; —1my_)
N 2)

We set At to the simulator block time, which is aligned with
Ethereum’s typical block interval (approximately 12 seconds).
This gradient captures short horizon market changes and
implements chemotactic temporal sensing. In our environment,
dy = 20 and d,,, = 22, giving d = d,, + 2d,,, = 64.

2) Action Space: The action space is hierarchical. Each
action corresponds to a transaction type

Vtm =

a = <7Did7-F9ig7 b>’ 3)
where P;q € {1,...,Np} is the protocol identifier, F;, €
{1,..., Ny} is the function signature (or function family),
and b € {1,...,M} is a discretized value bin that coarsely

represents transaction size. This yields a discrete action space
of size |A| = N, x Ny x M. For experiments, we use IV, = 5,
Ny =20, and M = 10, giving |.A| = 1000.

3) Observed actions under obfuscation: We model action-
identifier obfuscation by observing a; generated from a clean
identifier a$'**" via the mixture channel

ar ~ (1 — pobr) 6(- = a§®®™) + pop Unif (A), )

applied independently at each step. Unless otherwise stated,
all learning and evaluation use trajectories {(s;,a;)}_,, and
semantic features and intent decoding are computed from the
observed identifiers.

B. Maximum Entropy IRL Formulation

Following Ziebart et al. [8], we model the trajectory distri-
bution under the Maximum Entropy principle as

T
P(r|6) = ZE@) exp (Z VtRe(Snat)) ; &)

t=0




where Z(0) is the partition function and v € [0,1) is the
discount factor.

We instantiate the reward as a parametric function of
semantic features,

Ry(s,a) = fo(o(s,a)), (6)

where ¢ : S x A — [0,1]¥ is a K-dimensional semantic
feature map. In our implementation, &' = 21 and the feature
taxonomy is aligned with prior intent categories [6]. The
reward model fy is realized as a lightweight neural network,
similar in spirit to deep MaxEnt IRL parameterizations [18].

In practice, computing the partition function and the model
expectation is intractable, so we use reward-guided rollouts
Dy as negative samples and optimize a contrastive surrogate.
Let Go(7) = ZtT:o v Ry(st, ar). We minimize

L£(0) = Ernp, [Go(7)] = Ernpy[Go(r)], ()
with gradients computed by backpropagation through Ry.

C. Semantic Feature Extraction

Raw on-chain traces contain low-level fields such as func-
tion selectors and integer arguments that are not directly
amenable to intent-level reasoning. We therefore construct
a lightweight semantic feature map ¢(s,a) € [0,1]*! from
the bio-mimetic state and decoded transaction actions. These
features capture interpretable signals related to swapping,
lending, liquidity provision, yield seeking, governance, risk
exposure, and temporal patterns. All features are computed
deterministically and clipped to [0, 1], enabling reproducible
evaluation of the IRL core without relying on external seman-
tic models.

D. Gym-DeFi Environment

We implement Gym-DeF1i, a Gymnasium-compatible en-
vironment [19] for controlled DeFi-style sequential deci-
sion making. The environment maintains the 64-dimensional
state s, = uy ® m; ¢ Vym, driven by stochastic mar-
ket dynamics. Each step decodes a discrete action into
(protocol_id, function_sig,value_bin) with |A] = 1000
and updates the state accordingly; episodes terminate stochas-
tically or at horizon Ty ax.

E. Training Procedure

Chemo-IRL alternates between generating rollouts under the
current reward and updating 6 so that expert demonstrations
achieve higher discounted return than sampled rollouts. Roll-
outs use e-greedy selection: with probability £ sample uni-
formly from .4, otherwise choose a = arg max, c4 Ro(s,a’),
and update € by minimizing Eq. (7). The full-sweep arg max
is tractable for |.A| = 1000 but scales linearly with |.A|.

IV. EXPERIMENT

A. Dataset

We generate a synthetic dataset of DeFi trajectories in
Gym-DeFi under controlled and reproducible conditions.
Each trajectory is a variable-length state—action sequence with

length sampled between 5 and 15 steps and may terminate
early due to stochastic episode termination. States and actions
follow the definitions in Section III.

Trajectories are associated with six intent classes aligned
with the TIM taxonomy [6], including three simple in-
tents (swap, lend, liquidity) and three complex in-
tents (yield, complex_leverage, complex_LP). Intent
labels are used for evaluation and for supervised baselines
only. Intent-label-free methods are trained solely from expert
trajectories.

To emulate intent hiding at the action-identifier level, we
apply the action-obfuscation channel defined in Section III-A3
during data generation, with po,y = 0.7 (Table I). Unless
otherwise stated, all methods consume trajectories of the form
{(s¢,a:)}E.,, and semantic features and downstream intent
decoding are computed from the observed identifiers.

We use an 80/20 train-test split with a fixed seed on 200
trajectories. Conclusions should be interpreted as benchmark-
level comparisons under a fixed configuration rather than
estimates of real-world on-chain performance.

B. Baselines

We compare Chemo-IRL with supervised intent classi-
fiers, a heuristic baseline, and intent-label-free reward-learning
baselines under the same deterministic semantic feature map
¢(s,a), train/test split, and trajectories logged with observed
(possibly obfuscated) action identifiers. Supervised baselines
are TIM [6] and a supervised MLP trajectory classifier trained
with intent labels to predict trajectory intent from aggregated
semantic features; we evaluate multiple MLP configurations
and report the best-performing configuration in Table II.
The heuristic baseline Action Frequency predicts intent by
majority voting over observed action categories. Intent-label-
free baselines include SQIL [11], Linear GAIL [9], and
ValueDICE [12], which learn from expert trajectories without
intent labels; for these reward-learning methods (and Chemo-
IRL), discrete intent labels for macro-F1 are obtained via the
fixed attribution-based decoder in Section IV-C.

C. Evaluation Metrics

Macro-F1 (Overall / Simple / Complex): We report macro-
averaged F1 over the six intent classes on the held-out test set.
We additionally report macro-F1 on the subset of trajectories
whose ground-truth labels belong to the three simple intents
(swap, lend, liquidity) and the three complex intents (yield,
complex_leverage, complex_LP), respectively. For reward-
learning methods, macro-F1 is treated as a downstream probe
obtained via a fixed label-free decoder, rather than a quantity
directly optimized during training.

Trajectory-level intent prediction for reward models
(attribution-based intent probe): For methods that learn
a reward Rp(s,a) = fo(¢(s,a)), we derive a trajectory
intent label using feature attribution. For a semantic feature
dimension k, define the per-step attribution

ORy(s¢,ar)

Ak(Staat) = ¢k(3t7dt) : m-



We then accumulate discounted attributions along a trajectory
T’

T
Sk‘(T) = Z’ytAk(Sh a’t)v
t=0

and predict the intent as the taxonomy group with the largest
total attribution score. This yields trajectory-specific intent
assignments without training an additional classifier on top
of the learned reward.

Reward Recovery Error (RRE): We quantify reward
recovery via feature expectation mismatch. Let

T
WD) = o5 3 3 olen.an) ®)

7€D t=0

Given expert test trajectories Dy and agent rollouts Dy
generated under the learned reward, we compute

_ ||U(Dtest) - M(DG)”Q
”/“L(D[est)”Z + 106
Lower RRE indicates closer matching between expert and

induced behavior. For purely supervised baselines that do not
learn a reward, RRE is not applicable.

RRE &)

D. Hyperparameters

Table I summarizes the hyperparameters used in all exper-
iments.

TABLE I: Hyperparameter Configuration

Component Parameter Value
# trajectories 200
. Train/Test split 0.8/0.2
Data / Split Obfuscation prob. pobs 0.7
Random seed 42
State dim d 64
Environment Action dim |A| 1000
Vi Max horizon Tax 15
Discount 0.99
Reward net 2-layer MLP (h=64)
Chemo-IRL Opti.mizer Adam (wd_l?"l)
Learning rate 5 x 107"
Training iterations I 60
Rollouts e-greedy exploration 0.05

Unless otherwise stated, the environment and rollout-related
settings are shared across Chemo-IRL and the intent-label-free
reward-learning baselines to ensure a consistent comparison
under the same benchmark interface.

V. RESULTS

Experimental context. Results are reported on synthetic
Gym-DeF1i trajectories with deterministic semantic features
and action-identifier obfuscation posr = 0.7. The benchmark
uses a fixed split and seed, so the numbers are best interpreted
as comparisons under a controlled configuration rather than
estimates on real blockchain data.

TABLE II: Overall macro-F1 and reward recovery on obfuscated
trajectories. TIM and the supervised MLP baseline use intent labels
and provide an upper bound. Among intent-label-free methods, SQIL
attains the highest macro-F1, while Chemo-IRL achieves the lowest
RRE. T denotes our method.

Method Overall Macro-F1 RRE]
TIM (Supervised) 0.927 -
Supervised MLP (best) 0.901 -
Action Frequency (Heuristic) 0.092 -
SQIL (Intent-label-free) 0474 0.809
ValueDICE (Intent-label-free) 0.359 1.049
Linear GAIL (Intent-label-free) 0.240 0.938
Chemo-IRL' (Intent-label-free) 0.394 0.478

A. Reward recovery and downstream intent macro-F1

Table II reports overall macro-F1 for all methods. Re-
ward Recovery Error (RRE; lower is better) is reported
only for reward-learning methods, and is not applicable to
purely supervised or heuristic baselines. For intent-label-free
reward-learning methods, macro-F1 is computed via the fixed
attribution-based decoder.

Figure 2 visualizes the overall macro-F1 results in Table II.
It highlights the performance gap between supervised methods
(upper bound) and intent-label-free reward-learning methods
under high action-identifier obfuscation, and shows that the
action-frequency heuristic degrades sharply in this setting.

Supervised vs. intent-label-free. Supervised methods
achieve high macro-F1 (TIM: 0.927; best supervised MLP:
0.901) since they directly optimize intent classification with
access to labels. Under high action-identifier obfuscation, the
action-frequency heuristic collapses (0.092), indicating that
simple parsing of action identifiers is insufficient in this
setting.

Reward recovery vs. macro-F1. Among intent-label-free
methods, SQIL yields the highest macro-F1 (0.474), while
Chemo-IRL achieves the lowest RRE (0.478), improving over
SQIL (0.809), Linear GAIL (0.938), and ValueDICE (1.049).
This indicates that Chemo-IRL matches expert feature expec-
tations more closely under action-identifier noise. At the same
time, macro-F1 is derived from a fixed post-hoc decoder rather
than optimized directly, so reward recovery and macro-F1 can
diverge under taxonomy-aligned discrete decoding.

This trade-off is summarized in Figure 3, which plots intent-
label-free methods in the (macro-F1, RRE) plane. Chemo-
IRL attains the lowest RRE (0.478), indicating the clos-
est feature-expectation matching to expert trajectories, while
SQIL achieves higher macro-F1 (0.474) but with substantially
larger RRE (0.809). These results suggest that, under the fixed
post-hoc decoder, better reward recovery does not necessarily
translate into the highest taxonomy-aligned macro-F1.

Robustness under obfuscation. Across intent-label-
free methods, Chemo-IRL maintains competitive macro-F1
while achieving the lowest RRE, indicating closer feature-
expectation matching under action-identifier noise than simple
heuristics and distribution-matching baselines.
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Fig. 2: Overall macro-F1 on the test split. Supervised methods (TIM and the best supervised MLP baseline) provide an upper bound. Among
intent-label-free methods, SQIL attains the highest macro-F1, while Chemo-IRL achieves the lowest reward recovery error (Table II).
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Fig. 3: Trade-off between intent prediction (overall macro-F1) and
reward recovery (RRE; lower is better) among intent-label-free meth-
ods. Chemo-IRL achieves the lowest RRE (0.478) with competitive
macro-F1 (0.394). (Note: the y-axis is inverted so lower RRE appears
higher.)

B. Ablation Studies

We ablate two components of Chemo-IRL: (i) the bio-
mimetic temporal gradients and (ii) the semantic feature map.
To keep ablations comparable in compute, we run all variants
under the same reduced configuration (15 reward-learning
iterations with learning rate o = 0.01). Since this setting
differs from the main configuration, we focus on relative
changes across variants rather than comparing absolute values
to Table II.

Temporal gradients. Removing temporal gradients reduces
overall macro-F1 by A = —0.180 (-32.3% relative drop) and
collapses complex-intent macro-F1 to zero, suggesting that
chemotactic temporal sensing is critical for capturing multi-
step strategies.

Semantic features. Replacing semantic features with ran-
dom vectors reduces overall macro-F1 by A = —0.150
(-26.9% relative drop) and also eliminates complex-intent
detection, suggesting that the designed semantic feature map
carries non-trivial signal beyond chance.

VI. DISCUSSION AND LIMITATIONS

A. Discussion

A key empirical observation is the divergence between
reward recovery and downstream intent macro-F1 among
intent-label-free methods. Figure 3 summarizes this trade-off:
Chemo-IRL attains the lowest RRE, whereas SQIL attains
higher taxonomy-aligned macro-F1 under the fixed decoder
but with substantially higher RRE. Because macro-F1 depends
not only on reward quality but also on the alignment be-
tween the fixed decoder and the intent taxonomy, improving
reward recovery does not necessarily maximize macro-F1
under action-identifier noise. From an application perspective,
this suggests a hybrid workflow: supervised semantic labeling
when intent labels are available, and reward-based behavioral
analysis (e.g., preference inference or counterfactual evalua-
tion) when they are not.

The diagnostic ablation also supports the inclusion of tem-
poral market gradients in the state representation: removing
them sharply degrades complex-intent probing performance.
While this does not establish a definitive causal claim beyond
the benchmark, it is consistent with the interpretation that
temporal-gradient information helps capture multi-step strate-
gies in a volatile, stateful environment.

B. Limitations and Future Work

Limitations. First, our evaluation is conducted in a con-
trolled synthetic environment with deterministic semantic fea-
tures. While this setting enables reproducible analysis of
reward recovery trends under a clearly specified obfuscation
channel, it does not fully capture real on-chain intent hiding
mechanisms (e.g., proxy routing, multi-hop execution, and
cross-protocol compositionality), and therefore does not sup-
port direct claims about real-world deployment.

Second, the benchmark is intentionally lightweight (200
trajectories) and evaluated under a fixed split and seed. We
do not report confidence intervals or multi-seed variance in
this version, so results should be interpreted as comparisons



under a fixed controlled configuration rather than statistically
comprehensive estimates.

Third, for reward-learning methods, discrete intent labels
are derived from a post-hoc attribution-based probe rather
than being optimized directly for classification. This can limit
macro-F1 even when reward recovery (RRE) is strong, and it
partially explains the observed macro-F1-RRE trade-off.

Fourth, the current action abstraction discretizes transaction
types into a fixed action set and our rollout policy uses a full
action sweep to select arg max,e 4 Ro(s, a), which is tractable
for |A|] = 1000 but may not scale to richer DeFi action spaces
without candidate pruning or proposal mechanisms.

Future work. First, we will harden the benchmark by
generating synthetic datasets where atomic action identities
are decorrelated from intent, forcing models to rely on state
transitions and temporal gradients rather than action templates.
Second, we plan to validate Chemo-IRL on real transaction
traces with a controlled annotation pipeline. A key direction
is to replace hand-crafted semantic features with LLM-assisted
semantic extraction from raw calldata/logs into structured
intent-relevant representations while maintaining schema val-
idation and caching for reproducibility. Third, bridging the
gap between reward recovery (RRE) and downstream intent
probing (macro-F1) may benefit from learning a lightweight
intent decoder on top of recovered reward/attributions or
incorporating limited supervision for calibration. Finally, ex-
tending to multi-agent settings (e.g., MEV-aware dynamics)
is a promising direction for modeling strategic interactions
beyond single-agent trajectories.

VII. CONCLUSION

We presented Chemo-IRL, a MaxEnt IRL framework for
DeFi intent discovery from transaction trajectories. By aug-
menting the state with temporal market gradients, the model
can condition recovered reward on short-horizon trends rather
than static snapshots. On the Gym-DeF i synthetic benchmark
with high action-identifier obfuscation, Chemo-IRL achieves
the lowest RRE among intent-label-free baselines while re-
maining competitive on macro-F1, revealing a benchmark-
level trade-off between reward recovery and taxonomy-aligned
intent probing under a fixed post-hoc decoder. The paper
contributes a sequential reward-inference formulation, a repro-
ducible DeFi benchmark with configurable obfuscation, and
an explicit comparison of the reward-recovery versus intent-
decoding trade-off.
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