
Extended Abstract

Motivation Cancer target discovery requires choosing a gene whose perturbation kills cancer cells.
This process entails integrating several evidence sources which, in practice, is expensive; computing
expression, copy-number (CNA), damaging mutations, and hotspot mutations costs time, compute,
and experimental burden. Prior dependency-map work builds static multi-omic rankers (Tsherniak
et al., 2017; Pacini et al., 2024) that treat all omics as simultaneously available, which is unrealistic
in a budget-constrained pipeline. Current feature acquisition learns generic feature-query policies
(Janisch et al., 2018; Bernardino et al., 2022) but not target-specific acquisition. Some evidence is
redundant or lineage-dependent and exhaustive multi-omic querying may not be worth its cost.

Method We formulate cancer target selection as a finite-horizon, cost-aware sequential decision
process. We train a Double DQN that adapts acquisition to partial observations and stops when extra
queries are not worth their cost, learning which gene-modality pairs to query before committing
to a target. At each step, the model can either QUERY(gene, modality), incurring a cost, or
SELECT(gene), terminating the episode. Each episode contains one DepMap cancer cell line and 16
shuffled candidate genes: 2 dependent positives (CRISPR gene effect ≤ −0.5) and 14 non-dependent
negatives. Query actions reveal Ridge-predicted dependency evidence scores for expression, CNA,
damaging mutation, or hotspot mutation, rather than raw omics values. The primary reward is
total reward = −selected dependency − query cost, so the agent is rewarded for selecting strongly
dependent genes while avoiding unnecessary evidence queries.

Implementation We implemented a Double DQN with experience replay, a target network, ϵ-
greedy exploration, and action masking. The Structured DQN encodes each candidate gene with a
shared per-gene encoder, then uses separate QUERY and SELECT heads to score the 16× 4 query
actions and 16 select actions. This parameter sharing is important because the model learns reusable
gene-modality decision rules instead of treating all 80 actions independently. Policies train for 20k
episodes, choose checkpoints by validation reward, and evaluate on 500 held-out cell-line episodes.
Context variants add OncoTree lineage at different points: during acquisition, through modality
fusion, through lineage-specific Ridge query scores, or only at final SELECT.

Results The Structured DQN outperformed baselines with reward 1.035 using 12.59 queries per
episode, compared with 16 queries for full CNA or expression policies. The best Context DQN uses
lineage only at SELECT, improving reward to 1.043 while using 12.37 queries. Both Structured and
Context DQN reach Hit@3 = 1.0, so the context gain is not from fixing missed targets; it comes
from slightly better dependency scores and slightly lower query cost. The ablations also reveal
two strong structured policies with different acquisition behavior: an earlier Structured 1-step run
was CNA-heavy, while the tuned Structured DQN became expression-heavy, suggesting CNA and
expression may contain overlapping useful dependency signal.

Discussion We learned that architecture and action representation matter before context helps.
Moving from a flat MLP to a per-gene Structured DQN made the Q-function easier to learn because
the same query/select logic can transfer across candidate genes. The context sweep then shows
that cancer lineage is not automatically useful at every stage: acquisition-time context and fusion
often changed modality usage toward CNA or mutation evidence, but lowered reward. In contrast,
SELECT-only context preserved the reliable Structured DQN acquisition protocol and used lineage
only to interpret collected evidence at the final target choice. Most cancers remain expression-driven,
but some lineages rely more on mutation evidence: thyroid, lymphoid, liver, and skin show higher
damaging-mutation query rates, while hotspot mutation is rare and most visible in liver.

Conclusion SEACTS shows that cancer target selection can be modeled as sequential, cost-aware
evidence acquisition rather than static multi-omic ranking. Structured action sharing enables effective
learning in the large gene-modality action space. The agent also learns a triage-like policy: query
enough evidence to identify strong candidates, then stop before extra evidence becomes too costly.
Lineage helps most after evidence is collected, improving final target selection without disrupting
a strong query policy. Future work should calibrate query costs to realistic assay or computational
burden, test larger candidate sets, add richer biological context features, and replace simple Ridge
evidence scores with stronger modality-specific predictors.
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Abstract

Cancer target discovery requires integrating heterogeneous biological evidence
while deciding which genes are worth perturbing. Most dependency-map methods
treat expression, copy-number, and mutation data as simultaneously available, but
real target-discovery pipelines face costs for acquiring, computing, or interpreting
each evidence source. We introduce SEACTS, a sequential evidence-acquisition
framework for cancer target selection. Each episode presents one DepMap cancer
cell line and a small candidate gene set; an agent may query modality-specific
evidence for gene-modality pairs before selecting a final target. Query actions
incur costs, while selection is rewarded according to hidden CRISPR dependency.
We train Double DQN policies with candidate-structured Q-networks. On held-out
cell-line episodes, the tuned Structured DQN reaches mean total reward 1.035
with 12.6 queries per episode, beating fixed full-modality query baselines while
using fewer queries. A SELECT-only cancer-context variant further improves
reward to 1.043 with 12.4 queries by using OncoTree lineage only at final target
scoring. Ablations show that candidate-structured action representation is critical,
while context is most useful for interpreting acquired evidence rather than broadly
reshaping acquisition.

1 Introduction

Modern cancer target discovery remains a major bottleneck in oncology, with clinical drug develop-
ment failure rates often exceeding 90% (Sun et al., 2022). This process relies on integrating diverse
biological evidence sources like gene expression, mutations, and pathway context to identify genes
whose perturbation impairs tumor viability. In practice, these modalities are highly heterogeneous,
uneven in quality, and often redundant, yet most existing methods are designed under the assumption
that all relevant data are available at decision time and should be used simultaneously. This obscures
a key decision-making problem: which evidence is actually necessary for a given cancer context, and
when does additional information cease to be worth its cost?

We focus on cancer dependency prediction using DepMap data and approach target selection as a
sequential decision-making problem under a budget constraint. Given a cancer cell line and a set of
candidate genes, an agent must decide which biological evidence to acquire, in what order, and when
to stop before selecting a gene to target. We model this process using deep reinforcement learning,
where the agent is rewarded for selecting genes with strong dependency, using CRISPR dependency
as a proxy for intervention effectiveness, while minimizing the cost of evidence acquisition. In our
simulated environment, query costs serve as proxies for experimental, computational, or assay burden
in real target-discovery pipelines. Our objective is to determine whether context-conditioned, adaptive
evidence acquisition can approach the performance of static multi-omics models while using fewer
modalities, and to understand how optimal evidence strategies vary across cancer types.
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2 Related Work

Cancer dependency prediction has been extensively studied using large-scale data such as DepMap,
which integrates CRISPR gene knockout screens with genomic, transcriptomic, and copy-number data
across hundreds of cancer cell lines (Broad Institute, 2026; Tsherniak et al., 2017). These resources
have enabled predictive models of gene essentiality and therapeutic vulnerabilities, with recent work
further developing clinically informed dependency maps for target prioritization (Pacini et al., 2024)
and extending these ideas to translational settings by learning predictors that generalize from cell
lines to patient tumors (Shi et al., 2024). However, these approaches rely on static multi-omics
integration, treating all modalities as simultaneously available rather than modeling how evidence
should be acquired under constraints.

A closely related line of work is active feature acquisition (AFA), which formulates prediction
as a sequential decision problem in which an agent selects features to observe while trading off
predictive accuracy and acquisition cost. Reinforcement learning (RL) has been widely applied
in this setting, including early deep RL approaches for cost-aware feature selection (Janisch et al.,
2018) and more recent work on active modality selection in medical diagnosis (Bernardino et al.,
2022). Recent advances have explored structured acquisition strategies and information-theoretic
objectives, highlighting limitations of both RL-based policies and greedy approaches (Huang et al.,
2026). While these methods capture sequential decision-making, they typically treat inputs as
homogeneous features and focus on classification tasks. In contrast, biological evidence sources are
heterogeneous and semantically distinct, and the downstream objective is often target ranking or
intervention selection rather than simple prediction.

Another relevant direction is mixture-of-experts (MoE) and gating models, which learn to route
inputs to specialized predictors (Shazeer et al., 2017). While these approaches capture modality
specialization, they generally make single-step routing decisions and do not model sequential query-
ing, stopping, or cost-aware decision-making. More broadly, Deep Q-Networks (DQNs) provide a
standard framework for learning value functions over discrete actions with delayed rewards (Mnih
et al., 2015), making them a natural fit for a finite-horizon evidence-acquisition environment. Double
DQN further reduces overestimation bias by decoupling action selection from target evaluation in the
Bellman target (van Hasselt et al., 2016). However, this framework has not been applied to settings
where biological evidence acquisition and target selection are jointly optimized.

Our work bridges these areas by reformulating cancer target selection as a sequential, cost-aware
decision problem. Unlike prior AFA methods, we explicitly model target selection as an action and
evaluate performance using dependency-based outcomes. Unlike static multi-omics models, we allow
the policy to adapt its evidence acquisition strategy based on cancer context, enabling analysis of
how different biological settings influence optimal decision-making. To our knowledge, prior work
has not explored jointly optimizing sequential evidence acquisition and target selection in cancer
dependency maps under cancer-context conditioning.

3 Method

3.1 Sequential Target-Selection Environment

We formulate cancer target selection as a finite-horizon Markov decision process. An episode is
defined by a cancer cell line c and a shuffled candidate gene set G. Let d(c, g) denote the CRISPR
dependency score for gene g in cell line c, with more negative values indicating stronger dependency.
These true dependency scores are hidden during the episode and used only for terminal reward and
evaluation.

At each timestep, the agent either queries evidence, QUERY(g,m), for gene g and modality m, or
terminates with SELECT(g). Repeated queries are masked, and select actions can be masked until a
minimum evidence budget is reached. Thus the policy must learn what evidence to acquire, when to
stop, and which target to select.

The state records the partially observed evidence table. For each candidate gene and modality, it
contains one observed-value slot and one binary query-mask slot. Unqueried values are encoded as
zero, so the mask distinguishes missing observations from true zero-valued scores. Each candidate
also receives a normalized slot-index feature that identifies its fixed action indices, but not biological
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identity because candidate genes are shuffled. With M modalities, the encoded state has |G|(2M +
1) + 1 features; in our main setting, |G| = 16 and M = 4, giving 145 state features.

Raw omics values are heterogeneous, so the environment converts each modality into comparable
dependency evidence scores. For each modality and gene, we fit a one-feature Ridge regression on
training cell lines,

d̂m(c, g) = β0,g,m + β1,g,mxm(c, g), em(c, g) = −d̂m(c, g), (1)

where xm(c, g) is the raw modality value and em(c, g) is the returned evidence score, with larger
values indicating stronger predicted dependency. These per-gene models are fit only on training cell
lines. Missing scores, caused by too few valid examples or no modality variation, are returned as
zero with the query mask set to one. Lineage-specific variants repeat the fit within OncoTree lineages
when enough samples are available, otherwise falling back to global scores.

Query actions incur a modality-specific cost. A query reveals deterministic evidence from the dataset
and gives immediate reward

RQuery(g,m) = −cost(m). (2)

A select action ends the episode and receives reward
RSelect(g) = −d(c, g), (3)

where more negative CRISPR dependency therefore corresponds to higher reward. The total episode
return is

Rtotal = −d(c, gselected)−
∑
t∈Q

cost(mt), (4)

where Q is the set of query timesteps. This objective directly trades off target quality against evidence
cost.

3.2 Double DQN

We train Double DQN policies with replay, a target network, action masking, and ϵ-greedy exploration.
The online network selects the next action for the Bellman target while the target network evaluates
it. Transitions store the encoded state, action, reward, next state, valid-action mask, done flag, and
optional cancer-context index.

For a collapsed transition (st, at, R
(n)
t , st+n), where R

(n)
t =

∑n−1
i=0 γirt+i, the Double DQN target

is

yt = R
(n)
t + (1− 1done

t+n )γnQθ̄

(
st+n, arg max

a′∈A(st+n)
Qθ(st+n, a

′)

)
. (5)

The indicator removes bootstrapping at terminal states. A(s) excludes queried pairs and, when
applicable, select actions before the minimum-query threshold. We minimize Smooth L1 Bellman
error over replay minibatches and periodically copy θ into θ̄.

3.3 Structured DQN

The flat action space contains repeated decisions: the same modality can be queried for many genes,
and each gene can be selected. A plain MLP maps the flattened state directly to action values without
explicit sharing, whereas the Structured DQN applies a shared candidate encoder. For gene g, let xg

denote observed evidence, qg the query mask, and pg the normalized slot feature:

ϕg = fθ(xg, qg, pg), ϕ̄ =
1

|G|
∑
g∈G

ϕg. (6)

The pooled vector ϕ̄ summarizes the candidate set; separate heads score query and select actions:
Qq(g,m) = hm

q (ϕg, ϕ̄), Qs(g) = hs(ϕg, ϕ̄). (7)

This produces one Q-value for every action while sharing parameters across repeated decision types.
We also evaluate dueling and multi-step-return variants, but the main modeling contribution is this
candidate-aware action representation.
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3.4 Context DQN

To test whether cancer type can influence acquisition, we build context DQN variants using OncoTree
lineage, which represents the type of cancer the cell line is from. We evaluate context throughout
the structured network, lineage-specific evidence scores, context-fusion heads, and SELECT-only
context. The SELECT-only variant preserves the Structured DQN query pathway and adds lineage
embedding c only when scoring final target selection,

Qs(g) = hs(ϕg, ϕ̄, c). (8)

These variants test whether lineage can change acquisition or mainly final interpretation.

4 Experimental Setup

4.1 Data and Environment

As depicted in Table 1, we use DepMap CRISPR gene-effect data with expression, copy-number
alteration (CNA), damaging mutation, and hotspot mutation features. Each episode corresponds to
one cancer cell line and contains 16 shuffled candidate genes: 2 dependent positives with CRISPR
gene effect ≤ −0.5 and 14 non-dependent negatives. CRISPR gene effect ranges from −6.26 to 5.77.
True dependency values are hidden until final selection.

Name Description Query cost

Expression Gene expression measurements (TPM log) 0.02
CNA Copy-number alteration values (log2) 0.02
Damaging mutation Binary indicator of damaging mutations 0.02
Hotspot mutation Binary indicator of known hotspot mutations 0.02
Metadata Cell line identifiers and lineage/context features not queryable
CRISPR gene effect Ground-truth dependency labels hidden label

Table 1: DepMap features.

In the main environment, each query costs 0.02 and returns the Ridge-predicted dependency evidence
score in Eq. (1) rather than a raw omics value. With 16 candidates and 4 queryable modalities, the
action space contains 16 × 4 query actions and 16 select actions, for 80 total actions with invalid
actions masked. The agent must make at least 8 queries before selecting and has a maximum horizon
of 32 steps.

4.2 Baselines and Training

We compare against three groups of baselines. First, random selection selects uniformly without
querying, and an oracle upper bound selects the candidate with the best hidden CRISPR dependency
score. Second, direct raw-modality rankers score candidates without sequential interaction. Third,
environment baselines use the same QUERY/SELECT interface and query costs as DQN: fixed full-
modality policies query expression or CNA for all 16 candidates before selecting, budgeted policies
query a smaller fixed number of candidates such as CNA budget 12, and query-all observes every
candidate-modality pair. Separately, we also compare Structured DQN ablations and cancer-context
DQN variants to test action representation and lineage conditioning.

All main DQN experiments use Double DQN with experience replay, a target network, ϵ-greedy
exploration, and validation-based checkpoint selection. Unless swept, models use discount γ = 0.95,
Adam learning rate 10−4, batch size 64, target-network updates every 500 optimization steps, learning
after 500 replay transitions, and gradient clipping at norm 10. Exploration is gradually decayed from
ϵ = 1.0 to 0.05. We use 1-step targets in Eq. (5) (n=1); ablations include 3-step returns (n=3).

Reported long-run DQN and ablation models train for 20,000 episodes with replay capacity 50,000
and validation every 250 episodes. Tuned Structured and Context DQN models use hidden dimension
256; architecture ablations use 128 unless stated otherwise. Final DQN evaluation averages over 500
held-out cell-line episodes. Direct data and environment baselines use the same held-out split and
episode generator, averaged over 1000 episodes.
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4.3 Metrics

The primary objective is total reward defined in Eq. (4), which combines the terminal select reward
in Eq. (3) with query costs in Eq. (2). Because lower CRISPR gene-effect values indicate stronger
dependency, this rewards more essential selected genes while penalizing unnecessary evidence
acquisition. We also report selected dependency, query cost, query count, modality usage, Hit@3,
NDCG@3, and MRR@3. Hit@3 checks whether the predicted top three contain any true top-three
dependency gene; NDCG@3 uses relevance max(−d(c, g), 0); and MRR@3 is the reciprocal rank
of the single most dependent gene if it appears in the predicted top three.

5 Results

5.1 Quantitative Evaluation

The main ablation result is that candidate-structured action representation matters more than multi-
step returns or dueling heads. With 1-step returns, the MLP reaches total reward 0.845, whereas
the Structured DQN ablation reaches 1.023, the largest gain among non-context ablations. Figure 1
shows the corresponding reward differences and modality-use patterns.

Multi-step returns and dueling heads do not consistently improve reward. The 3-step MLP drops
to 0.799, and the 3-step Structured DQN drops to 0.978. Adding a dueling head raises the 3-step
structured variant to 1.021, but it does not exceed the strongest 1-step structured policies.

Figure 1: Structured DQN architecture ablations.

The original Structured 1-step ablation uses hidden dimension 128, reaches reward 1.023, and
averages 11.23 CNA queries out of 11.90 total queries. The tuned Structured DQN uses hidden
dimension 256, reaches reward 1.035, and averages 12.08 expression queries out of 12.59 total
queries.

Table 2 compares the metrics from the tuned Structured DQN against the main baselines. The
oracle upper bound obtains total reward 1.423. Full CNA and full expression querying select slightly
stronger dependencies than the learned DQN, but always spend 16 queries. The Structured DQN
uses fewer queries (12.59) and obtains higher cost-adjusted reward (1.035) than either fixed full-
query policy. Relative to full-expression and full-CNA baselines, it saves roughly 3.4–3.6 queries
per episode. Direct raw-modality rankers are weaker than sequential supervised-score policies;
expression is the strongest single raw modality, but remains below the full-query and DQN policies.

We compare cancer-context variants against the tuned Structured DQN. Figure 2 compares the
variants which include context from start with structured initialization, smaller context embeddings,
dueling context heads, lineage-specific query scores, context fusion, and SELECT-only context.

Context from start with structured initialization reaches reward 1.025, close to but below the tuned
Structured DQN. A smaller context embedding reaches 1.023, dueling context reaches 0.997, and
lineage-specific query scores reach 1.010. The fusion variant performs worst, reaching 0.932 while
using 16.21 queries on average and shifting toward CNA and damaging-mutation evidence.
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Policy Reward Dependency Queries Hit@3 NDCG@3

Random select 0.164 -0.164 0.00 0.483 0.221
Query expression budget 12 0.921 -1.161 12.00 0.976 0.761
Query CNA budget 12 0.927 -1.167 12.00 0.975 0.760
Query expression full 1.005 -1.325 16.00 0.998 0.921
Query CNA full 1.011 -1.331 16.00 0.998 0.919
Structured narrow DQN 1.023 -1.261 11.90 1.000 0.829
Structured DQN 1.035 -1.287 12.59 1.000 0.847
Context DQN 1.043 -1.290 12.37 1.000 0.843
Oracle select 1.423 -1.423 0.00 1.000 1.000

Table 2: Results across baselines and models.

The best model is SELECT-only Context DQN. It improves reward from 1.035 to 1.043 while using
12.37 queries, slightly fewer than the Structured DQN’s 12.59. Its selected dependency −1.290
is also slightly stronger than the Structured DQN’s −1.287, indicating that the gain comes from
both better target quality and lower query cost. Both Structured and Context DQN maintain Hit@3
= 1.0, so both models consistently select high-ranked dependency candidates. Training converges
quickly: reward rises from 0.65 at episode 250 to a peak of 1.041 around episode 12750, after which
performance stabilizes near 1.0 (Figure 6).

Figure 2: Cancer DQN architecture comparisons.

5.2 Qualitative Analysis

The two strongest Structured 1-step runs differ in modality preference: the ablation is CNA-heavy,
while the tuned Structured DQN is expression-heavy, suggesting that CNA and expression may
contain overlapping useful dependency signal.

Figure 3 shows repeated expression queries before selection, rare mutation queries, and almost
no CNA. Query-efficiency summaries show that queries concentrate on genes with stronger true
dependency ranks. The representative trajectories show the same pattern: acquisition is mostly
expression-driven. Although Hit@3 is 1.0, 27% of episodes still have positive dependency regret,
meaning the agent selected a dependent gene but not the most dependent one. The largest regrets
occur when the agent selects a weaker dependent gene after a short expression-only protocol (e.g.,
regret 1.48 on KIF18A and 1.43 on CCND1).

We analyzed lineage-specific patterns in Figure 4 and found that the Context DQN remains expression-
heavy across all cancers, so the gain comes from lineage-aware selection rather than a new query
protocol. Some lineages lean more on mutation evidence: thyroid, lymphoid, liver, and skin show the
highest damaging-mutation query rates. Hotspot mutation use is rare and only appears in liver, and
CNA is unused.
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Figure 3: Context DQN behavior in query efficiency and example trajectories.

Figure 4: Lineage-level modality usage.

6 Discussion

The main empirical finding is that adaptive evidence acquisition improves the cost-adjusted target-
selection objective. If the only goal were to maximize target quality after all evidence is available,
full-query expression or CNA would be difficult to beat. SEACTS instead asks whether additional
evidence justifies its cost, and under this objective the learned policies stop earlier while preserving
high Hit@3.

The ablations show that the improvement is not simply due to applying DQN. The flat MLP performs
substantially worse than the Structured DQN, indicating that action representation is central. By
sharing parameters across repeated gene-modality decisions, the structured architecture provides a
useful inductive bias for an 80-action problem with sparse terminal rewards.

The context experiments sharpen the biological interpretation. OncoTree lineage is useful, but not
uniformly at every stage: acquisition-level context often shifts modality use without improving
reward, while the strongest context model uses lineage only for final target scoring. This suggests that
broad cancer lineage may be more helpful for interpreting accumulated evidence than for deciding
which evidence to collect from scratch.

The ablations suggest several biological explanations for the learned modality use. The narrow
Structured DQN leaned on CNA and the tuned model on expression while reaching similar reward.
This provides evidence that CNA and expression may be partially redundant: copy-number changes
often shift expression at the same genes (Shao et al., 2019), and both carry dependency signal in
DepMap (Tsherniak et al., 2017; Pacini et al., 2024). Furthermore, damaging-mutation queries were
highest in thyroid, lymphoid, liver, and skin (Figure 4), lineages where recurrent drivers define
common subtypes–lymphoid signaling and epigenetic programs (Schmitz et al., 2018), melanoma in
skin models (The Cancer Genome Atlas Network, 2015), MAPK-altered papillary thyroid carcinoma
(The Cancer Genome Atlas Research Network, 2014), and TP53/CTNNB1-defined HCC (The Cancer
Genome Atlas Research Network, 2017). In the broader literature, lymphoid, melanoma/skin, thyroid,
and liver cancers are among types where somatic mutations are biologically important.
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In terms of limitations, query costs are normalized proxies rather than measured experimental or
computational costs. Query returns are Ridge-predicted dependency scores, which makes modal-
ities comparable but limits biological richness. Episodes also use small candidate sets with fixed
positive/negative composition, so larger target pools may require additional action-space structure or
retrieval. Finally, DepMap cell lines are an imperfect proxy for patient tumors, motivating evaluation
on patient-derived or clinically annotated settings.

7 Conclusion

We introduced SEACTS, a sequential evidence-acquisition framework for cancer target selection.
Instead of assuming all omics are available upfront, SEACTS models target discovery as a cost-aware
decision process in which an agent chooses which gene-modality evidence to query before selecting
a target. On DepMap-derived episodes, learned DQN policies improve total reward over fixed
full-modality query baselines by selecting strong targets with fewer queries.

Three findings seem most worth carrying forward. First, representation dominates naive deep RL
here: sharing parameters across repeated gene-modality decisions yields a much stronger policy than
a flat MLP on the same data and reward. Second, cancer context is stage-specific: OncoTree lineage
helps when it informs final target scoring, not when it is allowed to rewrite the entire acquisition
policy. Third, the agent discovers biologically structured acquisition behavior without hand-coded
rules—expression-led querying, partial interchangeability between CNA and expression, and slightly
higher damaging-mutation use in lineages where somatic drivers are useful.

Three directions seem most promising. First, we will calibrate query costs to realistic assay burdens—
for example, separating the expense of expression profiling, copy-number assays, and mutation panels
rather than treating modalities as equally costly—and study how policies change when marginal
evidence is priced like real experiments. Second, we will use richer mutation representations and
lineage-conditioned acquisition routing, building on the emergent pattern we observe in thyroid,
lymphoid, skin, and liver. Third, we will use stronger modality-specific predictors in place of Ridge
evidence scores, and larger target pools to test whether high Hit@3 can be converted into lower
dependency regret. Together, these steps would push SEACTS toward a target-discovery system that
jointly reason about what to target and which evidence is worth paying for to decide.

8 Team Contributions
• Ria Garg: Contributed equally across problem formulation, data processing, environment

design, training, evaluation, and writing. Took the lead on the cancer-context experiments,
including OncoTree lineage conditioning, context DQN variants, lineage-specific evidence-
score analysis, context-sweep interpretation, and biological analysis of modality usage
across cancer lineages.

• Nathan Zhou: Contributed equally across problem formulation, data processing, environ-
ment design, training, evaluation, and writing. Took the lead on the structured reinforcement-
learning implementation, including the query/select environment, Double DQN training
pipeline, candidate-structured Q-network, architecture ablations, baseline comparisons, and
analysis of learned query behavior.

Changes from Proposal The final project stayed close to the proposal’s objective of modeling
cancer target selection as sequential, cost-aware evidence acquisition. We narrowed evaluation toward
target-selection reward, query cost, and ranking metrics, and we developed the proposed DQN into a
candidate-structured Q-network. We also chose to expand our research on structured DQN ablations
and a more detailed cancer-context sweep.
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A Additional Results

Figure 5: Reward comparison across baselines and models.

Figure 6: Validation reward of Context DQN.
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