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Abstract

Automated International Classification of Dis-
eases (ICD) coding is a core medical-coding
task for billing, epidemiology, and clinical de-
cision support. Generative large language mod-
els (LLMs) are often reported as weak medi-
cal coders, but this finding mainly comes from
inference-time settings such as prompting, re-
trieval, reranking, or tool use, leaving the role
of task-specific post-training underexplored.
We present a controlled empirical study of post-
training for generative ICD coding, compar-
ing discriminative baselines with LLM coders
across prompting, supervised fine-tuning, and
reinforcement learning under a common proto-
col and metric set. To our knowledge, this is the
first study to evaluate RL-based post-training
for generative LLM coders in ICD coding. We
further introduce PHI, a diagnostic curriculum
that extends GRPO to refine missed-code cases.
Our results show that prompting-only evalu-
ation substantially underestimates the poten-
tial of LLMs for ICD coding. SFT provides
the main capability jump, GRPO further im-
proves code-set prediction beyond SFT, and
PHI provides targeted gains on macro-level per-
formance. These findings suggest that the main
bottleneck is not the generative formulation
alone, but how the model is adapted and op-
timized for full-taxonomy recall. We release
our code, data splits, and checkpoints at https:
//anonymous. 4open.science/r/LLM4ICD.

1 Introduction

Automated International Classification of Diseases
(ICD) coding, a central form of medical coding,
aims to map each clinical note to a set of standard-
ized diagnosis and procedure codes (Mullenbach
etal., 2018; Teng et al., 2022; Ji et al., 2024). These
codes are widely used for medical billing, epidemi-
ology, and clinical decision support (Teng et al.,
2022; Ji et al., 2024). The task is difficult because
a single discharge summary can span thousands
of tokens and must be mapped to a subset of an
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Figure 1: From prompting to post-training for
ICD coding. Prompting relies on an LLM’s existing
inference-time capability. SFT adapts the model from
labeled note-code demonstrations, teaching a parseable
output schema and an empirical code prior. RL further
optimizes generated candidate code sets with a sample-
level F1 reward computed from the parsed codes.

enormous taxonomy, with over 70,000 codes in
ICD-10-CM (Mullenbach et al., 2018; Vu et al.,
2020). As aresult, ICD coding is an extreme multi-
label problem with a highly imbalanced label dis-
tribution, making accurate code prediction a major
challenge (Edin et al., 2023).

Prior work has mainly addressed this challenge
with discriminative ICD coders. Built on pretrained
language model (PLM) encoders and label-wise
prediction heads, these systems score codes in a
fixed ICD label space and remain strong baselines
for long-document coding (Mullenbach et al., 2018;
Vu et al., 2020; Huang et al., 2022; Edin et al.,
2023). In contrast, generative LLMs have often
been reported as weak medical coders (Soroush
et al., 2024). Most existing generative studies
evaluate LLMs through inference-time use, in-
cluding zero-shot or few-shot prompting, chain-of-
thought reasoning, retrieval, reranking, or tool use,
rather than adapting the model itself for ICD cod-
ing (Soroush et al., 2024; Boyle et al., 2023; Kwan,
2024; Baksi et al., 2025). These settings often lead
to hallucinated or invalid codes and poor exact-
code performance, but they leave open whether
the same generative models can become accurate
coders after task-specific post-training. This dis-
tinction matters because the generative formula-
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tion remains attractive: LLLMs provide a natural-
language interface, can follow task instructions,
and can emit ICD code sets directly as text.

Task-specific post-training offers a natural path
forward, since it adapts the model itself rather than
relying only on inference-time prompting or tools.
In recent LLM development, supervised fine-tuning
(SFT) has become a standard first stage for this
adaptation: the model is trained on instruction-
response pairs so that it learns the task format, do-
main style, and output conventions (Ouyang et al.,
2022; Wei et al., 2021). For ICD coding, SFT can
teach the model to produce valid code lists in the
required format while learning the empirical dis-
tribution of medical codes. However, SFT is still
trained by maximum likelihood. It optimizes next-
token prediction rather than the non-differentiable
set-level metrics, such as precision, recall, and
F1, that determine coding performance (Ranzato
et al., 2015). Reinforcement learning (RL) pro-
vides a complementary post-training stage: a com-
plete model output is scored by a reward function,
and the policy is updated to increase outputs with
higher reward. This reward-based view has proven
useful in modern LLLM post-training, from human-
preference alignment to mathematical reasoning
and other verifiable tasks (Schulman et al., 2017;
Ouyang et al., 2022). ICD coding is a natural fit
for this framework because each generated code set
can be scored directly by an F1-based reward. Yet
RL-based post-training for generative LLM coders
in ICD coding remains unexplored.

We address this gap through a controlled em-
pirical progression across two MIMIC datasets,
two ICD code systems, Top-50 and Full label set-
tings, and multiple LLM backbones. As illustrated
in Figure 1, we organize the study as a staged
post-training ladder: @ SFT establishes the output
schema and empirical code prior; ® GRPO uses
a sample-level F1 reward to optimize generated
code sets; and @ PHI (Progressive Hint Injection)
extends GRPO with a diagnostic missed-code cur-
riculum, using codes missed by earlier checkpoints
as stochastic training-time hints while keeping in-
ference hint-free. To our knowledge, this is the
first study to apply RL-based post-training to gen-
erative LLM coders for ICD coding. Across this
progression, we find that prompting-only evalua-
tion substantially underestimates the potential of
LLMs for ICD coding. SFT provides the main
capability jump, GRPO further improves code-set
prediction beyond SFT, especially in Full label set-

tings, and PHI provides targeted gains on remaining
missed-code cases and macro-level performance.
Our contributions are:

* Empirical reframing of generative ICD coding.
We show that prompting-only evaluation sub-
stantially underestimates the potential of genera-
tive LLMs for ICD coding. Under task-specific
post-training, the conclusion changes from near-
unusable prompting performance to competitive
code-set prediction under controlled evaluation.
We release code, data splits, and checkpoints to
support reproducible comparison.

* First RL-based post-training study for gener-
ative ICD coding. To our knowledge, this is the
first study to apply GRPO-style reinforcement
learning to post-train generative LLMs for ICD
code-set prediction. All generative methods use
the same datasets, splits, parser, and metric set.

 Diagnostic curriculum for missed-code recall.
We introduce PHI, a training-time missed-code
curriculum that extends GRPO with codes missed
by earlier checkpoints while keeping inference
hint-free, providing targeted refinement for re-
maining missed-code cases.

2 Related Work

Discriminative ICD coding. Automated ICD
coding has traditionally been formulated as ex-
treme multi-label classification over long clinical
documents. CAML introduced code-specific at-
tention to connect each ICD prediction with sup-
porting spans in the note (Mullenbach et al., 2018).
Later discriminative models improved either the
document encoder or the label representation: Mul-
tiResCNN uses multi-filter residual convolutions
for long notes (Li and Yu, 2020), LAAT applies
label attention with hierarchical learning for in-
frequent codes (Vu et al., 2020), convolutional
attention models target long-tailed clinical docu-
ment classification (Liu et al., 2021), and label-
correlation rerankers model dependencies among
ICD codes (Tsai et al., 2021). Encoder-based pre-
trained language models further strengthen this
paradigm, with BERT-XML and PLM-ICD adapt-
ing contextual encoders to large ICD label spaces
and long inputs (Zhang et al., 2020; Huang et al.,
2022). Edin et al. (2023) show that these systems
remain strong baselines on clean MIMIC-III and
MIMIC-1V splits when preprocessing and thresh-
olding are controlled. Our work uses these dis-
criminative coders as strong reference points for



evaluating whether task-specific post-training can
make generative LLM coders competitive under
the same protocol.

Generative ICD coding. Generative ICD coding
treats code assignment as a text-generation prob-
lem: an LLM reads a clinical note and emits the
applicable ICD codes as text. Existing work has
mainly explored this formulation through inference-
time use of the model, including zero-shot or few-
shot prompting, chain-of-thought reasoning, re-
trieval, reranking, and tool use (Boyle et al., 2023;
Soroush et al., 2024; Kwan, 2024; Baksi et al.,
2025). These studies show that generative coders
can be flexible, but they often struggle with exact
medical-code selection and can produce invalid or
hallucinated codes (Soroush et al., 2024). Other
work has explored domain-specific fine-tuning or
rationale-based supervision for improving gener-
ative medical coding (Hou et al., 2025; Li et al.,
2026). RL has also been applied to ICD coding, but
prior work uses it for multi-agent path search over
the ICD hierarchy with a discriminative policy net-
work rather than to post-train a generative LLM (Lu
etal., 2025). Our work focuses on this missing post-
training axis by evaluating how prompting, SFT,
GRPO, and PHI change generative ICD coding un-
der a controlled protocol.

Post-training methods. Post-training has be-
come a standard stage for adapting pretrained lan-
guage models to downstream tasks. Supervised
fine-tuning (SFT) trains models on instruction-
response pairs and is commonly used to teach
task format, domain style, and output conven-
tions (Ouyang et al., 2022; Wei et al., 2021). How-
ever, maximum-likelihood training optimizes next-
token prediction rather than non-differentiable task
metrics, creating a mismatch between token-level
learning and sequence- or set-level evaluation (Ran-
zato et al., 2015). Reinforcement-learning-based
post-training addresses this mismatch by scoring
complete model outputs with explicit rewards and
updating the policy toward higher-reward genera-
tions. PPO is widely used in RLHF because its
clipped policy objective stabilizes updates while a
KL penalty keeps the policy close to a reference
model (Schulman et al., 2017; Ouyang et al., 2022).
More recent methods such as GRPO remove the
learned value model and estimate advantages from
groups of sampled responses, making them attrac-
tive for metric-driven post-training (Shao et al.,
2024). Medical NLP has also studied domain

and task adaptation for biomedical language mod-
els (Alsentzer et al., 2019; Gu et al., 2021). For gen-
erative ICD coding, however, post-training remains
underexplored: existing work has mainly evaluated
inference-time prompting, tool-augmented coding
pipelines, or domain-specific fine-tuning, rather
than a staged comparison of SFT and RL-based
post-training under the same setup. Our work
brings this post-training perspective to ICD cod-
ing by comparing SFT and GRPO with the same
backbone, data, and evaluation protocol, then ex-
tending GRPO with PHI.

3 Preliminaries

Task formulation. Given a clinical note x =
(x1,x2,...,2,) and a predefined ICD code taxon-
omy C = {e1,co,...,cp}, automated ICD cod-
ing aims to predict the subset of applicable codes
Y C C. Equivalently, Y can be represented by
a binary vector y € {0,1}, where y; = 1 indi-
cates that code c; applies to the note. We write the
coding function abstractly as

fix—Y, Y Cc,

where Y is the predicted code set. Since L can con-
tain thousands of diagnosis and procedure codes,
ICD coding is commonly treated as an extreme
multi-label prediction problem.

Discriminative coders instantiate f by assign-
ing a score to each code in the fixed taxonomy
and selecting positive labels with a validation-
tuned threshold (Mullenbach et al., 2018; Huang
et al., 2022). Generative coders instead instanti-
ate f through conditional text generation: given
X, an LLM autoregressively produces a struc-
tured response containing ICD codes, such as a
<code>. . .</code> span, which is parsed into Y.
We use the same deterministic parser for all gener-
ative methods. Duplicated codes are deduplicated,
and malformed or invalid codes are excluded from
Y. All post-training methods in this paper oper-
ate on this generative formulation, differing only
in how the LLM is adapted before producing the
parsed code set.

4 Method

We post-train a generative LLM for ICD coding
through a staged pipeline (Figure 2). First, super-
vised fine-tuning (SFT) teaches the model to emit a
parseable code span and provides an empirical code
prior (Sec. 4.1). Second, GRPO optimizes the SFT
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Figure 2: Overview of our post-training pipeline. A generative LLM is first supervised fine-tuned to emit a
parseable code span, then optimized with GRPO using a sample-level F1 reward computed from the parsed code set.
Progressive Hint Injection (PHI) iterates over rounds: it runs the current checkpoint without hints, collects missed
codes Y; \ Y; into a per-sample hint pool, and samples training-time hints from this pool for the next GRPO round.
Hints are used only during training. At inference, the model receives only the clinical note.

policy with a sample-level F1 reward computed
from the parsed code set (Sec. 4.2). Third, Progres-
sive Hint Injection (PHI) extends GRPO with an
iterative curriculum that focuses training on codes
missed by earlier checkpoints (Sec. 4.3). All stages
output a single <code>cy, ca, . . ., c,</code> span,
which we parse into the predicted set Y. Hints
are used only during training. At inference, the
model receives only the clinical note, matching the
hint-free setting used by all generative baselines.

4.1 SFT Initialization

Prompting relies on the base model’s existing capa-
bility, but ICD coding requires a constrained output
schema and an empirical code prior. We therefore
use SFT as the first post-training stage, turning
the instruction-tuned base model into a parseable
generative ICD coder before RL.

Each SFT example consists of a user prompt x;,
containing a fixed coding instruction, the discharge
summary, and the required output format, paired
with an assistant response z; that serializes the
gold code set Y; inside a single <code>. . .</code>
span. Let Dspr = {(x,2:)}Y; denote these note-
to-code demonstrations. We optimize the masked
next-token objective

N |zl

Lspr(0) = =D > logmp(zis | X4, 2i<t)-

=1 t=1

The loss is computed only over assistant response
tokens, while user-prompt tokens are masked and

do not contribute to the gradient. We implement
this adaptation with LoRA and use the resulting
policy Ty, to initialize both GRPO and PHI.

4.2 GRPO with a Sample-Level F1 Reward

SFT provides a valid generative coder, but its
maximum-likelihood objective still trains the
model at the token level. ICD coding, however,
is evaluated after the generated text is parsed into
a code set. We therefore use RL as a second post-
training stage: each complete response is parsed
into Y, scored against the gold set Y, and used to
update the generative policy. This lets the model
optimize the quality of the predicted code set rather
than only imitate the gold code string.

Reward. For each sampled response, we parse
the predicted code set Y and compare it with the
gold set Y. We use the sample-level F1 as the
reward:
P_|YﬂY| Y ny]
v Yl
For malformed responses or predictions with no
valid code span, we set rp; = 0. Our main evalu-
ation reports corpus-level micro-F1, but this met-
ric is aggregated over many examples and is not
suitable as a rollout reward. GRPO needs response-
level rewards to compare sampled outputs within
each group. We therefore use sample-level F1 as a
per-response proxy that rewards the same precision—
recall tradeoff over parsed code sets, while avoiding
token-level likelihood alone.

_ 2PR
~ P+R

TF1



Optimization. Starting from the SFT policy
Togpp» WE Optimize the model with GRPO (Shao
et al., 2024). GRPO is well suited to our setting
because the reward is programmatically computed
from the parsed code set, so no separate reward
model is needed. It also avoids training a value
critic by estimating relative advantages within a
group of sampled responses, making it practical for
RL post-training on large ICD datasets.

For each prompt x, we sample a group of GG
responses {01, . ..,0¢} from the old policy 7y,
Each response is parsed into a code set and scored
with the sample-level F1 reward. GRPO then nor-
malizes rewards within the group to obtain

- rj—mean({ry,...,rG})
A= T A el

The policy is updated with a clipped objective and
a KL penalty toward a reference policy:

ey

J0) =E; {min (pi4;, clip(pj, 1 —€,1+ G)Aj):|

— BrLDkL (70 || mref)
2
where
_ (05 | x)
Pi= )
T6a(05 | X)
Here ¢ is the clipping range, and the KL penalty
keeps the updated policy close to 7ef. Running
this stage without hints gives our GRPO baseline.

4.3 Progressive Hint Injection

GRPO improves code-set prediction by optimizing
sampled responses with an F1 reward, but some
gold codes can remain repeatedly missed by later
checkpoints. PHI turns these false negatives into a
training-time curriculum. The model is first evalu-
ated without hints to reveal the codes it currently
misses, and later GRPO rounds expose sampled
missed codes as in-context hints. The reward target
remains the full gold set, not the hint subset.

Missed-code curriculum. We maintain a per-
sample hint pool HZ-(t) for each training exam-
ple. The round-0 pool is initialized from the SFT
model’s hint-free predictions:

At the end of round ¢, we run the current checkpoint
on the training set without hints, parse the predicted
code set Yi(t), and refresh the pool for the next
round:

Y = v\ 7. )

)

Samples with empty pools are skipped in the next
PHI round, so training concentrates on examples
with remaining false negatives.

Stochastic hint injection. During PHI training,
each retained prompt either remains hint-free or
receives a sampled hint subset h; C H i(t). We
sample hints without replacement from the pool.
The sampling distribution gives higher priority to
codes that are infrequent in the corpus or have low
recall under the latest checkpoint, with clipping and
temperature smoothing to prevent a few rare codes
from dominating training. The hinted prompt states
that the listed codes were missed previously but are
confirmed applicable, includes their descriptions,
and instructs the model to include the hinted codes
while adding any other applicable codes supported
by the note. Varying the number of injected hints
and keeping a fraction of prompts hint-free reduces
reliance on the hint list alone and keeps the model
exposed to note-only training cases.

Test-time invariance. Hints are training-time su-
pervision only. At inference, the model receives
only the clinical note and must generate the full
code set without hints, matching the hint-free set-
ting used by all generative baselines.

S Experiments

We evaluate the staged post-training progression
for generative ICD coding on MIMIC-III (Johnson
et al., 2016) and MIMIC-IV (Johnson et al., 2023).
Our experiments ask three questions. First, can
task-specific post-training move generative LLM
coders beyond weak prompting-only performance
and toward strong discriminative baselines? Sec-
ond, how much does each stage, SFT, GRPO, and
PHI, contribute to this progression? Third, how
does PHI affect the remaining missed-code cases,
including rare codes that prior benchmarks identify
as especially challenging?

5.1 Experimental Setup

Datasets. We evaluate on MIMIC-III with ICD-
9-CM codes and MIMIC-IV with ICD-10-CM
codes (Johnson et al., 2016, 2023). Both datasets
contain discharge summaries from the Beth Israel
Deaconess Medical Center. We follow the strati-
fied clean splits introduced by Edin et al. (2023)
and report results on both the Top-50 and Full la-
bel settings. Our preprocessing preserves punctua-
tion and document structure, which provide useful



Table 1: MIMIC-III ICD-9-CM Results. Methods are grouped by paradigm: PLM Baselines, LLM (Prompting), and
. Within each split we report Micro / Macro Recall (R), Precision (P), and F1. All values are percentages. Bold
and underline mark the best and second-best result in each column, respectively.

Top-50 Full
Method Backbone Micro Macro Micro Macro
Recall Precision F1 Recall Precision F1  Recall Precision F1 Recall Precision F1
@ PLM Baselines
CNN CNN 59.7 65.6 625 524 574 52.6 403 489 442 85 11.3 8.8
GRU Bi-GRU 36.3 56.1 44.1 30.0 442 335 421 490 453 9.1 12.1 94
CAML CNN 45.1 69.0 545 389 56.8 444 488 53.1 509 179 20.6 18.0
MultiResCNN  ResNet 62.3 65.6 639 58.1 577 562 51.7 552 534 163 17.1 153
LAAT Bi-LSTM 59.7 714 65.0 53.0 643 56.0 522 573 546 20.5 247 20.7
PLM-ICD RoBERTa 68.1 68.0 68.1 633 63.7 635 584 61.0 59.7 29.0 314 283
® LLM (Prompting)
Zero-shot Qwen2.5-1.5B 0.8 29.0 1.6 04 4.7 0.7 0.1 15.1 02 0.0 0.1 0.0
Qwen3-4B 5.5 52.7 10.0 2.7 11.7 4.0 1.6 242 3.0 0.2 0.4 0.2
Few-shot Qwen2.5-1.5B 2.2 16.1 3.9 1.4 5.6 1.9 0.0 3.9 0.0 0.0 0.0 0.0
Qwen3-4B 4.6 334 8.0 28 12.1 3.9 1.1 11.8 2.0 0.1 0.4 0.1
Zero-shot+CoT Qwen2.5-1.5B 0.8 28.0 1.5 0.3 6.9 0.6 0.0 15.1 0.1 0.0 0.1 0.0
Qwen3-4B 5.8 61.5 106 2.8 180 42 1.9 30.8 3.5 0.2 0.6 0.2
Few-shot + CoT Qwen2.5-1.5B 5.1 17.8 8.0 33 4.6 2.8 0.6 6.9 1.1 0.0 0.1 0.0
Qwen3-4B 11.0 528 182 59 182 7.8 3.2 229 57 0.3 0.8 0.3
SET Qwen2.5-1.5B 73.8 654 694 68.8 64.1 652 30.1 457 363 9.1 14.1  10.1
Qwen3-4B 75.2 70.1 72.6 703 679 68.3 39.3 550 458 159 2277 174
GRPO Qwen2.5-1.5B 69.6 719 70.7 64.1 67.8 64.6 464 52.1 49.1 138 15.0 13.0
Qwen3-4B 71.7 75.6 73.6 66.5 722 68.1 514 62.8 565 194 2277 194
PHI (Ours) Qwen2.5-1.5B 72.3 68.9 70.6 67.0 66.3 653 45.0 557 498 159 152 14.1
Qwen3-4B 73.7 733 73.5 68.7 704 686 514 629 56.6 20.5 23.0 20.0

cues for section boundaries, abbreviations, nega-
tion, and clinical lists in autoregressive generation.
To ensure a fair comparison, we train or evaluate
all discriminative and generative methods on the
same preprocessed corpus. Dataset statistics, pre-
processing details, and split sizes are provided in
Appendix A.

Baselines. We compare two families of ICD
coders. Discriminative methods include CNN,
GRU, and CAML (Mullenbach et al., 2018), Mul-
tiResCNN (Li and Yu, 2020), LAAT (Vu et al.,
2020), and PLM-ICD (Huang et al., 2022). Gener-
ative methods use Qwen2.5-1.5B and Qwen3-4B
as shared backbones and cover prompting variants,
supervised fine-tuning, GRPO (Shao et al., 2024),
and PHI. Prompting variants include zero-shot, few-
shot, and chain-of-thought prompting (Wei et al.,
2022). All generative variants are evaluated with
the same parser, output format, and metric set to
ensure a controlled comparison. Baseline configu-
rations and prompt templates are in Appendix C.

Evaluation Metrics. We report precision, recall,
and F1 at both the micro and macro levels, with all
values shown as percentages. Micro scores are com-
puted by pooling true positives, false positives, and

false negatives over the test set, while macro scores
are computed as the arithmetic mean of per-class
scores following Edin et al. (2023). For discrimi-
native models, we tune a single decision threshold
on the validation set to maximize micro-F1. Gener-
ative models do not use a decision threshold. Full
metric definitions are provided in Appendix G.

Implementation Details. For discriminative
baselines, we adopt the tuned hyperparameters of
Edin et al. (2023) and retrain each model on our
preprocessed corpus. For generative methods, we
use LoRA for SFT and GRPO-based RL training
with vLLM-backed rollouts. All post-training vari-
ants share the same backbone, parser, and reward
implementation. Hardware, hyperparameters, and
training-time details are provided in Appendix F.

5.2 Main Results

Tables 1 and 2 show a clear shift in how gener-
ative LLM coders should be interpreted. Under
prompting alone, both backbones perform far be-
low discriminative coders, especially in the Full
label setting, which is consistent with prior reports
that LLMs are weak medical coders. However,
this comparison mainly reflects the limitation of
prompting-only evaluation rather than the capabil-



Table 2: MIMIC-IV ICD-10-CM Results. Methods are grouped by paradigm: PLM Baselines, LLM (Prompting), and
. Within each split we report Micro / Macro Recall (R), Precision (P), and F1. All values are percentages. Bold
and underline mark the best and second-best result in each column, respectively.

Top-50 Full

Method Backbone Micro Macro Micro Macro

Recall Precision F1 Recall Precision F1  Recall Precision F1 Recall Precision F1
O PLM Baselines
CNN CNN 71.6 69.8 70.7 66.0 659 644 41.8 532 46.8 5.6 9.4 6.3
GRU Bi-GRU 71.9 70.3  71.1 66.9 655 654 434 546 483 8.6 132 94
CAML CNN 70.3 68.6 694 643 646 634 515 58.1 54.6 149 18.0 15.1
MultiResCNN  ResNet 71.7 70.5 71.1 67.2 65.1 648 52.0 58.7 552 169 179 15.7
LAAT Bi-LSTM 71.9 716 71.8 669 672 659 538 59.3 564 18.8 21.7 183
PLM-ICD RoBERTa 73.3 73.6 73.5 68.9 69.8 683 57.0 624 59.6 24.1 268 23.7
& LLM (Prompting)

Zero-shot Qwen2.5-1.5B 0.1 150 03 0.1 170 0.2 0.1 144 0.1 0.0 0.6 0.0
Qwen3-4B 0.4 343 09 04 244 0.8 0.3 189 0.6 0.1 0.7 0.1
Few-shot Qwen2.5-1.5B 1.1 135 20 0.8 6.0 1.1 0.4 5.7 0.7 0.0 0.1 0.0
Quwen3-4B 5.2 170 79 59 273 6.2 0.1 49 02 0.0 0.3 0.0
Zero-shot + CoT Qwen2.5-1.5B 0.2 133 04 02 180 0.3 0.3 171 06 0.0 0.5 0.0
Quwen3-4B 1.8 453 3.5 1.9 208 3.2 1.6 242 30 02 1.2 0.2
Few-shot + CoT Qwen2.5-1.5B 0.5 15.2 1.0 03 4.5 0.6 0.2 6.3 03 0.0 0.1 0.0
Quen3-4B 7.3 286 11.7 6.9 274 8.5 1.5 11.1 26 02 0.9 0.2
SFT Qwen2.5-1.5B 74.3 69.6 719 71.7 67.6 692 503 488 49.5 12.8 13.1 118
Quwen3-4B 74.3 71.7  73.0 718 69.6 703 46.8 585 52.0 19.3 242 20.0
GRPO Qwen2.5-1.5B  71.1 74.1 726 685 71.0 68.8 49.1 585 533 10.7 13.8 10.8
Qwen3-4B 71.5 759 73.6 68.8 731 69.8 542 63.7 58.6 20.2 249  20.6
PHI (Ours) Qwen2.5-1.5B 73.8 708 723 71.1 686 69.3 51.0 570 538 132 139 123
Qwen3-4B 73.7 732 734 70.8 711 70.1 550 63.0 587 21.0 250 212

ity of task-adapted generative coding. After task-
specific post-training, the conclusion changes sub-
stantially. SFT provides the main capability jump,
GRPO improves code-set optimization in the larger
label space, and PHI acts as a focused refinement
stage for remaining missed codes. Overall, the
results suggest that generative LLMs are not in-
herently poor ICD coders. Rather, prompting-only
evaluation conflates the limits of prompting with
the potential of task-adapted generative coding.

SFT provides the main capability jump. The
largest improvement comes from supervised fine-
tuning. Prompted LLMs often fail not only be-
cause they lack ICD-specific knowledge, but also
because they do not reliably follow the required
output schema, generate invalid codes, or place
codes outside the parseable <code>...</code>
span. SFT addresses this first bottleneck by train-
ing the model on note-code demonstrations, teach-
ing both a parseable output format and the em-
pirical ICD code distribution. For example, on
MIMIC-III Top-50, Qwen3-4B improves from the
best prompting micro-F1 of 18.2 to 72.6 after SFT,
already surpassing PLM-ICD. Similar jumps ap-
pear on MIMIC-IV and in the Full setting, where
SFT brings the model from near-unusable prompt-

ing performance into a strong working range. This
shows that the main barrier for prompted LLMs is
not the generative formulation itself, but the lack
of task-specific adaptation.

GRPO improves code-set prediction beyond
SFT. After SFT establishes a usable generative
coder, GRPO provides the main metric-oriented
refinement. Its effect is most visible in the Full set-
ting, where the model must balance precision and
recall over a much larger ICD taxonomy. Across
both MIMIC-III and MIMIC-IV, GRPO consis-
tently improves Full-setting micro-F1 over SFT,
with especially large gains on MIMIC-III. In con-
trast, Top-50 results are already strong after SFT,
so GRPO mainly adjusts the precision—recall trade-
off rather than producing another large jump. This
pattern suggests that reward-based post-training is
most useful once the model has learned the coding
format and code prior, but still needs to optimize
complete code-set quality in a large label space.

PHI refines the remaining missed-code cases.
Unlike SFT and GRPO, this stage is designed for
focused refinement rather than broad capability ac-
quisition. It starts from the SFT-initialized policy
and repeatedly trains on cases where the current



checkpoint still misses gold codes. Samples whose
hint pools become empty are skipped in later PHI
rounds, which makes training faster and concen-
trates updates on unresolved cases. This design
can reduce repeated exposure to easy or already-
solved cases that contribute heavily to micro-F1.
As aresult, PHI is often close to GRPO on headline
micro-F1 rather than uniformly higher. Its benefit is
more visible in the Full setting and in macro-level
performance, where remaining missed and lower-
frequency codes matter more. This makes PHI a
targeted complement to GRPO: GRPO improves
overall code-set quality, while PHI redirects later
training toward the codes that the current policy
still fails to recover.

Post-trained LLMs narrow the gap to PLM-ICD.
PLM-ICD remains a strong reference point, espe-
cially in the Full label setting. Still, post-training
substantially changes the comparison. In Top-50
settings, post-trained LL.Ms reach or exceed PLM-
ICD on MIMIC-III and nearly match it on MIMIC-
IV. In Full settings, they do not uniformly sur-
pass PLM-ICD, but GRPO and PHI close much
of the gap while retaining the generative formula-
tion. Model size helps, especially after SFT and
GRPO in the Full setting, but it is not the main
driver: prompted Qwen3-4B remains far below
post-trained Qwen?2.5-1.5B. Thus, the main con-
clusion is not that generative LLMs replace dis-
criminative coders outright, but that task-specific
post-training makes them competitive in settings
where prompting alone fails.

6 Future Directions

Our results suggest that future generative ICD
coders should focus on the Full label setting, where
the key bottleneck is rare-code recall. Discrimina-
tive PLM coders score every label with an explicit
classifier head, giving them a natural mechanism
for label coverage and threshold-based recall con-
trol. Generative LLM coders are different: they
must actively recall and emit the correct codes from
a large taxonomy, so rare codes can be omitted even
when the note contains supporting evidence. PHI
shows that training-time exposure to previously
missed codes is a promising way to improve this
behavior, but stronger mechanisms are needed to
fully close the Full-setting gap.

Agentic RL with retrieval. A natural direction
is to let the model learn when to consult external

coding resources before producing the final code
set. During RL, the policy could decide whether
to retrieve ICD descriptions, hierarchy neighbors,
or similar coded cases, then use this evidence to
improve recall. This is especially relevant for rare
codes, where the model may not have enough para-
metric knowledge to generate the correct code with-
out assistance.

Hybrid PLM-LLM coding. Another direction
is to combine the label coverage of discriminative
coders with the flexibility of generative LLMs. A
PLM classifier can provide a high-recall candidate
set over the full taxonomy, while the LLM verifies,
completes, or explains the final prediction. Such
systems may be especially useful in the Full setting,
where exhaustive label scoring remains a major
advantage of discriminative models.

Recall-oriented rewards and decoding. Our
GRPO reward uses sample-level F1, which bal-
ances precision and recall. Future work could ex-
plore rewards and decoding strategies that explic-
itly emphasize rare-code recall, such as F3 rewards,
class-balanced rewards, bonuses for repeatedly
missed codes, or recall-calibrated stopping rules.
The key challenge is to improve low-frequency
code recovery without encouraging broad overpre-
diction and precision collapse.

7 Conclusion

We presented a controlled empirical study of task-
specific post-training for generative ICD coding.
By comparing prompting, SFT, and RL-based post-
training under the same protocol, this study pro-
vides the first evaluation of whether RL-based post-
training can improve generative LLM coders for
ICD code-set prediction. Our results show that
prompting-only evaluation substantially underesti-
mates the potential of LLM coders: SFT provides
the main capability jump, GRPO improves code-
set prediction in large label spaces, and PHI offers
a targeted curriculum for remaining missed-code
cases. While strong discriminative PLM coders re-
main highly competitive, task-specific post-training
narrows the gap and makes generative LLMs vi-
able ICD coders under controlled evaluation. More
broadly, these findings shift the central question
from whether LLMs can code from prompting
alone to how post-training, retrieval, and reward
mechanisms should be designed to improve reliable
recall over the full ICD taxonomy.



8 Limitations

Our evaluation is bounded in several ways. First,
we use MIMIC-III and MIMIC-1V, which are stan-
dard ICD coding benchmarks but come from a lim-
ited clinical data ecosystem. The results may not
fully reflect documentation styles, coding practices,
or label distributions across institutions. Second,
due to computational constraints, our generative ex-
periments cover two relatively small open-source
Qwen backbones. Larger LLMs, other model fam-
ilies, and closed-source models may show differ-
ent scaling behavior under the same post-training
pipeline. Finally, the Full label setting remains
challenging, especially for rare-code recall, and
post-training does not fully close the gap to PLM-
ICD.
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A Dataset Statistics and Preprocessing

Sources. All MIMIC-based experiments use
credentialed-access clinical data released through
PhysioNet. For MIMIC-III (Johnson et al., 2016),
we use discharge summaries paired with ICD-9-
CM diagnosis and procedure codes. For MIMIC-
IV (Johnson et al., 2023), we use MIMIC-IV and
MIMIC-IV-Note discharge summaries paired with
ICD-10-CM diagnosis and ICD-10-PCS procedure
codes. Both datasets require completion of the
appropriate PhysioNet credentialing and data-use
agreements.

Preprocessing and splits. We follow the prepro-
cessing pipeline of Edin et al. (2023) to convert the
raw note and code-assignment tables into sectioned-
note datasets. Each processed example contains a
discharge summary, its deduplicated target code set,
a split identifier, and a note identifier. We use the
corresponding clean splits from Edin et al. (2023),
which remove rare codes with fewer than ten train-
ing occurrences and use multi-label stratified sam-
pling so that evaluated codes appear in both train-
ing and test sets. Unlike the original preprocessing,
which lowercases text and strips non-alphanumeric
characters, we preserve common punctuation while
still lowercasing the note text. Punctuation, section
boundaries, abbreviations, negation cues, and list
structure provide useful signals for autoregressive
generation. To keep comparisons fair, all discrimi-
native and generative methods are trained or evalu-
ated on the same punctuation-preserved inputs.

Top-50 vs. Full. For both MIMIC-III and
MIMIC-1V, we construct two label-set variants.
The Full variant retains all diagnosis and proce-
dure codes that remain after preprocessing. The
Top-50 variant restricts the label space to the 50
most frequent codes in the corresponding training
set, following the standard top-code evaluation pro-
tocol used in prior medical-coding work. Examples
with no labels after Top-50 filtering are excluded
from the corresponding Top-50 split.

Instruction-format conversion. After prepro-
cessing, each dataset is converted into a ShareGPT-
style instruction-tuning format. The user turn con-
tains the discharge summary and an instruction
to output all applicable diagnosis and procedure
codes. The assistant turn contains the gold code set
enclosed in a structured <code>. . .</code> block.
The same conversion is applied to MIMIC-III and
MIMIC-1V, yielding Full and Top-50 variants for
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supervised fine-tuning, prompting evaluation, and
reinforcement-learning experiments. Because the
processed examples contain restricted clinical text,
we do not redistribute the note-level data. Repro-
ducing the datasets requires authorized PhysioNet
access and rerunning the preprocessing pipeline.

B Models

We use two instruction-tuned Qwen backbones for
all generative experiments: Qwen2.5-1.5B and
Qwen3-4B. Qwen2.5-1.5B provides a lightweight
setting for studying whether post-training can
improve a small generative ICD coder, while
Qwen3-4B provides a stronger backbone that re-
mains practical for SFT and GRPO-based training.
Both models are evaluated under the same prompt-
ing, SFT, GRPO, and PHI settings.

C Baseline Configurations

Discriminative baselines. CNN, GRU, and
CAML (Mullenbach et al., 2018) share a Word2 Vec
embedding layer trained on MIMIC notes. CNN
and GRU pool the encoder output before classifi-
cation. CAML applies the label-aware attention of
its original work. MultiResCNN (Li and Yu, 2020)
replaces the single-filter convolution with a multi-
scale residual variant. LAAT (Vu et al., 2020) uses
a Bi-LSTM encoder with a label attention layer.
PLM-ICD (Huang et al., 2022) uses a RoBERTa
encoder pre-trained on PubMed and MIMIC, with
the same label attention as LAAT. All hyperparam-
eters follow Edin et al. (2023) Table 3.

Generative baselines. We use Qwen2.5-1.5B
and Qwen3-4B as shared backbones for all genera-
tive methods. The prompting baselines include
zero-shot, few-shot, zero-shot chain-of-thought,
and few-shot chain-of-thought prompting (Wei
et al., 2022). The training-based generative base-
lines follow the staged post-training pipeline stud-
ied in the main paper: SFT fine-tunes the backbone
on note-to-code demonstrations, GRPO further op-
timizes the SFT policy with a sample-level F1 re-
ward, and PHI extends GRPO with progressive
training-time hints from missed codes. All gener-
ative methods use the same output format, parser,
and evaluation metrics.

D Prompt Templates

We summarize the prompt templates used for the
prompting baselines below. The placeholders



{CORPUS}, {CODE_SYSTEM}, and {LABEL_SCOPE}
are filled according to the dataset and label-set
setting: MIMIC-III or MIMIC-1V, ICD-9-CM or
ICD-10-CM/PCS, and Top-50 or Full. Importantly,
the prompt does not include an explicit candidate
code list. The Top-50 and Full settings determine
only the dataset construction and evaluation label
space. During evaluation, we parse and score only
the final codes enclosed in <code>. . .</code>.

Zero-shot. The zero-shot setting contains no clin-
ical demonstrations. The short code block shown
in the prompt is a formatting example only and is
not an allowed-code list.

Zero-shot Prompt

You are a clinical coding specialist assigning
{CODE_SYSTEM)} codes from a discharge summary.

Use {LABEL_SCOPE}.

Output only the final (CODE_SYSTEM} codes in

<code>...</code>. Do not include any other text.
Formatting example only, not a clinical example and not
codes to copy:

<code>{FORMAT_EXAMPLE_CODES}</code>

Now code the following discharge summary.

Discharge Summary:

{DISCHARGE_SUMMARY}

Answer:

Few-shot. The few-shot setting prepends three
retrieved training examples, each consisting of a
discharge summary and its gold code block. Re-
trieval is based on note similarity.

Few-shot Prompt

You are a «clinical coding specialist assigning
{CODE_SYSTEM) codes from a discharge summary.

Use {LABEL_SCOPE}.

Output only the final (CODE_SYSTEM} codes in
<code>...</code>. Do not include any other text.

Examples:

Example 1

Discharge Summary:
{SHOT_NOTE_1}

Answer:

<code>{SHOT_CODES _1}</code>
Example 2

Discharge Summary:
{SHOT_NOTE_2}

Answer:
<code>{SHOT_CODES_2}</code>
Example 3

Discharge Summary:
{SHOT_NOTE_3}

Answer:
<code>{SHOT_CODES_3}</code>
Now code the following discharge summary.
Discharge Summary:
{DISCHARGE_SUMMARY}
Answer:

Zero-shot + CoT. The zero-shot CoT setting asks
the model to write a brief structured rationale inside
<think>...</think> before giving the final code
block. Only the codes inside <code>. . .</code>
are scored.
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Zero-shot + CoT Prompt

You are a clinical coding specialist assigning
{CODE_SYSTEM} codes from a discharge summary.

Use {LABEL_SCOPE}.

First write a brief structured rationale in

<think>...</think>, then output the final {CODE_SYSTEM}
codes in <code>...</code>.

Do not put codes outside the <code> block.

Formatting example only, not a clinical example and not
codes to copy:

<think>Briefly identify the documented diagnoses and
procedures, then map them to {CODE_SYSTEM) codes.</think>
<code>{FORMAT_EXAMPLE_CODES}</code>

Now code the following discharge summary.

Discharge Summary:

{DISCHARGE_SUMMARY}

Answer:

L J

Few-shot + CoT. The few-shot CoT setting com-
bines the same three retrieved demonstrations with
the structured rationale format. As above, evalua-
tion ignores the rationale and scores only the final
code block.

Few-shot + CoT Prompt

You are a clinical «coding specialist assigning
{CODE_SYSTEM} codes from a discharge summary.

Use {LABEL_SCOPE}).

First write a brief structured rationale in

<think>...</think>, then output the final {CODE_SYSTEM)}
codes in <code>...</code>.

Do not put codes outside the <code> block.

Examples:

Example 1

Discharge Summary:

{SHOT_NOTE_1}

Answer:

<think>Review the discharge summary for documented
diagnoses and procedures, then map the supported findings
to {CODE_SYSTEM)} codes.</think>
<code>{SHOT_CODES_1}</code>

Example 2

Discharge Summary:

{SHOT_NOTE_2}

Answer:

<think>Review the discharge summary for documented
diagnoses and procedures, then map the supported findings
to {CODE_SYSTEM)} codes.</think>
<code>{SHOT_CODES_2}</code>

Example 3

Discharge Summary:

{SHOT_NOTE_3}

Answer:

<think>Review the discharge summary for documented
diagnoses and procedures, then map the supported findings
to {CODE_SYSTEM)} codes.</think>
<code>{SHOT_CODES_3}</code>

Now code the following discharge summary.

Discharge Summary:

{DISCHARGE_SUMMARY}

Answer:

\ J

E Training Details

SFT. We fine-tune with LoRA (Hu et al., 2022) of
rank 8, learning rate 1x10~° with cosine schedule,
and 3 epochs. The optimizer is AdamW. Each pair
is formatted as a single ShareGPT-style user turn
followed by the gold code span as the assistant turn.
The user segment is masked out of the loss, so the
cross-entropy objective is computed only over the
assistant response tokens.



GRPO. We sample G 8 trajectories per
prompt and form within-group advantages from
standardized sample-level F1 rewards. The actor is
updated with the clipped GRPO objective and a KL
penalty to the reference policy. The KL coefficient
is 1x10~3 throughout. The maximum response
length is 196 tokens, sufficient for any plausible
code list. Rollouts use vLLM with top-p sampling.

Reward implementation. For each generated re-
sponse, we extract the predicted code set Y from
the final <code>. . .</code> span, normalize and
deduplicate the codes, and compare it with the gold
set Y. The scalar reward passed to GRPO is the
sample-level F1 between YandY. Corpus-level
micro-F1 and macro-F1 are computed only for log-
ging and evaluation, not used as rollout rewards.

PHI hint training. We run PHI for 3 to 5 rounds,
with one GRPO epoch per round. The round-0 hint
pool is initialized from the SFT model’s hint-free
predictions:

Hi(O) =Y;\ VSFT.

At each subsequent round, we run greedy inference
with the previous-round checkpoint on the training

(t-1)

set without hints, parse Yl , and refresh

Hz(t) —Y; \ }A/i(t—l)‘

Samples whose hint pool becomes empty are fil-
tered out of the next round. At each training step,
a hint is injected with probability 0.5. When in-
jecting, we sample between 1 and 5 missed codes
without replacement from H. Z-(t) using the clipped
and temperature-smoothed code weights described
below.

Hint sampling. For each missed code ¢, we as-
sign a rare-and-hard priority based on its corpus
frequency and latest-round recall:

1 1
\/@ . max(recall., 0.05)

We clip this priority at three times the median pri-
ority and sample hints without replacement from
the temperature-smoothed distribution

~1/7
c

Qe =

t
p(C|Hz( )): ~1/7’
D en® W
where w, is the clipped priority and 7 = 3.0. This
preserves a bias toward infrequent and low-recall
codes while preventing a few rare codes from dom-

inating training.
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Hint prompt. When hints are injected, we insert
a training hint before the output-format instruc-
tion. The hint lists the previously missed codes, in-
cludes their ICD descriptions, and gives a mini ex-
ample showing that the final answer should include
both the hinted codes and any additional codes sup-
ported by the note. The template is:

Training hint:
The following ICD-{VERSION} codes were

missed previously, but they are
confirmed applicable to this case.

Include these hinted codes in the
final <code> answer, then add any
other applicable ICD-{VERSION} codes

supported by the note.

Hinted codes:
- {CODE_1} ({DESCRIPTION_13})
- {CODE_2} ({DESCRIPTION_23})

Mini example:

If the hint says:

- 276.2 (Acidosis)

and the note also supports 401.9 and
584.9, then the final answer should
include both the hinted code and the
other supported codes:

<code>276.2, 401.9, 584.9</code>

Descriptions are taken from the ICD description
files and truncated to a maximum length. The re-
ward target remains the full gold set Y;, not the
hinted subset.

F Implementation Details

Hardware and runtime. Discriminative base-
lines are trained on a single A100 80GB GPU.
Generative RL experiments are run on 4x H100
80GB GPUs. Stage-1 SFT takes about 24 hours. A
Top-50 GRPO run takes about 120 hours, while a
Full-code GRPO run takes about 160 hours. Each
PHI round adds one additional GRPO epoch initial-
ized from the previous-round checkpoint.

Frameworks. Stage-1 SFT is implemented with
LlamaFactory. Stages 2 and 3 use EasyR1 with
vLLM-backed rollouts. The reward function,
parser, and preprocessing utilities are released with
the codebase to support reproducibility.

Long-note truncation. Discharge summaries
can exceed the model context window. We there-
fore apply a tiered middle-out truncation scheme
that prioritizes preserving section headers and the
discharge-diagnoses block. This keeps high-value
clinical structure and diagnosis anchors in the input
while fitting long notes into the model context.



G Evaluation Metrics

Definitions. For each predicted set Y and gold
set Y over the label vocabulary C, we compute pre-
cision, recall, and F1 at both the micro and macro
levels. Micro scores pool true positives, false pos-
itives, and false negatives across the full test set
before computing each metric. Macro scores first
compute per-class precision, recall, and F1, then
report the arithmetic mean over classes following
Edin et al. (2023). Macro F1 is therefore the arith-
metic mean of per-class F1, not the harmonic mean
of macro precision and macro recall. This choice
avoids the artificial deflation discussed in prior
work.

Decision threshold tuning. For discriminative
models, we tune a single decision threshold on the
validation set to maximize micro-F1, then apply the
same threshold at test time. We do not tune separate
thresholds per class. Generative models do not use
a decision threshold; their predictions are obtained
by parsing the generated <code>. . .</code> span
into a code set.

H LLM Usage

We used Large Language Models (ChatGPT/-
Claude/Gemini) exclusively for grammatical cor-
rection in this manuscript. The LLMs played no
role in research ideation, methodology, or scientific
content generation. All technical contributions and
scientific insights are original work by the authors.
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