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Abstract

Fusing charted times series with clinical notes
has been found useful for predictive analytics.
However, the incompleteness of clinical notes
can undermine prediction quality. We thus pro-
pose a novel conditional diffusion-based model
called CODE to recover the missing semantics
of clinical notes, which integrates EHR time
series into diffusion. CODE learns to align a
diffusion process with unknown levels of note
incompleteness using contrastive learning, by
which missing semantics are recovered via the
denoising process. We evaluate the effective-
ness of CODE by conducting experiments on
real-world EHR data for three prediction tasks.
Empirical results show that CODE with the ca-
pability to recover the missing semantics can
outperform state-of-the-art baselines.

1 Introduction

Recent advances leverage multimodal temporal
EHR data, particularly clinical notes and time se-
ries of clinical measurements, to model patient con-
ditions and forecast treatment needs (Zhang et al.,
2023b; Cui et al., 2024; Lyu et al., 2023; Han et al.,
2024; Yun et al., 2025; Zhu et al., 2024; King et al.,
2023; Liu and Chen, 2024). Time series data and
clinical notes are complementary in providing a
comprehensive view of a patient’s condition. The
time series often include vital signs and lab test
results, which are typically acquired using equip-
ment, while clinical notes (e.g., nursing notes) are
written by professionals to report the disease pro-
gression observed during nursing activities. Work
experience, competence, and education can be fac-
tors that affect nurses’ interpretations of disease
progression (Cohan et al., 2016; Charalambous and
Goldberg, 2016), in which case some critical infor-
mation can be omitted. Consequently, performance
declines in predictive analytics. This incomplete-
ness issue is challenging as missingness is hard to

Figure 1: Conventional diffusion model and our pro-
posed CODE model. a) A diffusion model learns to
generate encoded complete clinical notes. b) CODE
learns to align the diffusion process with the encoded
clinical notes with incompleteness so that the missing
semantics can be recovered via the denoising process.

detect (Wu et al., 2023), which can be triggered by
under-reporting or non-existence of events.

Existing approaches to handling missing struc-
tured data (Zhang et al., 2023a; Utama et al., 2024)
fail to address missingness in unstructured data
such as nursing notes. Also, supervised text-
completion methods (Lee et al., 2025; Horvitz
et al., 2024) are not applicable to our setting as the
ground truth “complete” notes are required. Large-
language models (LLMs), though powerful, show
serious hallucination in our experiments. Soni and
Demner-Fushman (2024) demonstrates the possi-
bility of generating nursing progress notes based
on time series and previous reports, leaving the
incompleteness issue of clinical notes untouched.
There also exist methods to correct errors or in-
consistent expressions (Ben Abacha et al., 2025;
Asiimwe et al., 2024; Murata et al., 2024), but not
explicitly for incompleteness.

To bridge this gap, we propose Completeness-
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oriented Diffusion Embeddings (CODE)1, a novel
diffusion-based (Ho et al., 2020) model which gen-
erates note embeddings following the distribution
of the embeddings of complete notes. The key idea
behind CODE is to align the embeddings of in-
complete notes with the intermediate states of the
diffusion process (Fig. 1) via contrastive learning,
so the semantics of a potentially complete note are
recovered by denoising. To fuse time series with
notes, CODE takes time series embeddings as a
diffusion condition.

We conduct experiments using data extracted
from a real-world EHR dataset (MIMIC-III)
for three different prediction tasks including in-
hospital mortality, length-of-stay, and septic-shock
classification. Experimental results demonstrate
that CODE with the ability to recover the miss-
ing semantics of clinical notes can achieve higher
prediction accuracy across multiple clinical bench-
marks. The main contributions of this paper in-
clude:

• We propose a novel diffusion-based model
(CODE) to generate the embeddings of com-
plete semantics from the embeddings of less
complete semantics.

• We extend CODE by taking time-series em-
beddings to be the diffusion condition and
design contrastive learning to align diffusion
process with note incompleteness.

• We demonstrate the viability of recovering
the embeddings of complete semantics, which
leads to performance improvement of three
downstream tasks.

2 Related Work

Fusion of Clinical Notes and Time Series
Various methods have been proposed to learn fused
representations from time series and clinical notes,
where the underlying fusion challenges include
temporally misaligned records and insufficient con-
textual information. In particular, Zhang et al.
(2023b) tackles the irregularity of timestamps by
querying temporally irregular key-value pairs us-
ing regular time intervals. Han et al. (2024) adopts
a mixture-of-experts (MoE) approach to achieve
data fusion by routing each modality to designated
experts that specialize in the modality. For bet-
ter fusion, Zhu et al. (2024) augments contextual

1https://github.com/FeilongWu/CODE

information by retrieving knowledge based on mul-
timodal data using the RAG approach, which lever-
ages LLMs. Yun et al. (2025) explores inter-modal
and intra-modal contexts to supplement missing
modalities for the fusion. These methods do not fo-
cus explicitly on the incompleteness issue of notes.

Diffusion Models for Text Generation
Diffusion models (Ho et al., 2020) consist of a
forward diffusion process of adding noise and a
reverse denoising process, which are trained based
on a dataset to generate new data that will follow
the training data distribution. For diffusion lan-
guage models, Lovelace et al. (2023) validates that
continuous diffusion models can be learned in the
latent space of language autoencoders. Shi et al.
(2024) unlocks the potential of masked diffusion
models for text generation by enabling their train-
ing with state-dependent masking schedules. They
have also been extended for controlled text gener-
ation (Mirbeygi and Beigy, 2025) and text editing
(Lee et al., 2025).

In contrast, our proposed method adds noise to
the embeddings adaptively based on an estimated
degree of incompleteness, and tries to train the dif-
fusion model to generate outputs with the missing
semantics recovered.

3 Method

3.1 Notations and Prediction Tasks

Assume an EHR dataset of K patients
where the record of each patient i con-
tains: a time series of Ni clinical features
Xts
i := {(xts1 , tts1 ), (xts2 , tts2 ), ..., (xtsNi , ttsNi)},

a set of Mi time-stamped nursing notes
Xtxt
i := {(xtxt1 , ttxt1 ), (xtxt2 , ttxt2 ), ..., (xtxtMi

, ttxtMi
)},

and a binary class label yi ∈ {0, 1}.
Our goal is to train a model which can extract

the information from (Xts
i ,X

txt
i ) and fuse them

to predict yi. We consider that each nursing note
may have an unknown degree of incompleteness,
which will cause undesirable bias in model train-
ing. We focus on three prediction tasks: in-hospital
mortality (IHM), length of stay (LOS), and septic-
shock classification (SSC). Predicting IHM is im-
portant for treatment plan adjustment if the pre-
diction indicates that a patient has a high risk of
death. LOS is to predict whether a patient will be
discharged in upcoming days, which can indicate
the effectiveness of treatment. SSC is to distinguish
septic shock from sepsis without shock, which is
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error-prone as they share many symptoms in com-
mon (Singer et al., 2016; Schorr et al., 2014).

3.2 Modeling Incomplete Notes Using
Diffusion Models

We argue that when an incomplete note with infor-
mation loss becomes less dependent on the corre-
sponding complete version. The process of losing
information is analogous to the diffusion process in
which an intermediate state gradually loses depen-
dence on its initial state as the diffusion schedule
t increases. In this sense, losing textual informa-
tion amounts to increasing the diffusion schedule t.
This inspires us to model the degree of incomplete-
ness as a diffusion process so that the data of higher
degree of completeness can be generated through
denoising. As we focus on the semantics of notes
for the downstream prediction tasks, we encode the
diffusion state using the [CLS] embedding of text,
which is extracted from a pretrained encoder (e.g.,
GatorTron (Yang et al., 2022)).

Our idea of data generation may seem similar to
the controlled diffusion generation (Lee et al., 2025;
Meng et al., 2022). For example, SDEdit (Meng
et al., 2022) generates photo-realistic images from
hand-drawings. The key is that the distribution of
images can match that of hand-drawings when the
same amount of noise is added to both; therefore,
images can be generated from noisy hand-drawings
through denoising. Yet, direct application to our
case is not possible. First, the amount of noise to
be added should vary according to the degree of
incompleteness rather than being pre-defined and
fixed as in (Lee et al., 2025; Meng et al., 2022).
Aligning an unknown degree of incompleteness
to the amount of noise or diffusion schedule t is
non-trivial. In addition, lacking the embeddings of
complete notes as the generation targets results in
additional challenges.

3.3 Aligning Incomplete Notes and Diffusion
Steps via Contrastive Loss

Given a nursing note xtxt, we use a pretrained en-
coder to obtain the [CLS] embedding as its repre-
sentation, denoted as zBT (xtxt) (or simply zBT ).
We use GatorTron (Yang et al., 2022) since its to-
ken limit is 2,048, which is longer than all notes
in our dataset, to ensure no information loss due to
the token limit.

To match it with an incompleteness level repre-
sented by a diffusion step, zBT is projected to an

intermediate state zt′ as:

p
(
zt′ |t′, zBT

)
:= N

(
zt′ ;

√
ᾱt′z

BT , (1− ᾱt′)I
)
,

where α0 = 1, ᾱt = Πti=1αi, {αi} are fixed hy-
perparameters, and t′ is sampled from a learnable
integer distribution t′ ∼ pψ(t

′|zBT ) with support
t′ ∈ {0, 1, ..., T}. We use an MLP parameterized
by ψ to implement pψ(t′|zBT ) for aligning the note
embedding zBT with the corresponding diffusion
step t′.

To learn pψ(t
′|zBT (x)), we propose a con-

trastive loss which encourages it to give a higher
value of t′ if the degree of incompleteness of x
is higher. Intuitively, we expect that zt′ will dif-
fer more from the inferred z0 when more sen-
tences are deleted from the note xtxt. We start
with a note xtxt and randomly delete some sen-
tences from it to create another pseudo note xtxtinc
which should have a higher degree of incomplete-
ness. Compared with xtxt, the representation of
xtxtinc should take more denoising steps to reach
t′ = 0 which should correspond to the embedding
of the complete note. In other words, we expect
E[t′|zBT (xtxt)] < E[t′|zBT (xtxtinc)]. Thus, we
define the contrastive loss as follows:

Lcontrast =
1

|S|2
∑

a∈S

∑

b∈S
w(a, b)

(
t′∗
(
zBT (xtxta )

)

− t′∗
(
zBT (xtxtincb )

))
, (1)

where

t′∗
(
zBT (x)

)
=

1

T
E[t′|zBT (x)] = 1

T

T∑

t′=0

t′ · pψ(t′|zBT (x))

is the expected degree of incompleteness, which
is normalized between 0 and 1, and S denotes
the index set of all notes that S := {ij : i ∈
{1, 2, ...,K}, j ∈ {1, 2, ...,Mi}}.

The proposed weighting function is as:

w(a, b) =





1 if a = b

h
(
xtxtincb ,xtxta

)
∑
b∈S h

(
xtxtincb ,xtxta

) else,
(2)

h
(
xtxtincb ,xtxta

)
= λ1 log t

′
∗
(
zBT (xtxtincb )

)

+ (1− λ1) log
(
1− log t′∗

(
zBT (xtxta )

)) (3)

with 0 < λ1 < 1. Note that for w(a, b), when
a = b (i.e., the same note), the incompleteness
level of the incomplete version should always be
larger than its original version’s, and thus we set
w(a, b) = 1 (a.k.a. positive pairs in contrastive
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learning) (Chen et al., 2020). Considering only
these positive pairs is insufficient as it will force
t′∗ either close to 0 or 1 according to Eq.(1) which
is undesirable. We also consider pairs of different
notes (i.e., a ̸= b) and use soft weighting (Park
et al., 2024) forw(a, b) to implicitly align the value
of t′∗ across the notes, which automatically adjusts
its sign when the t′∗ of two notes in a pair differ. We
find that adjusting λ1 can control the magnitude of
the learned t′∗, where higher λ1 may favor a large
gap in the completeness level between the given
and incomplete notes.

3.4 Diffusion for Complete Semantics
Once zBT is mapped to zt′ via the contrastive mod-
ule, the diffusion process splits into two ranges
that require different training signals: a supervised
range [t′, T ], where adding Gaussian noise to zt′

provides exact denoising targets, and an unsuper-
vised range [0, t′], where the target z0, the embed-
ding of an unobserved complete note, is unknown.

For the supervised range, we adopt the standard
DDPM (Ho et al., 2020) loss:

Lt′:T = Ezt′ ,ϵ

[
||ϵ− ϵθ

( √
ᾱt′+1:tzt′

+
√
1− ᾱt′+1:tϵ, t

)
||2
]
, (4)

where ϵ ∼ N (0, I) and t ∼ Uniform(t′, T ); the
variational-bound derivation is in Appendix A.

For the unsupervised range, since z0 is unob-
served, we instead regularize the predicted noise to
be consistent with the prior N (0, I):

L0:t′ = Ez1:t′ ,ϵ

[
1

t′

t′∑

t=1

|| ϵθ(zt, t)||2

+ || cov(ϵθ(zt, t))−I||2
]
, (5)

where cov(·) denotes the empirical covariance over
the minibatch. This regularization discourages ar-
bitrary noise predictions in the unsupervised range,
which would otherwise disturb the recovery of z0
enforced by Lcomplete (Sec. 3.5). The full denois-
ing objective is:

Ldenoise := λ0 Lt′:T + (1− λ0)L0:t′ , (6)

where λ0 is a weighting factor to balance between
true noise and regularization.

During inference, we compute the expectation
of the latent variable z0 which corresponds to the

pseudo complete note embedding:

Eϵ,t′ [pθ(z0|zBT )]

= Eϵ
[∑

t′
pψ(t

′|zBT )p(zt′ |t′, zBT )
t′∏

t=1

pθ(zt−1|zt)
]
.

We use the results from (Ho et al., 2020) that

pθ(zt−1|zt) = N (zt−1;µθ(zt, t), σ
2
t I),

where

µθ(zt, t) =
1√
αt

(zt −
1− αt√
1− ᾱt

ϵθ(zt, t)),

σ2t =
(1− ᾱt)(1− αt)

1− ᾱt
.

3.5 Anchoring z0 Generation
While the complete notes are unknown, we guide
the estimation of z0 close to the complete note em-
bedding by imposing desirable properties. Specifi-
cally, we design a loss term to fulfill the following
two criteria related to z0:

(i) Invariance to incompleteness. The reverse
process should recover the same expected z0
from a note xtxt and its corrupted version
xtxtinc ;

(ii) Anchoring on confidently-complete inputs.
When the contrastive module judges xtxt to
be already complete (i.e., pψ(t′ = 0|zBT )
greater than a threshold), the recovery from
its corrupted counterpart should remain close
to zBT itself.

Denoting zBT and zBTinc for the encoder outputs
of xtxt and xtxtinc , and zt′ , zt′,inc for their forward-
diffusion samples, we combine the two principles
into a single loss:
Lcomplete =
||Epψ(t′|zBT ),ϵ[z0|zt′ ]− Epψ(t′|zBTinc),ϵ

[z0|zt′,inc]||2

+ g(xtxt, λ2) ||zBT − Epψ(t′|zBTinc),ϵ
[z0|zt′,inc]||2,

(7)

where g(xtxt, λ2) = 1
[
pψ(t

′ = 0|zBT (xtxt)) ≥ λ2

]
is

an indicator function that activates the anchoring
term only when the input is judged confidently
complete, with threshold λ2 ∈ [0, 1]. The first
term enforces principle (i); the second, gated by
g(·), enforces principle (ii) and provides the only
direct supervision on z0, addressing the absence of
ground-truth complete notes. At inference time,
the same threshold acts as a gate: embeddings
with pψ(t′ = 0|zBT ) ≥ λ2 are treated as already
complete and bypass the diffusion model, while
the remaining incomplete embeddings are passed
through to produce z0.
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3.6 Conditioning Diffusion on Time-series for
Prediction

To extend our diffusion model to incorporate time
series and facilitate multimodal fusion, we param-
eterize the model as ϵθ(zt′ , ets, t′). ets is the em-
bedding of the time series used as the diffusion
model’s condition obtained by mTAND (Shukla
and Marlin, 2021), given as:

ets = mTAND
(
Q(ttxt),K([tts1 , t

ts
2 , ..., t

ts
M ]),

V([xts1 ,x
ts
2 , ...,x

ts
M ])

)
, (8)

where the query Q converts the timestamps of the
nursing notes corresponding to zt′ into embeddings.
Similarly, both keys K and values V are embed-
dings using both time-series timestamps and time-
series, respectively.

For the prediction head, we adopt similar mod-
ules of the SOTA model MoE-Retriever (Yun et al.,
2025):

ŷ = Classifier(f ts ⊗ f txt),

where ⊗ denotes concatenation and

f ts = F ts
(
(xts1 , t

ts
1 ), ..., (x

ts
N , t

ts
N )

)

f txt = F txt
(
(Ep(t′|zt′1),ϵ[z01|zt′1], t

txt
1 ),

... , (Ep(t′|zt′M ),ϵ[z0M |zt′M ], ttxtM )
)
.

F ts(·) is a network that takes a time series as in-
put and projects each time series element xts and
its timestamps tts onto their corresponding embed-
ding spaces. The two embeddings are then added
together with a self-attention layer followed to give
a time-series element feature vector. The element
feature vectors over the time series are averaged to
give f ts. F txt(·) is another network that projects
the timestamps of a note xtxt to a time embedding
and adds it to the expected {z0} from the diffu-
sion model, and then again passes it a self-attention
layer to give the average feature vector f txt over
notes.

To train the classifier, we adopt a cross entropy
loss between the ground truth label y and the pre-
dicted class label ŷ :

Lcls = −(y log(ŷ) + (1− y) log(1− ŷ)). (9)

The overall loss function for training the pro-
posed CODE model becomes:

LCODE = Ldenoise+Lcontrast+Lcomplete+Lcls
(10)

by substituting the denoiser ϵθ(zt, t) with the ex-
tended one ϵθ(zt, ets, t) for multimodal fusion.

While the model can be trained end-to-end,
we find it useful to pretrain the network for
pψ(t

′|zBT (x)) by first minimizing only Lcontrast.
Then, we freeze the parameters ψ and train the
model by minimizing the overall loss function.
Fig. 2 depicts our model architecture, with the de-
tails of the denoiser provided in Appendix E.1.

4 Experiments

4.1 Data and Evaluation Tasks

We evaluate CODE on three ICU patient-outcome
prediction tasks derived from MIMIC-III (Johnson
et al., 2016): in-hospital mortality (IHM), length of
stay (LOS), and septic-shock classification (SSC).
For each patient, we extract a 37-dimensional time
series of vital signs and laboratory measurements
together with the nursing notes recorded during the
ICU stay. IHM and LOS use a 48-hour observa-
tion window, with the targets being death before
discharge and discharge within the next 48 hours
respectively. SSC uses a 72-hour window, with
the target being the onset of septic shock. After
excluding patients who die within the window or
have excessive feature missingness, the cohorts
contain 10,973 (IHM; 11.2% positive), 11,472
(LOS; 39.4% positive), and 5,966 (SSC; 10.3%
positive) patients. More details can be found in
Appendix D.1. As ground-truth complete notes
are unavailable, we construct training pairs by ran-
domly deleting 1–12 sentences from each note to
obtain its incomplete counterpart xtxtinc used in
the contrastive objective (Sec. 3.3); the same pro-
tocol is also used at test time to probe robustness
against varying levels of incompleteness.

We compare CODE against seven recent mul-
timodal clinical models: MT (Lyu et al., 2023),
UTDE (Zhang et al., 2023b), MCP (King et al.,
2023), FuseMoE (Han et al., 2024), MoE-
Retriever (Yun et al., 2025), AutoFM (Cui et al.,
2024), and CTPD (Wang et al., 2025). More details
of the baselines can be found in Appendix D.1.
GatorTron (Yang et al., 2022) is used as the
text encoder. We report F1, AUPRC, and AU-
ROC averaged over five runs with random 6:2:2
train/validation/test splits. Hyperparameter search
spaces are summarized in Appendix E.2.

51898



Figure 2: The model architecture of CODE.

Table 1: Performance comparison on three prediction tasks. Metrics are reported as MeanStd.

MT UTDE FuseMoE MCP MoE-Retriever AUTOFM CTPD CODE (ours)

IHM
F1 0.3860.052 0.5200.033 0.5160.026 0.3220.033 0.5280.024 0.5170.031 0.5050.014 0.5490.017

AUPRC 0.4100.030 0.5840.024 0.5550.017 0.3700.019 0.5900.018 0.5730.021 0.5590.016 0.5970.021

AUROC 0.8430.011 0.9040.007 0.8970.006 0.7950.021 0.9060.005 0.9000.007 0.9050.006 0.9120.005

LOS
F1 0.6630.052 0.7450.013 0.7440.022 0.6320.033 0.7390.010 0.7360.017 0.7440.013 0.7570.012

AUPRC 0.7540.023 0.7920.015 0.7850.012 0.6490.027 0.8030.014 0.7790.016 0.7910.016 0.8180.011

AUROC 0.8280.007 0.8690.007 0.8650.008 0.7400.028 0.8730.006 0.8620.006 0.8690.005 0.8760.006

SSC
F1 0.3910.030 0.4040.059 0.3580.025 0.2320.031 0.4090.062 0.3100.034 0.4020.025 0.4260.058

AUPRC 0.3850.021 0.4250.036 0.3800.043 0.2070.009 0.4290.045 0.3900.026 0.4330.047 0.4530.037

AUROC 0.8060.003 0.8400.019 0.8420.028 0.6030.022 0.8400.023 0.8220.015 0.8420.020 0.8600.017

4.2 Results

Table 1 compares CODE with the seven baselines
on the three tasks. CODE consistently achieves the
best F1, AUPRC, and AUROC on all tasks. Specif-
ically, for IHM, CODE outperforms the strongest
baseline MoE-Retriever by 4.0% based on F1 score.
Even greater relative gains are observed on SSC,
where CODE achieves AUPRC from 0.433 to 0.453
(4.6%) over the strongest baseline CTPD. This is
consistent with the intuition that recovering miss-
ing semantics is more effective when class sepa-
ration relies on subtle cues in nursing notes, as in
distinguishing septic shock from sepsis. The same
observation can be made when GatorTron is re-
placed by ClinicalBERT (Fig. 11 in Appendix G.1),
indicating that the gains stem from the diffusion-
based completion mechanism rather than the choice
of encoder. Additional evidence of the gains can
be seen by comparing CODE with MoE-Retriever
as they share the same model architecture except
that the [CLS] embeddings are modified by the
diffusion module of CODE. In Appendix G.5, we
explore some simple baselines as choices of model
architecture, which suggests that diffusion model
is effective for our problem.

We further investigate the robustness of CODE

and baseline models by deleting 1–11 sentences
from each note. Figure 3 shows that the accuracy
baselines degrades steadily on all three tasks as
more sentences are removed, whereas CODE re-
mains comparatively flat. This shows the effec-
tiveness of our method: by aligning incomplete-
note embeddings with intermediate diffusion states
and denoising toward complete-note semantics, the
downstream predictor receives a more invariant in-
put distribution across incompleteness levels.

4.3 Ablation Studies of Loss Terms

To further understand the contribution of each loss
term in Eq. 10, we conduct an ablation study
over the three diffusion-related losses Ldenoise,
Lcontrast, and Lcomplete, keeping Lcls in all con-
figurations. Table 2 reports the IHM results; the
same trends hold on LOS and SSC (Appendix G.2).
Among the three losses used in isolation, Lcomplete
contributes the most: on IHM, it raises AUROC
from 0.805 to 0.852. Lcontrast alone yields only
a marginal gain over the no-loss baseline, but is
highly complementary to Lcomplete: combining
the two reaches AUROC 0.877, because the in-
completeness ordering induced by the estimated
t′ provides valid generation targets for Lcomplete.
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(a) IHM.

(b) LOS.

(c) SSC.

Figure 3: Performance comparison on in-hospital mortality (a), length of stay (b), and septic shock classification (c)
with different numbers of sentences deleted from nursing notes.

Adding Ldenoise on top yields the full objective and
the best AUROC of 0.912; removing the regular-
ization term L0:t′ inside Ldenoise drops AUROC to
0.885, confirming that constraining the predicted
noise to match N (0, I) over [0, t′] is necessary to
prevent arbitrary noise predictions in this unsuper-
vised range.

We further compare conditional and uncondi-
tional variants of the diffusion model (Table 3).
Removing the time-series condition ets drops IHM
AUROC from 0.912 to 0.881, with consistent
degradations on LOS (0.876→0.868) and SSC
(0.860→0.825), confirming that the time-series
condition is the source of the multimodal-fusion
gain.

4.4 Case Study

In addition to conducting downstream evaluation
to demonstrate the predictive power of the recov-
ered semantics, we further perform a case study
on whether the recovered semantics correspond

to clinically significant information. We select
five patients from the IHM dataset, for whom
the strongest baselines including MoE-Retriever,
UTDE, CTPD all make a correct prediction. We
gradually delete clinically-important sentences sug-
gested by an LLM for their nursing notes until these
baselines make an incorrect prediction while the
proposed model’s prediction remains correct for
the corrupted notes. We invite an experienced ICU
clinician to determine if each removed sentence
contains i) “important facts”, ii) “interpretations”
of some facts, or iii) information with “uncertain
importance”. Out of the 28 deleted sentences in
the 5 cases, there are 11 (39%) important facts and
8 (29%) interpretations, where one of them is a
radiological diagnosis. The remaining 9 (32%) sen-
tences are of uncertain importance. This provides
further evidence (though not direct) that CODE is
capable of recovering missing semantics which are
important for the downstream prediction task. One
of the five cases can be found in Appendix F.
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Table 2: Results of ablation study on IHM prediction task.

+Ldenoise +Lcontrast +Lcomplete F1 AUPRC AUROC

✗ ✗ ✗ 0.4600.015 0.4980.013 0.8050.009
✓ ✗ ✗ 0.4630.017 0.5260.022 0.8340.008
✗ ✓ ✗ 0.4610.028 0.5020.010 0.8080.010
✗ ✗ ✓ 0.4830.013 0.5420.014 0.8520.010
✓ ✓ ✗ 0.5060.027 0.5650.013 0.8690.011
✓ ✗ ✓ 0.5010.024 0.5550.019 0.8630.010
✗ ✓ ✓ 0.5190.020 0.5690.016 0.8770.009

✓(no L0:t′ ) ✓ ✓ 0.5320.021 0.5780.013 0.8850.008
✓ ✓ ✓ 0.5490.017 0.5970.021 0.9120.005

Table 3: Ablation study of the diffusion with the encoder as GatorTron. Metrics are reported as MeanStd.

F1 AUPRC AUROC

IHM Unconditional Diffusion 0.5130.026 0.5630.017 0.8810.010
Conditional Diffusion 0.5490.017 0.5970.021 0.9120.005

LOS
Unconditional Diffusion 0.7190.012 0.7780.015 0.8680.009
Conditional Diffusion 0.7570.010 0.8180.011 0.8760.006

SSC
Unconditional Diffusion 0.3940.052 0.4240.028 0.8250.017
Conditional Diffusion 0.4260.058 0.4530.037 0.8600.017

4.5 Effectiveness on Recovering Complete
Note Embedding

We further attempt to evaluate explicitly how well
it can recover the embedding of a complete note
from an incomplete nursing note. Since we do not
have ground truth notes in the real-world datasets,
we create a synthetic one consisting of 10K nurs-
ing progress notes using DeepSeek-R1 (DeepSeek-
AI, 2025) to conduct this experiment. We assume
these synthetic notes are the complete ground truth,
which is ensured by a carefully-designed prompt
with instructions to include specific sections in the
notes (see Appendix D.2 for details on synthetic
data generation). To introduce incompleteness to a
note, we randomly delete one to seven sentences.
We create three different datasets with different
proportions (40%, 60%, and 80%) of incomplete
notes. We use the embeddings obtained by ap-
plying only ClinicalBERT (called “Naive”) as the
baseline and compare the embeddings obtained us-
ing the CODE model. We use cosine distance to
measure how close they are to the embeddings ob-
tained by applying ClinicalBERT to the ground
truth notes. According to Figure 4, CODE can re-
cover the embeddings of different levels of seman-
tic completeness closer to the ground truth ones
when compared with the “Naive” baseline, which
is in fact commonly used in predictive analytics on
clinical notes.

Figure 4: Evaluating CODE for recovering the [CLS]
embeddings w.r.t ground truth embeddings.

4.6 How about Recovering Complete Notes
Using LLMs?

The proposed model addresses the incompleteness
issue via latent representations. To see if one can
simply use LLMs to address the same problem,
we tested ChatGPT-5 (OpenAI, 2026), Gemini-2.5-
Pro (Google, 2024), DeepSeek-R1 (DeepSeek-AI,
2025), and Qwen-3-Max (Yang et al., 2025) with
a carefully designed prompt (see Appendix E.3).
We find that hallucination is a serious issue for this
completion task. Examples are in Appendix G.6.
Specifically, LLMs are unaware of the missing in-
formation or generate responses deviating from
ground truth. This makes the semantics of the
LLM-generated notes even far away from the
ground truth (see Appendix G.3 ).
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Method Inference Latency (sec.)
CTPD 1.08

AutoFM 0.25
MoE-Retriever 0.15

FuseMoE 1.14
CODE (ours) 2.45

Table 4: Inference latency per patient from IHM.

T = 20 T = 10

F1 0.5470.018 0.5450.014
AUPRC 0.5960.020 0.5940.018
AUROC 0.9100.005 0.9090.004

Latency (sec.) 1.34 0.81

Table 5: The performance of CODE on IHM with ac-
celerated inference latency using DDIM (Song et al.,
2021).

4.7 Can the Estimated t′ Represent
Completeness?

The estimated value of pψ(t′ = 0|z) is used to
select embeddings of high levels of completeness
as generation targets. We rank them in a descend-
ing order and show their corresponding notes from
MIMIC-III dataset. We can notice that the degree
of completeness drops as pψ(t′ = 0|z) drops (see
Appendix G.6). Furthermore, the average value
of t′∗ for the embeddings of our model generation,
given notes, and incomplete notes increases from
left to right, aligning with our expectation that a
higher value of t′∗ indicates a higher level of incom-
pleteness (see Appendix G.3).

4.8 Inference Latency

We use one NVIDIA V100-32G to test the infer-
ence latency of the proposed method (T = 40)
per patient with 48-hr observation data. Table 4
shows that the inference latency of our method is
higher than other baselines, primary due to the use
of diffusion model. To accelerate the inference,
we can use less samples during the denoising using
DDIM (Song et al., 2021), but the performance will
be slightly undermined (Table 5).

5 Conclusion

We propose a novel diffusion-based model for fus-
ing clinical notes and time series data for healthcare
analytics with superior performance. We validate
its capability to recover embeddings of high se-
mantic completeness from those of lower semantic

completeness, which provides a solution to the is-
sue of learning representations from incomplete
clinical notes.

Limitations

CODE is designed with the expectation that
pψ(t

′ = 0|zBT ) is close to 1 if a note is nearly
complete. Empirically, it is often hard to achieve,
which motivates our design of using a threshold
function in Eq. 7. Future extension of this work
can focus on designing better contrastive loss or
using more fine-grained text representation beyond
[CLS] embedding.

Furthermore, this work assumes that the miss-
ingness is due to random sentence-omission. Since
real missing patterns can be different from random
omission and may depend on clinical significance,
we further explored random omission only on clini-
cally significant or less significant information. The
results are suboptimal to the proposed unrestricted
random omission (Appendix G.4). Other missing
patterns such as word omission or brief narration
could be investigated in future work.
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A Derivation

A comprehensive reference for understanding diffusion models is (Luo, 2022). The variational bound
of log

∫
pθ(zt′:T )dzt′+1:T is similar to vanilla diffusion models (Ho et al., 2020) if zt′ is considered z0.

Therefore,

− log

∫
pθ(zt′:T )dzt′+1:T ≤ Eq(zt′+1:T |zt′ )

[
DKL(q(zT |zt′)||p(zT )) +

T∑

t=t′+2

(DKL(q(zt−1|zt, zt′))

− log pθ(zt′ |zt′+1))

]

∝ Ezt′ ,ϵ

[
βt

2αt(1− ᾱt′+1:t−1)
||ϵ− ϵθ(

√
ᾱt′+1:tzt′ +

√
1− ᾱt′+1:tϵ, t)||2

]

∝ Ezt′ ,ϵ

[
||ϵ− ϵθ(

√
ᾱt′+1:tzt′ +

√
1− ᾱt′+1:tϵ, t)||2

]

(11)

B Contrastive Learning Failure Attempts

We have tested different plausible training objectives for contrast learning, but none of them is comparable
to the proposed one in terms of performance. In this subsection, we show some failure cases. We artificially
create incomplete notes using the synthetic notes by progressively deleting 2 sentences. Specifically,
we are first given a complete note. The second note is created by randomly deleting 2 sentences from
the first one. The third note is created by randomly deleting 2 sentences from the second one. In total,
three incomplete notes are created for each complete note. For the training data, we randomly delete
0-6 sentences for each note. The test data are the complete notes with their three incomplete notes of
progressive deletion. All notes are converted into [CLS] embeddings. The prediction task is to rank the
degree of completeness for each complete note paired with its incomplete notes of progressive sentence
deletion. For example, the correct order of completeness is [1,2,3,4] for each complete note with its
corresponding incomplete notes of progressive deletion. We use the metrics Kendall Rank Correlation
Coefficient (τ ) and Spearman Rank Coefficient (ρ) to evaluate our prediction of ranking. We determine
the ranking based on the estimated t′∗ that the smaller the value the higher the completeness. Table 6
shows that the proposed contrastive learning best captures note incompleteness.

Objective 1: This objective features the use of absolute value in the denominator of w, which makes the
sign of w only depend on the magnitude of estimated t′∗. If the sign is positive, it indicates the incomplete
note should have high degree of incompleteness; otherwise, the sign will be negative and the loss is
minimized in an reversed direction.

Lcontrast =
−1

|S|2
∑

a

∑

b

w(a, b)
(
λ1 log t

′
∗
(
zBT (xtxtincb )

)
+ (1− λ1) log

(
1− log t′∗

(
zBT (xtxta )

))
,

where 0 < λ1 < 1,

t′∗
(
zBT (x)

)
=

1

T

T∑

s=0

s · pψ(t′|zBT (x))

is the expected degree of incompleteness given zBT (x) normalized between 0 and 1.

w(a, b) =





1 a = b
(
t′∗
(
zBT (xtxtincb )

)
− t′∗

(
zBT (xtxta )

) )
∑

b

(
t′∗
(
zBT (xtxtincb )

)
− t′∗

(
zBT (xtxta )

) ) else.

Objective 2: This objective is very similar to the previous one except that exponential function replaces
the absolute value function to make the denominator of w positive.
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Lcontrast =
−1

|S|2
∑

a

∑

b

w(a, b)
(
λ1 log t

′
∗
(
zBT (xtxtincb )

)
+ (1− λ1) log

(
1− log t′∗

(
zBT (xtxta )

))
,

where 0 < λ1 < 1,

t′∗
(
zBT (x)

)
=

1

T

T∑

s=0

s · pψ(t′|zBT (x))

is the expected degree of incompleteness given zBT (x) normalized between 0 and 1.

w(a, b) =





1 a = b
(
t′∗
(
zBT (xtxtincb )

)
− t′∗

(
zBT (xtxta )

) )
∑

b exp
(
t′∗
(
zBT (xtxtincb )

)
− t′∗

(
zBT (xtxta )

) ) else.

Objective 3: This objective is similar to the previous two, but it simply removes the denomonator of w
to make its sign depend only on the numerator.

Lcontrast =
−1

|S|2
∑

a

∑

b

w(a, b)
(
λ1 log t

′
∗
(
zBT (xtxtincb )

)
+ (1− λ1) log

(
1− log t′∗

(
zBT (xtxta )

))
,

where 0 < λ1 < 1,

t′∗
(
zBT (x)

)
=

1

T

T∑

s=0

s · pψ(t′|zBT (x))

is the expected degree of incompleteness given zBT (x) normalized between 0 and 1.

w(a, b) =

{
1 a = b

t′∗
(
zBT (xtxtincb )

)
− t′∗

(
zBT (xtxta )

)
else.

Objective 4: This objective is the same as the proposed one except that it does not consider cross-pair
comparison. The actual t′∗ for the embeddings becomes either close to 0 or 1. This is because when the
contrastive loss is minimized, the margin between a given note and its incomplete note is maximized. By
considering cross-pairs, the proposed contrastive loss has a buffer to avoid extreme values of t′∗.

Lcontrast =
1

|S|
∑

a

t′∗
(
zBT (xtxta )

)
− t′∗

(
zBT (xtxtinca )

)
,

τ ρ

Objective 1 0.3980.012 0.4100.008
Objective 2 0.4050.014 0.4190.006
Objective 3 0.2030.009 0.2270.006
Objective 4 0.1780.013 0.1820.005
Proposed 0.9150.010 0.9280.008

Table 6: Compare the ranking performance of estimated t′∗ learned by different objectives. The dataset for evaluation
is the synthetic notes with deletion of 2, 4, and 6 total number of sentences progressively.
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C Baseline

For evaluation, we consider the following baselines
which are proposed for prediction based on multi-
modal data.

1. MT (Lyu et al., 2023) discovers important
structured EHR features with important words
in clinical notes.

2. UTDE (Zhang et al., 2023b) tackles temporal
irregularity of multimodal data through a time
attention mechanism and model irregular time
series by regular interpolation embeddings.

3. MCP (King et al., 2023) extracts meaningful
patterns by self-supervised pretraining for the
alignment of multimodal data.

4. FuseMoE (Han et al., 2024) is designed to
deal with a diverse number of modalities with
temporal irregularity and missing modalities
through an innovative gating function.

5. AUTOFM (Cui et al., 2024) automates the
process of model design for mining EHR data
with a novel neural architecture search.

6. MoE-Retriever (Yun et al., 2025) address the
problem of missing modalities by considering
intra- and inter-modal contexts by leveraging
context-aware embeddings.

7. CTPD (Wang et al., 2025) identifies critical
temporal patterns across modalities.

D Datasets

D.1 Real-World Data
We prepare three datasets from MIMIC-III (John-
son et al., 2016), each of which consists of tabular
time series, a sequence of notes, and a class label.
MIMIC-III is a public dataset and free to use upon
successful registration at https://physionet.org/.
The time series in all datasets share the same pa-
tient features. Examples include vital signs (heart
rate, respiratory rate, etc.) and lab test (white blood
cell count, platelet, albumin, etc.). Patients of high
feature-missingness are excluded. The missing val-
ues are imputed by patient-specific median if avail-
able, otherwise, population median. Note that the
median is calculated only based on the data within
an observation window (e.g., 48 hr) to avoid infor-
mation leakage. To extract nursing notes, we select
documentation of category “Nursing/other”. To

ensure the documentation is written by registered
nurses, we select those with a caregiver label of
“RN”. The minimum number of characters of inclu-
sion is 100 for ensuring the documentation content
is non-trivial. Also, we avoid selecting documenta-
tion containing key words such as “addendum” and
“management note”, which indicate that it does not
belong to a nursing note. The feature dimension
for time series is 37. To create xtxt,inc, the incom-
plete text, for our contrastive learning, we randomly
delete 1-12 sentences from a given nursing note.

For the task in-hospital mortality (IHM), we fo-
cus on the first admission to ICUs for the sepsis
cohort. We set the observation window to be 48
hours, which means we only select both time se-
ries and notes within the first 48 hours of ICU stay.
Patients die within the observation window are ex-
cluded. The label indicates whether the patient will
die by the end of ICU stay. The total number of pa-
tients in this dataset is 10,973, among which 11.2%
are positive cases.

For the task length of stay (LOS), we focus on
the first admission to ICUs for the sepsis cohort.
The observation window is 48 hours. The labels
indicates whether a patient will be discharged in
the following 48 hours. Patients who die within
the observation window are excluded. The total
number of patients in this dataset is 11,472, among
which 39.4% are positive cases.

For the task septic shock classification (SSC), we
focus on the first admission to ICUs for the sepsis
cohort, who stay in ICUs less than 72 hours (the
number of patients are drop almost by 50% if the
length of stay is less than 48 hours), which is the
observation window. The label indicates whether
a patient is classified as septic shock. The total
number of patients in this dataset is 5,966, among
which 10.3% are positive cases.

D.2 Synthetic Data Generation
We use DeepSeek-R1 to generate 10k synthetic
nursing notes by using the following prompt:

According to the following basic information
of a septic patient, generate a synthetic nursing
progress note. Make sure omit the confidential
information including people’s names, date, and
room number. Only include these aspects, which
are Neuro, Cardiac, Resp, skin, GU/GI, ID, assess-
ment, and plan. Provide as much details as you
can. Total token limit is 512. Output the note only.
The basic information is: {patient info} .

In this prompt we specify the sections for a com-
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Figure 5: This figure shows the architecture of our de-
noiser ϵθ. The residual networks adopts the residual
connection (He et al., 2016).
plete note and instruct the LLM to provide details
as much as possible for the purpose of complete-
ness. The {patient info} is a structural statement
like:

Name: {name}, Age:{Age}, Gender: {Gender},
Blood Type: {Blood Type}, Date of Admission:
{Date of Admission}, Doctor: {Doctor}, Hospi-
tal: {Hospital}, Insurance: {Insurance}, Billing
Amount: {Billing Amount}, Room Number: {Room
Number}, Admission: {Admission}, Discharge:
{Discharge}, Medication: {Medication}, Test Re-
sults: {Test Results}.

The information in a bracket is from a synthetic
dataset of basic patient information (Patil).

E Model Training

E.1 Denoiser Architecture
The architecture of the denoiser is shown in Fig. 5.

E.2 Hyperparameter Fine-tuning
Throughout all experiments, the maximum number
of training epoch is 2,000 with early-stop toler-
ance 12. For each set of hyperparameters, we run a
method for 5 times and then calculate the statistics
of the metrics with Python package scikit-learn. At
each time, data are randomly split into training,
validation, and test sets with a split ratio of 6:2:2,
whose batch size is 128 in all experiments. The
optimal metrics are reported in the paper. We use
short-hand notations to denote some common hy-
perparameteras names: “lr” = learning rate, “h” =
size of a hidden layer, “L” = number of hidden lay-
ers, “emb dim” = dimension of embeddings,“time
emb” = dimension of time embeddings, “proj dim”
= the target output dimension of projection layers,

Figure 6: This figure shows LLMs, the naive baseline,
and our method on the recovery of [CLS] embeddings
on the synthetic data.

“heads” = the number of attention heads, “expert”
= the number of experts, “k” = top k,“λ” = a co-
efficient. If a hyperparameter is not specified for
a method, it is either because this hyperparameter
is not applicable or the same choice in the original
public source code is adopted. Tables 7, 8, and 9
include the choices of hyperparameters.

The proposed method CODE was trained on a
single NVIDIA H200 GPU (140GB), with 1 CPU
(Intel Xeon Platinum 8480+), 258GB of system
memory, and 30GB of disk. The operating system
was Linux 8.9, running Python 3.11. The envi-
ronment was based on PyTorch 2.10.0 and CUDA
12.7. We set gradient accumulation to 4. The mod-
ule of pψ(·) is first pretrained until convergence
and is frozen, after which MoE-Retriever modules
are pretrained with 10 epochs. Then, all modules
are trained until convergence. CODE has around
21M parameters and roughly takes 14 GPU hours
to train for one time.

E.3 LLM Prompts

Given the observed synthetic nursing notes, LLMs
are instructed to output the potential complete text.
To do so, we use the following prompt:

The following nursing progress note may or
may not have sentences deleted. A progress note
should include sections Neuro, Cardiac, Resp, skin,
GU/GI, ID, assessment, and plan. Add sentences
to the given note to make it complete if necessary.
Output the note only.

———————————————————
———

{nursing note}.

The prompt specified the sections to be included
in a complete note and also informs the LLM the
missing pattern is sentence deletion.

51908



Hyperparameters MT UTDE FuseMoE
lr {0.001,0.0001,0.00001} - -

lr for time series - {0.001,0.0001,0.00001} {0.001,0.0001,0.00001}
lr for notes - {0.001} {0.001}

L - {2,3} {2,3}
emb dim {256, 128, 64} {128, 160} {128, 160}
proj dim {512, 256, 128} - -

heads - {8} {8}

Table 7: Hyperparameters of MT, UTDE, and FuseMoE.

Hyperparameters MCP MoE-Retriever AUTOFM
lr {0.001,0.0001,0.00001} {0.001,0.0001,0.00001} {0.001,0.0001,0.00001}
h {64, 128, 256} - -
L - {2,3} -

emb dim - - {256, 128, 64}
expert - {8,12,16,32} -

k - {2,4} -
λ - - {0.05, 0.1, 0.2}

Table 8: Hyperparameters of MCP, MoE-Retriever, and AUTOFM.

Hyperparameters CTPD CODE
lr {0.001,0.0001,0.00001} {0.001,0.0001,0.00001}
L - {2,3}

emb dim {128, 160} {128, 160}
time emb {64,128} {128, 160}

expert - {8,12,16,32}
k - {2,4}
λ0 - {0.2,0.4,0.5,0.6,0.8}
λ1 - {0.01,0.2,0.4,0.6,0.8,0.99}
λ2 - {0.2,0.4,0.6,0.8}
T - {40}

Table 9: Hyperparameters of CTPD and CODE.

F Case Study

Here we show one of five cases where “removed
sentences” are quoted and followed by the com-
ments of our clinician. For the patient in this case,
there two nursing notes. In the first note:

1.“pt unresponsive, does not move extremities at
all” – this sentence provides the neurological
assessment, which is important in outcome
prediction (important fact).

2.“elimination: incontinent formed brown stool
with some brb,stool guaiac+, also has menses”
– the incontinent represents a total loss of con-
sciousness, which is important in outcome
prediction (important fact). The color of the

stool or the presence of menses is not impor-
tant (uncertain).

3.“chest tube has air leak, some small amt crepi-
tus still present in left chest” – the air leak
in the chest tube represents a persistent hole
in the left lung, which could be for outcome
prediction (important fact).

In the second note:

1.“ebrile, tachycardic, hypertensive, tachypneic
with significant metabolic alkalosis.” – vi-
tal signs that are useful but may not be very
predictive (important fact).

2.“brief episode of hypotension (60-70/) on re-
turn from ct when positioned with left side
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down” – an important progress that signifies
instability of patient’s condition (important
fact).

3.“suctioned infrequently for thick, tan, blood
tinged secretion” – an observation that implies
significant lung injury (important fact).

4.“skin: intact, starting to third space” – this is
a factual observation, but probably not impor-
tant to the outcome (uncertain).

G Additional Results

[CLS] of Avg. t′∗
CODE 0.1110.003

Given Notes 0.1820.007
Incomplete Notes 0.2480.005

Table 10: Compare the average t′∗ of the [CLS], which is
generated by the proposed method from the given [CLS],
with that of the [CLS] of both given and incomplete
notes.

G.1 ClinicalBERT as Encoder
Table 11 shows the results for CODE on real-world
data using ClinicalBERT (Huang et al., 2020) as
the encoder. Also, Figure 7 shows the robustness
of our method against missing information.

G.2 Ablation Study
Similar patterns of gains can be observed in Ta-
bles 12 & 13 referring to the ablation study on LOS
and SSC.

G.3 Ranking and Similarity Tests
Figure 6 shows that the semantics of the LLM gen-
erated complete note is even deviated from the
ground truth as a comparison to the observed notes.
Table 10 shows that the estimated t′∗ can represent
degree of completeness that the average value of
incomplete notes is higher than given notes. The
low t′∗ of the embeddings generated by our model
indicates our model improves the semantic com-
pleteness of input embeddings.

G.4 Omission Depending on Clinical
Significance

Regarding the contrastive learning of the proposed
method, incomplete notes are created by random
deletion of any sentence of given notes. We in-
vestigate random deletion of sentences classified
as “stable routine findings” or “unusual findings”

by an LLM. Table 14 considers omissions only on
“stable routine findings” and the results are subop-
timal to the proposed one at both IHM and LOS
tasks. Next, we considers omissions only on “un-
usual findings”, whose results shown in Table 15
are still suboptimal to the proposed method.

G.5 Simple Baselines
We investigate more choices of model architecture
using simple baselines. Specifically, we consider
denoising autoencoder (Bengio et al., 2013) and
MoE-Retriever with the augmented data of incom-
plete notes. Also, we consider single modality for
time-series only and text only, for which the rep-
resentations for downstream tasks are learned by
self-attention. Their performance on IHM is shown
in Table 16.

G.6 Sample Notes
Real Notes Ranking Figure 8 contains ex-
amples of top, middle, and bottom notes ranked
by pψ(t′ = 0|z) for IHM dataset. The subsection
headings are highlighted in blue, for which we can
see the top notes have descriptions more detailed
than middle notes. Bottom notes clearly have low-
est degree of completeness.

LLM Generation Figures 9 & 10 are ex-
amples of using zero-shot methods to provide miss-
ing information of an incomplete note. The ground
truth is shown where missing information is high-
lighted in blue. LLMs are prompted to generate
the potentially complete note, which only see the
ground truth without blue text. The text in red
refers hallucination of LLM responses. We can see
that ChatGPT has a serious hallucination problem.
We can also see that LLMs sometimes are not able
to detect missing information, to which they have
no response. When responding to the missing in-
formation such as sections “neuro” or “cardiac”,
LLM can suffer hallucination.
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Table 11: Performance comparison on three prediction tasks. Metrics are reported as MeanStd. ClinicalBERT is
used as the encoder.

MT UTDE FuseMoE MCP MoE-Retriever AUTOFM CTPD CODE (ours)

IHM
F1 0.3720.060 0.4940.038 0.5080.016 0.3260.029 0.5140.019 0.5050.017 0.5180.019 0.5280.023

AUPRC 0.3990.027 0.5780.021 0.5660.022 0.3530.017 0.5810.020 0.5650.020 0.5850.010 0.5960.017

AUROC 0.8340.011 0.9020.007 0.9000.007 0.7880.021 0.9030.008 0.8980.007 0.9080.005 0.9100.007

LOS
F1 0.6670.049 0.7440.013 0.7370.014 0.6280.034 0.7500.014 0.7410.016 0.7480.009 0.7630.010

AUPRC 0.7470.020 0.7990.015 0.7900.019 0.6080.031 0.8030.013 0.7920.015 0.7850.014 0.8090.011

AUROC 0.8270.009 0.8710.006 0.8660.009 0.7240.029 0.8680.005 0.8690.005 0.8670.005 0.8790.006

SSC
F1 0.3920.026 0.3930.028 0.3700.026 0.2080.033 0.3990.036 0.2880.067 0.3920.039 0.4110.028

AUPRC 0.3830.028 0.4310.035 0.4160.045 0.1620.009 0.4280.027 0.3670.035 0.4110.043 0.4450.021

AUROC 0.8030.004 0.8470.013 0.8370.020 0.6020.023 0.8430.016 0.8190.021 0.8290.022 0.8590.017

Table 12: Ablation study. LOS.

+Ldenoise +Lcontrast +Lcomplete F1 AUPRC AUROC
✗ ✗ ✗ 0.6210.0012 0.6960.012 0.7790.009
✓ ✗ ✗ 0.6550.009 0.7270.015 0.8060.007
✗ ✓ ✗ 0.6250.013 0.6970.018 0.7830.010
✗ ✗ ✓ 0.6810.014 0.7520.013 0.8280.009
✓ ✓ ✗ 0.7090.008 0.7720.012 0.8430.008
✓ ✗ ✓ 0.6970.008 0.7660.017 0.8380.006
✗ ✓ ✓ 0.7270.012 0.7850.013 0.8470.009

✓(no L0:t′) ✓ ✓ 0.7420.011 0.7960.011 0.8730.008
✓ ✓ ✓ 0.7570.012 0.8180.011 0.8760.006

Table 13: Ablation study. SSC.

+Ldenoise +Lcontrast +Lcomplete F1 AUPRC AUROC
✗ ✗ ✗ 0.3490.041 0.3850.031 0.7720.015
✓ ✗ ✗ 0.3680.047 0.4020.032 0.7920.019
✗ ✓ ✗ 0.3520.046 0.3890.027 0.7730.014
✗ ✗ ✓ 0.3810.053 0.4120.023 0.8040.017
✓ ✓ ✗ 0.3960.045 0.4220.036 0.8160.015
✓ ✗ ✓ 0.3940.057 0.4160.030 0.8120.019
✗ ✓ ✓ 0.4050.052 0.4270.027 0.8290.020

✓(no L0:t′) ✓ ✓ 0.4040.043 0.4360.025 0.8420.017
✓ ✓ ✓ 0.4260.058 0.4530.037 0.8600.017

F1 AUPRC AUROC
IHM 0.5410.018 0.5940.018 0.9100.004
LOS 0.7520.015 0.8120.010 0.8760.005

Table 14: CODE evaluated with random omission on
“stable routine findings” only.

F1 AUPRC AUROC
IHM 0.5360.014 0.5930.016 0.9090.005
LOS 0.7480.016 0.8100.013 0.8760.004

Table 15: CODE evaluated with random omission on
“unusual findings” only.

F1 AUPRC AUROC
Denoising

autoencoder 0.3880.020 0.4240.017 0.8460.005

MoE-Retriver
(aug. data) 0.5110.022 0.5760.014 0.9030.006

Text only 0.2940.013 0.3360.019 0.7710.003
Time-series

only 0.3470.014 0.3620.023 0.7600.002

Table 16: Simple baselines evaluated on IHM.
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(a) IHM.

(b) LOS.

(c) SSC.

Figure 7: Performance comparison on in-hospital mortality (a), length of stay (b), and septic shock classification (c)
with different sentences deleted from nursing notes. Use ClinicalBERT as the encoder.

Top 2 Notes

tsicu npn (2300-0700) review of systems: neuro..continued poor neuro exam. nonresponsive to any 
stimuli. pupils 3mm bilaterally and nr. absent gag, cough, and corneal reflexes. no movement noted. 
does overbreath venttachypneic and discordinate pattern. propofol and fentanyl drips started yesterday 
in attempts to slow down resp rate. appears to have minmal effectivenesspt still tachypneic and 
discordinate even after boluses. j collar on. tls has not been cleared per dr. . dilantin tid on board. 
cv...nsr with rare ectopy noted. hr 70's. initially upon assessment pt on labetalol drip due to elevated hr 
and hypertension. weaned off by 0200 as bp kept dropping. has sustained 100-120's/60-70's off 
labetalol. resp...extremely tachypneic and discordinate breathing pattern. initially on cpap 5/5/40% with 
rr in low 40's, tv's 250-350, and sats >95%. deadspace had been added per rt prior to this nurse 
assuming care in hopes to help pt retain some co spoke with dr about rr and tv's. no action desired at 
that time. am abg at 0200 12, 102, 103,0, notified dr. . deadspace removed per rt. changed mode to imv 
500x18, 5/5/40%. abg after change 35/47/134/0/ rr down to 30's. lung fields coarse. suctioning scant 
white, thin secretions. gi...abd soft with hypoactive bs. ogt to lws with small amts of dark red secretions. 
pepcid coverage on board. gu...adequate but minimal urine output. ivf at 70cc/hr. mag repleted. 
heme...hct stable at heparin subq. pneumo boots on. id...wbc cool catheter in place to cool pt with 
target temp 36c. working well. endo..coverage per riss. skin...no skin issues. backside intact. small 
abrasions to anterior neck. social... wife burying her mother today. not sure if she will be in to visit or not. 
no contact overnight. plan...monitor neuro status. eeg and mri ordered for today. monitor resp status. 
pulmonary toilet. replete lytes. ???start planning for family meeting after today

rn-11pm-7am: neuro: intubated on propofol@ 60mcg/kg/min.change in vs with 
repositioning.morphine 2-4mg iv given q2-3 hrs for comfort.pupils 2 sluggish.unable to do daily 
wakeup/hemodyn. unstable. cv: sr 83- rare pvc's.av paced @82 at begining of shift.rate down to 
maintaining own rate and bp.swan changed at beginning of shift(leaking).good placement per 
cxray.cco svo@ not accurate.positional.mix venous 45/59/epinephrine drip increased from 015 to 03 
with good effect.ci>hypertensive. bp 140-150's at times.nitro @3mcg/kg/min.hydralazine 10mg given 
with good effect.bp 110-130's per aline.2 units of rbc given.repeat hct pulses per doppler.le/ue 
cool.obese with generalized edema.weight up.net +/- 3l.(baseline pre-op very hypertensive 180- 200 
syst.) resp: intubated.sat 92-94 %.peep increased from 8 to rr 24-using assessory muscles.propofol 
to max.cxray should pulmonary edema.po2 dropped from 81 to lasix 20mg given.poor effect.lasix 
40mg iv repeated.o@ sat improved.bun/creat wnl.small yellow/tan secretions.ls dimineshed bil.ct 
@20 cm suction draining sero-sang moderate amt. gi/gu: foley to gravity.poor u/o.lasix iv 
given.bun/creat wnl.no bs.abdomen soft/obese.og minimal bilious.npo. endo: insulin drip per 
protocol.bs<q1 hr fs. id: wbc afebrile.vanco post/op. skin: cool and dry.edema +++.obese.no 
breakdown.coccyx intact.criticaid cream applied.turned q2 hr.echymotic areas(old iv sites?)left 
acewrap intact. plan: keep intubated until hemodyn.stable.monitor labs.pain management.tirate 
nitro/epi/protocol md

Middle 2 Notes

11p-7a pod 1 cabgx4, avr, maze requiring levo, epi and liters of fluid for hemodynamic stability. neuro: 
sedated on propofol. nodded to pain when light. medicated with morphine 2mg x2 with effect. perl on 
sluggish side. cv: apaced, initially at 88 but decreased to 70 after echo as reported lv would benefit from 
increased filling time. bp labile 80- 160/50- co low initially 8, increasing to 7 through night. ci 8- pt 
remains on epi at .025mcg and levo weaned to .09mcg. 1 unit prbc given overnight, along with multiple 
liters of fluid to keep bp and index up. +pp. lactic acid 8 (9). resp: orally intubated ac 60%. abg improved, 
about normal. lungs clear. sats 98%. sv02 improved as well- 58% this am, up from does drop with turn. 
minimal chest tube output. gi/gu: abd obese, soft, no bs. ogt to lcws draining bilious. cont on insulin gtt 
with bs skin: small bruise on buttocks. bed rotation on. see flowsheet for other. social: son will be in 
today. plan: cont to wean levo as pt tolerates, monitor hemodynamics closely. monitor resp status, 
begin vent wean when pt will tolerate. check with team about plan to wean epi. monitor labs,treat prn- 
riss when bs allows. pain control.

nursing note: neuro: arouses to verbal stimulation, moves ues. agitated at times, given fentanyl for 
c/o's pain, begun on low dose ppf gtt. perrla 3mm and brisk. does nod to ?s. resp: lung sounds 
coarse, dzim to bases. suctioned infrequently for blood-tinged secretions. changed to pcv, abgs 
acceptable. biting down on ett at times, dropping sats and tvs, bite block in place. cv: hypothermic 
@95, warm blankets on. sr w/occ pvcs in 80s. cvp 17- pads 20- pa catheter advanced slightly by dr. to 
51 cm. given platelets for plt count 36, oozing from mult. line sites and mouth/gums. +anasarca 
throughout. echo done. gi: abdomen large, +ascites. +liquid black tarry stool, sent for cdiff and cxs. -
bs. us done of liver and of les. gu: foley patent minimal amount cloudy amber urine. ? begin cvvhd. 
endo: glucose stable, given ssri prn. skin: breakdown to coccyx noted, tegaderm in place, no 
drainage. leaking ascites from mult. sites. social: pt's mother updated by team, will be in this evening. 
a/p: hemodynamically stable pt. w/esld and likely hepatorenal syndrome undergoing ? tx work-up. 
continue to monitor closely, ? cvvhd, frequent labs

Bottom 2 Notes

1 infant with potential sepsis 2 rds 3 fen revisions to pathway: 1 infant with potential sepsis; added start 
date: 2 rds; added start date: 3 fen; added start date:

1 altered resp. status 2 fen 3 growth and development 4 infant with potential sepsis revisions to 
pathway: 1 altered resp. status; added start date: 2 fen; added start date: 3 growth and development; 
added start date: 4 infant with potential sepsis; added start date:

Ranked by

Figure 8: Two top, middle, and bottom nursing notes for IHM, which are ranked by the estimated probability of
being complete. Enlarge to see more clearly.
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Ground Truth ChatGPT DeepSeek
Neuro: Patient alert but confused to time and 
place. Responds to verbal stimuli appropriately. 
No focal deficits noted. Reports headache, rated 
4/ Cardiac: Sinus tachycardia noted, rate 110-
120/min. Blood pressure stable on norepinephrine 
infusion at 0.05 mcg/kg/min. Capillary refill 3 
seconds peripherally. Telemetry shows normal 
sinus rhythm with no ectopy. Resp: Tachypneic at 
22-26/min. On 4L nasal cannula, SpO2 94-96%. 
Breath sounds clear bilaterally with faint expiratory 
wheeze in upper fields, consistent with asthma 
history. Patient denies dyspnea at rest. Skin: 
Warm, diaphoretic. Mild mottling noted on lower 
extremities. No obvious signs of infection at IV 
sites. Skin turgor poor. GU/GI: Foley catheter in 
place, output <30 mL/hr over last 4 hours. 
Abdomen soft, non-tender, hypoactive bowel 
sounds. NPO. Last bowel movement reported on 
day of admission. ID: Sepsis of suspected urinary 
origin. Blood cultures pending. Currently on broad-
spectrum intravenous antibiotics Vancomycin and 
Piperacillin-Tazobactam. No obvious purulent 
drainage. Assessment: 59-year-old male with 
history of asthma, presenting with severe sepsis, 
likely from a urinary source. Hemodynamically 
stable on low-dose pressor support. Exhibiting 
signs of end-organ dysfunction (altered mental 
status, acute kidney injury). Plan: Continue 
aggressive IV fluid resuscitation. Maintain current 
antibiotic regimen. Monitor for culture results and 
adjust antibiotics accordingly. Continue 
vasopressor support as needed. Monitor urine 
output closely. Neurology consult for persistent 
confusion. Respiratory therapy for bronchial 
hygiene given asthma history.

Neuro: Alert to voice, responds to verbal stimuli appropriately. Intermittent 
confusion noted; oriented to person, disoriented to time/place. No focal 
deficits observed. Pupils equal, round, and reactive to light; moves all 
extremities with equal strength. Reports headache, rated 4/ Cardiac: Sinus 
tachycardia noted, rate 110–120/min. Blood pressure stable on 
norepinephrine infusion at 0.05 mcg/kg/min; MAP maintained ≥65 mmHg.
Capillary refill approximately 3 seconds peripherally. Telemetry shows sinus 
tachycardia without ectopy. Heart sounds S1/S2 present, no murmurs. 
Peripheral pulses 2+. Denies chest pain. Resp: Tachypneic at 22–26/min. On 
4L nasal cannula, SpO2 94–96%. Breath sounds clear bilaterally with faint 
expiratory wheeze in upper fields, consistent with asthma history. Patient 
denies dyspnea at rest. No accessory muscle use. Cough non-productive. 
Skin: Warm, diaphoretic. Mild mottling noted on lower extremities. No obvious 
signs of infection at IV sites; dressings clean, dry, and intact. Skin turgor poor. 
No rashes or pressure injuries noted; patient repositioned every 2 hours.
GU/GI: Foley catheter in place, output <30 mL/hr over last 4 hours; urine 
amber. Abdomen soft, non-tender, hypoactive bowel sounds. NPO. Last 
bowel movement reported on day of admission. Denies nausea/vomiting. ID: 
Sepsis of suspected urinary origin. Febrile; blood cultures pending. Urine 
studies sent; culture pending. Currently on broad-spectrum intravenous 
antibiotics vancomycin and piperacillin-tazobactam. No obvious purulent 
drainage. Source evaluation ongoing per orders. Assessment: 59-year-old 
male with history of asthma presenting with severe sepsis, likely from a 
urinary source. Hemodynamically stable on low-dose vasopressor support. 
Exhibiting signs of end-organ dysfunction including altered mental status and 
acute kidney injury with oliguria. Respiratory status stable on low-flow oxygen 
with mild wheeze; no acute distress. Plan: Continue aggressive IV fluid 
resuscitation per sepsis protocol, aiming for MAP ≥65 mmHg. Maintain 
current antibiotic regimen; monitor for culture results and adjust antibiotics 
accordingly. Continue vasopressor support as needed; titrate norepinephrine 
to hemodynamic goals. Strict intake and output; monitor urine output hourly 
and notify provider if UOP remains <0.5 mL/kg/hr; consider nephrology 
consult if oliguria persists. Trend basic metabolic panel and lactate per 
protocol; monitor for improvement in renal function. Neurology consult for 
persistent confusion; perform neuro checks every 4 hours; provide non-
sedating analgesia for headache as ordered. Respiratory therapy for bronchial 
hygiene given asthma history; administer PRN bronchodilators and wean 
oxygen as tolerated. Initiate DVT prophylaxis and GI prophylaxis per orders. 
Maintain skin integrity with turning/repositioning every 2 hours and Foley/IV 
site care per protocol. Safety measures in place: bed in low position, call light 
within reach.

Neuro: Responds to verbal stimuli appropriately. No 
focal deficits noted. Reports headache, rated 4/Patient 
exhibits confusion and disorientation. Cardiac: Sinus 
tachycardia noted, rate 110-120/min. Blood pressure 
stable on norepinephrine infusion at 0.05 mcg/kg/min. 
Capillary refill 3 seconds peripherally. Telemetry shows 
normal sinus rhythm with no ectopy. Resp: Tachypneic 
at 22-26/min. On 4L nasal cannula, SpO2 94-96%. 
Breath sounds clear bilaterally with faint expiratory 
wheeze in upper fields, consistent with asthma history. 
Patient denies dyspnea at rest. Skin: Warm, 
diaphoretic. Mild mottling noted on lower extremities. 
No obvious signs of infection at IV sites. Skin turgor 
poor. GU/GI: Foley catheter in place, output <30 mL/hr
over last 4 hours. Abdomen soft, non-tender, 
hypoactive bowel sounds. NPO. Last bowel movement 
reported on day of admission. ID: Sepsis of suspected 
urinary origin. Blood cultures pending. Currently on 
broad-spectrum intravenous antibiotics Vancomycin 
and Piperacillin-Tazobactam. No obvious purulent 
drainage. Assessment: 59-year-old male with history of 
asthma, presenting with severe sepsis, likely from a 
urinary source. Hemodynamically stable on low-dose 
pressor support. Exhibiting signs of end-organ 
dysfunction (altered mental status, acute kidney 
injury). Plan: Continue aggressive IV fluid resuscitation. 
Maintain current antibiotic regimen. Monitor for culture 
results and adjust antibiotics accordingly. Continue 
vasopressor support as needed. Monitor urine output 
closely. Neurology consult for persistent confusion. 
Respiratory therapy for bronchial hygiene given asthma 
history. 

Figure 9: This figure shows the example responses from both DeepSeek and ChatGPT for the same observed note.
The observed note to LLMs is the ground truth with blue text removed.

Ground Truth ChatGPT DeepSeek
Neuro: Patient exhibits altered mental status, 
intermittently lethargic and confused to place/time.
Arouses to voice but responses are delayed. 
Oriented to person only. No focal deficits noted on 
gross exam. Cardiac: Sinus tachycardia sustained 
at 110-118 bpm. Blood pressure labile, currently 
92/58 mmHg on norepinephrine infusion at 0.05 
mcg/kg/min. Peripheral pulses palpable but 
thready. Capillary refill 4 seconds. Resp: Tachypneic 
at 24-28 breaths/min on 4L nasal cannula. Oxygen 
saturation 92-94%. Lung sounds clear bilaterally 
with occasional coarse crackles at bases. Using 
accessory muscles. No cyanosis. Skin: Cool and 
clammy to touch centrally and peripherally. Poor 
skin turgor. No overt rashes or localized redness. 
Multiple old skin folds noted consistent with history 
of obesity. Central line dressing clean, dry, and 
intact. GU/GI: Urine output low at <20 mL/hr for 
past 4 hours, dark amber. Foley catheter in place 
with cloudy urine. Abdomen soft, obese, non-
tender, non-distended. Bowel sounds hypoactive in 
all quadrants. Last bowel movement two days ago. 
ID: Source of sepsis remains under investigation; 
suspected UTI or pneumonia. Blood cultures 
pending. Currently on broad-spectrum intravenous 
antibiotics. Paracetamol administered for fever. 
WBC elevated at 1Assessment: 83-year-old male 
with sepsis, hemodynamically unstable requiring 
vasopressor support. Altered mental status likely 
due to sepsis and hypoperfusion. Acute kidney 
injury secondary to hypovolemia and sepsis. 
Obesity complicating physical assessment and 
vascular access. Clinical picture consistent with 
severe sepsis. Plan: Continue IV fluid resuscitation 
per protocol. Maintain vasopressor support to keep 
MAP >6Continue broad-spectrum antibiotics, await 
culture results. Monitor strict I&Os, trend renal 
function. Provide frequent oral care and 
repositioning. Await ID consultation for further 
source control guidance. Continue respiratory 
support and pulmonary toileting.

Neuro: Arouses to voice but responses are delayed. Oriented to person only. No 
focal deficits noted on gross exam; moves all extremities spontaneously. Cardiac: 
Blood pressure labile; currently 92/58 mmHg on norepinephrine infusion at 0.05 
mcg/kg/min. Peripheral pulses palpable but thready. Capillary refill 4 seconds. 
Tachycardic on continuous cardiac monitoring. Resp: Tachypneic at 24–28 
breaths/min on 4 L nasal cannula. Oxygen saturation 92–94%. Lung sounds clear 
bilaterally with occasional coarse crackles at bases. Using accessory muscles. No 
cyanosis noted. Skin: Cool and clammy centrally and peripherally. Poor skin turgor. 
No overt rashes or localized redness. Multiple old skin folds noted consistent with 
history of obesity. No pressure injuries observed. Repositioning and pressure injury 
prevention in place. GU/GI: Urine output low at <20 mL/hr for past 4 hours, dark 
amber. Foley catheter in place with cloudy urine. Abdomen soft, obese, non -tender, 
non-distended. Last bowel movement two days ago. ID: Source of sepsis remains 
under investigation; suspected UTI or pneumonia. Blood cultures pending. 
Currently on broad-spectrum intravenous antibiotics per orders. Paracetamol 
administered for fever; temperature monitoring ongoing. Assessment: 83-year-old 
male with severe sepsis, hemodynamically unstable requiring vasopressor support 
with signs of hypoperfusion (cool, clammy skin; delayed cap refill). Altered mental 
status likely related to sepsis and hypoperfusion. Oliguria with concern for acute 
kidney injury secondary to hypovolemia and sepsis. Tachypnea and increased work 
of breathing; oxygenation maintained on 4 L NC. Obesity complicating physical 
assessment and vascular access. Plan: Continue IV fluid resuscitation per sepsis 
protocol; reassess perfusion (MAP, urine output, mental status, cap refill) and lung 
exam after fluids. Maintain vasopressor support to keep MAP ≥65 mmHg; titrate 
norepinephrine per provider orders and notify provider for escalating requirements 
or persistent hypotension. Continue broad-spectrum IV antibiotics; await culture 
results; trend WBC and lactate; follow ID/provider recommendations for de-
escalation and source control. Strict I&Os; monitor urine output hourly; avoid 
nephrotoxins and dose-adjust medications for renal function; notify provider if urine 
output remains <0.5 mL/kg/hr. Respiratory: Titrate oxygen to maintain SpO2 ≥92%; 
encourage pulmonary hygiene; consult respiratory therapy; obtain chest imaging 
and sputum culture per orders; consider escalation of support if increased work of 
breathing or hypoxia worsens. Neuro: Perform frequent neuro checks; maintain 
safety and aspiration precautions. Skin: Continue q2h repositioning, offload 
pressure areas, and moisture management; Foley/perineal care per protocol. 
GU/GI: Continue bowel regimen as ordered; monitor for bowel movement and 
abdominal changes. Prophylaxis: Continue VTE prophylaxis and stress ulcer 
prophylaxis per protocol. Devices: Maintain Foley; evaluate need for catheter daily 
and consider replacement/removal per provider if UTI suspected.
Consults/communication: Await ID consultation for further source control 
guidance; update provider with any acute changes.

Neuro: Arouses to voice but responses are delayed. 
Oriented to person only. No focal deficits noted on gross 
exam. Cardiac: Blood pressure labile, currently 92/58 
mmHg on norepinephrine infusion at 0.05 mcg/kg/min. 
Peripheral pulses palpable but thready. Capillary refill 4 
seconds. Resp: Tachypneic at 24-28 breaths/min on 4L 
nasal cannula. Oxygen saturation 92-94%. Lung sounds 
clear bilaterally with occasional coarse crackles at bases. 
Using accessory muscles. No cyanosis. Skin: Cool and 
clammy to touch centrally and peripherally. Poor skin turgor. 
No overt rashes or localized redness. Multiple old skin folds 
noted consistent with history of obesity. GU/GI: Urine 
output low at <20 mL/hr for past 4 hours, dark amber. Foley 
catheter in place with cloudy urine. Abdomen soft, obese, 
non-tender, non- distended. Last bowel movement two days 
ago. ID: Source of sepsis remains under investigation; 
suspected UTI or pneumonia. Blood cultures pending. 
Currently on broad- spectrum intravenous antibiotics. 
Paracetamol administered for fever. WBC elevated (value 
not documented). Assessment: 83-year-old male with 
sepsis, hemodynamically unstable requiring vasopressor 
support. Altered mental status likely due to sepsis and 
hypoperfusion. Acute kidney injury secondary to 
hypovolemia and sepsis. Obesity complicating physical 
assessment and vascular access. Clinical picture 
consistent with severe sepsis. Plan: Continue IV fluid 
resuscitation per protocol. Maintain vasopressor support to 
keep MAP >65 mmHg. Continue broad-spectrum 
antibiotics, await culture results. Monitor strict I&Os, trend 
renal function. Provide frequent oral care and repositioning. 
Await ID consultation for further source control guidance. 

Figure 10: This figure shows the example responses from both DeepSeek and ChatGPT for the same observed note.
The observed note to LLMs is the ground truth with blue text removed.
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