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ARTICLE
Predicting gastric cancer response to anti-HER2 therapy or

anti-HER?2 combined immunotherapy based on multi-
modal data

Zifan Chen', Yang Chen?, Yu Sun?, Lei Tang® Li Zhang'?, Yajie Hu®, Meng He*, Zhiwei Li%, Siyuan Cheng?, Jiajia Yuan?,
Zhenghang Wang?, Yakun Wang?, Jie Zhao®, Jifang Gong?, Liying Zhao®’, Baoshan Cao®, Guoxin Li®’, Xiaotian Zhang®*,
Bin Dong>'®""™ and Lin Shen (**

The sole use of single modality data often fails to capture the complex heterogeneity among patients, including the variability in
resistance to anti-HER2 therapy and outcomes of combined treatment regimens, for the treatment of HER2-positive gastric cancer
(GQ). This modality deficit has not been fully considered in many studies. Furthermore, the application of artificial intelligence in
predicting the treatment response, particularly in complex diseases such as GG, is still in its infancy. Therefore, this study aimed to
use a comprehensive analytic approach to accurately predict treatment responses to anti-HER2 therapy or anti-HER2 combined
immunotherapy in patients with HER2-positive GC. We collected multi-modal data, comprising radiology, pathology, and clinical
information from a cohort of 429 patients: 310 treated with anti-HER2 therapy and 119 treated with a combination of anti-HER2 and
anti-PD-1/PD-L1 inhibitors immunotherapy. We introduced a deep learning model, called the Multi-Modal model (MuMo), that
integrates these data to make precise treatment response predictions. MuMo achieved an area under the curve score of 0.821 for
anti-HER2 therapy and 0.914 for combined immunotherapy. Moreover, patients classified as low-risk by MuMo exhibited
significantly prolonged progression-free survival and overall survival (log-rank test, P < 0.05). These findings not only highlight the
significance of multi-modal data analysis in enhancing treatment evaluation and personalized medicine for HER2-positive gastric
cancer, but also the potential and clinical value of our model.
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INTRODUCTION

Gastric cancer (GQ) is the fifth most prevalent cancer globally, and
the second most common cancer in China.' Approximately
15-30% of advanced gastric or gastroesophageal junction
adenocarcinomas exhibit amplification or overexpression of the
human epidermal growth factor receptor 2 (ERBB2/HER2).2 The
heterogeneity of this biomarker poses substantial challenges for
effective treatment, with responses varying widely among
patients. The trastuzumab for GC trial revealed that less than half
patients with HER2-positive responded to a combination of
trastuzumab and chemotherapy,’® indicating significant intra-
patient and inter-tumor variability. Further complicating the
treatment landscape, the KEYNOTE-811 study’s interim findings*
showed that although adding pembrolizumab to standard
therapy substantially increases objective response rates as a
first-line therapy, this does not equate to a uniform enhancement
in overall survival (OS) for all patients. The discrepancies in survival
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rates underscore the complexity of the disease and suggest that
conventional monomodal data may be insufficient for under-
standing the diverse presentations of HER2-positive GC, necessi-
tating a comprehensive evaluation using multi-modal data. By
integrating clinical profiles, radiological imaging, and pathological
samples, a more nuanced understanding of tumor behavior is
possible, which is imperative for refining treatment decisions.
Therefore, an integrated multi-modal approach is essential: to fully
characterize the heterogeneity of HER2-positive GC and devise
personalized and effective treatment strategies.

The potential of artificial intelligence (Al) as an innovative tool
for developing multimodal models is high,”° and its strength lies
in its ability to analyze different data types and integrate them at
the feature level.'"'® However, the application of Al in predicting
treatment response is still in its infancy,'” particularly for
predicting treatment response in complex diseases such as
GC,'®" a task that is far more difficult than diagnosis.?® Diagnostic
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models typically rely on large datasets, including normal and
abnormal samples.?*?' However, predicting treatment response
requires more refined datasets that are specific to a particular
disease stage and that reflect the subtle effects of different
treatment regimens over time.?>?* Additionally, the incomplete-
ness of treatment datasets poses technical challenges in the Al
model construction and learning process.**?* In realistic anti-HER2
therapy or anti-HER2 combined immunotherapy scenarios, the
patient’s imaging history may only be partially available. This
modality deficit has not been fully considered in many studies,***’
while it may seriously affect the learning ability of the model and
its utility in clinical decision-making.

To address the challenges, this study aimed to use a
comprehensive analytical approach to accurately predict the
treatment response in patients with GC receiving anti-HER2
therapy or anti-HER2 combined immunotherapy. We assembled
a comprehensive multi-center dataset of 429 patients. This
valuable dataset integrates diverse modalities of information from
the baseline treatment phase, including radiological computerized
tomography (CT) scans, pathological whole-slide images, radi-
ological and pathological reports, and general patient information.
Our study focused on two distinct cohorts of patients treated at
the Peking Cancer Hospital: the anti-HER2 (those receiving anti-
HER2 therapy and chemotherapy) and anti-HER2 combined
immunotherapy (those receiving anti-HER2 therapy combined
with anti-PD-1/PD-L1 immune checkpoint inhibitors [ICI] and
chemotherapy) cohorts. We further supplemented these cohorts
with additional patients from external medical facilities. With this
rich dataset, we developed a unified, transformer-based deep
learning model called the Multi-Modal model (MuMo), which
effectively incorporates multi-modal inputs to predict the treat-
ment response. MuMo represents a major advancement in
leveraging diverse data types, even in cases of missing modalities,
to improve prediction accuracy. Experimental results demonstrate
MuMo's ability to extract complementary insights from multi-
modal data and provide more accurate treatment response
predictions.

RESULTS

Multi-modal dataset and cohort characteristics in HER2-positive
GC study

Our study commenced with collecting an extensive multi-modal
dataset encompassing radiology, pathology, and patient informa-
tion, from a large group of 17,787 patients with GC during the
baseline treatment phase at multiple centers. This dataset
included data from Peking University Cancer (PKCancer) Hospital,
Nanfang Hospital, and Peking University Third Hospital. Rigorous
selection criteria were applied to refine the cohort (Fig. 1). These
criteria include excluding patients with negative or unknown HER2
status, those not undergoing anti-HER2 therapy, and those lacking
multi-modal data. This process resulted in a cohort of 429 patients
with HER2-positive GC, between January 2007 and January 2023
(Table 1) (with additional information in Supplementary Tables ST,
S2). As shown in Fig. 2, of the 429 patients, 390 were from Peking
University Cancer Hospital. Among them, 271 underwent anti-
HER2 therapy, forming an anti-HER2 cohort. The remaining 119
patients, forming an anti-HER2 combined immunotherapy cohort,
received a combination of anti-HER2 therapy with either anti-PD-1
inhibitors (85 patients) or anti-PD-L1 inhibitors (34 patients).
Additionally, we included an external cohort of 39 patients from
Nanfang Hospital and Peking University Third Hospital. Most
patients in these cohorts were diagnosed with stage IV GC, with a
prevalence of 98.52% in the anti-HER2 cohort, 97.48% in the anti-
HER2 combined immunotherapy cohort, and 97.44% in the
external cohort. The median age of the patients in the three
cohorts was 63 (interquartile range [IQR]: 55-69), 65 (IQR: 58-72),
and 60 years (IQR: 55-68), respectively. The percentage of men
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was 83.03% in the anti-HER2 cohort, 79.83% in the anti-HER2
combined immunotherapy cohort, and 76.92% in the external
cohort. Regarding tumor location, the majority were non-
gastroesophageal junction (non-GEJ) tumors, accounting for
69.74%, 70.59%, and 79.49% of patients in each cohort,
respectively. Additionally, most patients in all cohorts had either
moderately differentiated (47.60%, 47.06%, and 35.90%, respec-
tively) or poorly differentiated (48.71%, 52.10%, and 58.97%,
respectively) carcinomas.

Our amassed multi-modal dataset offers rich and comprehen-
sive patient data. This included demographic details (that is, age
and sex), tumor characteristics (that is, tumor location, degree of
differentiation, and Lauren classification), and treatment specifics
(that is, lines of treatment received and time elapsed before
initiating treatment). These details are visually represented in
Fig. 3b, ¢ and Supplementary Fig. S1. Moreover, each patient’s
dataset included data from at least one modality of both
pathology and radiology. However, complete data from both
modalities (radiology and pathology) was available for less than
half of the patients (Fig. 3a). To address this variability in data
availability, learnable embeddings were introduced as place-
holders for missing modalities. This technology helps to infer
missing information, enhancing the robustness of our multi-modal
model (detailed methodology in the methods section). Further-
more, structured clinical reports from both radiological and
pathological assessments provided additional crucial clinical
insights, aiding in a more comprehensive understanding of each
patient’s condition (Fig. 2b, ¢ and Supplementary Fig. S1).
Specifically, radiological reports included detailed information on
post-operative status (whether the patient had undergone
gastrectomy), the count and locations of metastatic lymph nodes,
occurrences of liver or lung metastases, peritoneal metastasis, and
diversity in metastatic lymph node types. In contrast, pathological
reports encompassed data on the proportion of tumors, tumor-
infiltrating lymphocytes (TILs), and variability in HER2 expression
within the tumor.

MuMo’s predictive performance in the anti-HER2 cohort

The proposed MuMo demonstrated promising efficacy in predict-
ing treatment responses in the anti-HER2 cohort, achieving an
area under the curve (AUCQ) score of 0.821 (95% Confidence
Interval [Cl]: 0.692-0.949; Fig. 4a and Supplementary Table S3).
Additionally, MuMo exhibited an impressive number needed to
treat a value of 1.83 (95% Cl: 1.28-4.24; refer to Supplementary
Table S4), indicating a high efficiency in predicting treatment
response. MuMo's predictive performance surpassed that of the
six individual clinicians in a similar test and even matched the
combined score of consultation among these clinicians (Supple-
mentary Figs. S2a, b). To evaluate the generalizability of MuMo, we
applied it to an external cohort that functioned as an independent
test set. MuMo showed a strong discriminative ability in
distinguishing non-responders from responders, as indicated by
an AUC score of 0.884 (95% Cl: 0.745-1.000; Fig. 4b). This
performance highlights the effectiveness of MuMo in multi-center
data cases. Additionally, we have showcased the flexible
extensibility of the MuMo framework by utilizing two public
datasets: TCGA-STAD for gastric adenocarcinoma and TCGA-BRCA
for invasive breast carcinoma, detailed in Supplementary Figs. S3,
S4 and Supplementary Text S1. This extensibility is further
illustrated through its application to potential molecular pathol-
ogy data, as documented in Supplementary Fig. S5 and
Supplementary Text S2. Using the Youden index, a statistical
measure derived from the receiver operating characteristic (ROC)
curves, we stratified each cohort into high- and low-risk groups
based on MuMo’s predictive scores (see Supplementary Text S3
for details). The low-risk group exhibited significantly longer
progression-free survival (PFS) (log-rank test, P=0.0019 in the
validation set and P=0.0024 in the test set; Fig. 4d, e) and
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Multi-modal data collection and filtering flowchart for patients with HER2-positive GC from multi-center study. The cohort, comprising

17,787 patients with GC, was derived from a consecutive series of patients diagnosed with stomach adenocarcinoma at Peking University
Cancer (PKCancer) Hospital (10,740 patients), Nanfang Hospital (6773 patients), and Peking University Third Hospital (274 patients) between
January 2007 and January 2023. The selection process involved exclusions based on HER2 negativity or unknown status, absence of anti-HER2
therapy, and lack of comprehensive multimodal data, including necessary pathological and radiological information collected within a
defined period around treatment initiation. The final multi-modal analysis cohort was segmented into 390 patients from the PKCancer

Hospital and 39 patients from external hospitals

increased OS (log-rank test, P=0.0067 in the validation set;
Fig. 4g) than the high-risk group. Notably, in the independent test
set, a marked difference in median OS was observed between the
two groups (6 months for the high-risk group vs. 17 months for
the low-risk group; Fig. 4h).

MuMo’s adaptability in predicting responses in the anti-HER2
combined immunotherapy cohort

To further evaluate the adaptability of MuMo in diverse treatment
cohorts, we analyzed its predictive efficacy in the anti-HER2
combined immunotherapy cohort. In this cohort, MuMo demon-
strated remarkable performance with an AUC of 0.914 (95% Cl:
0.803-1.000; Fig. 4c, Supplementary Table S3 and Supplementary
Fig. S2¢), indicating high accuracy in response predictions.
Moreover, MuMo proficiently differentiated between high- and
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low-risk groups in terms of PFS (log-rank test, P = 0.0079; Fig. 4f)
and OS (log-rank test, P = 0.0042; Fig. 4i), which are essential for
patient prognosis and treatment planning. This impressive
performance highlights the critical role of MuMo in adapting to
a relatively novel treatment regimen, such as anti-HER2 combined
immunotherapy, where clinician experience and historical data
may be limited. The capability of advanced deep learning models,
such as MuMo, to extract meaningful insights from various cohorts
demonstrates their potential for broad applications in emerging
treatment scenarios.

MuMo's consistent stability in treatment response prediction

To ascertain the reliability and consistency of MuMo in predicting
treatment responses, we conducted a confirmatory experiment
using 2000 bootstrap replicates, a statistical method to estimate
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Table 1. Baseline characteristics of anti-HER2, anti-HER2 combined
immunotherapy and external hospital cohorts
Characteristic Anti-HER2 Anti-HER2 combined External
cohort immunotherapy cohort  cohort
(n=271) (n=119) (n=39)
Age
Median, IQR 63, 55-69 65, 58-72 60, 55-68
Sex
Male 225 (83.03%) 95 (79.83%) 30 (76.92%)
Female 46 (16.97%) 24 (20.17%) 9 (23.08%)
Tumor site
GEJ 82 (30.26%) 35 (29.41%) 8 (20.51%)
Non-GEJ 189 (69.74%) 84 (70.59%) 31 (79.49%)

Degree of differentiation

Poorly 132 (48.71%) 62 (52.10%) 23 (58.97%)
Moderately 129 (47.60%) 56 (47.06%) 14 (35.90%)
Well 10 (3.69%) 1 (0.84%) 2 (5.13%)

Lauren type

Intestinal 17 (63.84%) 82 (68.91%) 6 (15.79%)
Diffused 34 (12.55%) 12 (10.08%) 1 (2.63%)
Mixed 43 (15.87%) 16 (13.45%) 1 (2.63%)

N/A 21 (7.75%)
PD-L1 expression

9 (7.56%) 31 (79.49%)

Positive 44 (16.24%) 43 (36.13%) 8 (20.51%)

Negative 60 (22.14%) 25 (21.01%) 8 (20.51%)

N/A 167 (61.62%) 51 (42.86%) 23 (58.97%)
MMR status

PMMR 137 (50.55%) 104 (87.39%) 18 (46.15%)

dMMR 2 (0.74%) 1 (0.84%) 0 (0.00%)

N/A 132 (48.71%) 14 (11.76%) 21 (53.85%)
EBV status

Positive 3(1.11%) 1 (0.84%) 0 (0.00%)

Negative 119 (43.91%) 89 (74.79%) 9 (23.08%)

N/A 149 (54.98%) 29 (24.37%) 30 (76.92%)
TNM stages

1] 4 (1.48%) 3 (2.52%) 1 (2.56%)

\% 267 (98.52%) 116 (97.48%) 38 (97.44%)

the sampling distribution, for both the anti-HER2 and anti-HER2
combined immunotherapy cohorts. We calculated the AUC scores
for each replicate, and these scores were visually represented
using box plots, which effectively illustrated the distribution and
variability of the scores. The results demonstrated that MuMo
exhibited a small performance variability, which is a key indicator
of its consistent stability and reliability in predicting treatment
responses (Fig. 4j). Furthermore, MuMo displayed significantly
lower performance variability than both individual clinicians and
their collective decision-making processes in group consultations
(Levene’s test, P <0.05; Supplementary Fig. S6). Additionally, we
demonstrated MuMo’s stable predictive performance (AUC 0.800
to 0.833; Supplementary Fig. S7) across five sets of randomly
varied doctor annotations (Supplementary Table S5). These
outcomes highlight MuMo’s capability to provide dependable
and stable predictions in treatment response scenarios.

Ablation studies of multi-modal information fusion in MuMo

The proposed MuMo offers a comprehensive perspective of
patients with GC undergoing anti-HER2 therapy, largely because
of its specially designed fusion modules for multi-modal
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information fusion. To assess the contribution of the MuMo fusion
modules to multi-modal information, we conducted three ablation
studies.

In our first experiment, we analyzed patients with both
radiological and pathological data (Fig. 4k and Supplementary
Table S6). Our results showed that integrating radiological and
pathological data improved the predictive AUC score of the model
to 0.750, which was superior to the AUC scores achieved by
models relying solely on radiological (0.639) or pathological
(0.703) data. The pathology-only model performed notably better
than the radiology-only model, which can be attributed to the
comprehensive visual insights provided by pathological analysis.
As the clinical gold standard for diagnosis, pathology offers an
effective portrayal of the tumor immune microenvironment, which
is a crucial determinant of treatment response.?

Second, we evaluated the effectiveness of MuMo's specialized
inter-modal fusion module, which includes modal-agnostic feature
alignment, to integrate disparate information sources (more
details in the methods section). The fusion module showed
enhanced performance compared with simple combinations of
features derived from radiological and pathological data (Fig. 4l
and Supplementary Table S7), such as element-wise multiplication
(0.577), summation (0.682), and concatenation (0.731). This
underscores MuMo's ability to effectively consolidate inter-
modal information. Moreover, when we assessed a MuMo variant
that lacked modal-agnostic feature alignment in the latent space,
its performance decreased (AUC scores: 0.772) compared to the
full MuMo (0.821), demonstrating the advantage of feature
alignment across different modalities in a unified embedding
space, as supported by the relevant literature.'®""

Finally, we found that incorporating clinical reports led to a
promising increase in the AUC score (0.703-0.769; Fig. 4m and
Supplementary Table S8). Furthermore, including detailed patient
information improved the performance of model (increasing the
AUC scores: 0.769-0.821). These findings suggest that compre-
hensive data from clinical reports and patient-specific information
significantly enhanced MuMo's predictive capabilities.

MuMo’s interpretability with clinical insights

We validated the alignment between MuMo predictions and
established clinical knowledge, focusing on two key perspectives:
image-focused regions for visual qualitative analysis and clinical
information weights for quantitative analysis. In the pathological
whole-slide images, we used regional important scores that
quantified the model’s focus on specific areas to highlight where
the model concentrated its predictions. Notably, these focus areas
correlated intuitively with HER2 (3+) expression regions, char-
acterized by a high tumor-to-stroma ratio (over 50%), well-
differentiated tumor glands, abundant tumor-associated immune
cell infiltration, and significant desmoplastic stroma surrounding
tumor cells, suggesting that MuMo effectively deduces vital tumor
information for predictions (Fig. 5a and Supplementary Fig. S8). In
radiological CT scans, we found that MuMo was primarily
concentrated in regions harboring lesions, as identified through
gradient-weighted class activation mapping (Grad-CAM),%® align-
ing with key areas of clinical concern in cancer diagnosis and
treatment (Fig. 5b and Supplementary Fig. S9).

Subsequently, we evaluated the risk scores predicted by MuMo
across various clinical information subgroups, including patient
information, radiologically structured clinical reports, and patholo-
gically structured clinical reports (Fig. 5c-I and Supplementary Fig.
S10). We observed that in the anti-HER2 cohort, sex, degree of
differentiation, Lauren type, and peritoneal metastasis were
identified as key decision variables by the MuMo predicted risk
scores. Among these, male patients were predicted to have higher
risk scores compared to female patients (Mann-Whitney U test,
P =0.041; Fig. 5c). For patients with poorly differentiated tumors
(Fig. 5d), MuMo assessed their risk probability as significantly higher
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compared to those with moderately differentiated tumors
(P <0.0001) and well-differentiated tumors (P = 0.0003). For Lauren
classification (Fig. 5e), MuMo assessed that the diffuse type had the
highest risk probabilities, being significantly higher compared to
the intestinal type (P<0.0001) and the mixed type (P=0.0038).
Conversely, the intestinal type had relatively lower risk, with the
mixed type falling between the two in GC. Additionally, MuMo
recognized patients with peritoneal metastasis as having signifi-
cantly poorer responses than those without peritoneal metastasis
(P < 0.0001; Fig. 5f). Furthermore, an increase in TILs was also seen
to slightly reduce the predicted risk scores (Pearson correlation
coefficient r=—0.092), indicatihg MuMo’s awareness of the
relationship between the abundance and activity of TILs and
patient outcomes. In the anti-HER2 combined immunotherapy
cohort, the presence of peritoneal metastasis also remained a
significant decision variable for predicting high risk scores by
MuMo (P=0.027; Fig. 5i); additionally, MuMo identified patients
undergoing second-line treatment as having poorer responses
compared to those undergoing first-line treatment; similarly, MuMo
also recognized a negative correlation (r = —0.211; Fig. 5I) between
the abundance and activity of TILs and predicted risk probabilities,
suggesting that a higher abundance of TILs is associated with
better treatment responses. These analyses demonstrate that
MuMo can extract appropriate knowledge from clinical reports
and patient information to make accurately treatment response
predictions, and its recognition of these significant decision
variables aligns with current clinical findings***" confirming
MuMo’s reliability and clinical relevance (Fig. 6).
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DISCUSSION

This study demonstrated the accuracy and utility of multi-modal
data analysis in predicting the response to anti-HER2 therapy in
patients with HER2-positive GC. Our dataset, which is the largest
available as confirmed by a thorough literature search, covers
various types of medical information, including patient demo-
graphics, radiological CT scans containing multiple lesions,
pathologic whole-slide images with different HER2 expression
levels (0-3+), and structured clinical reports. Our proposed MuMo
excels in predicting the response to both anti-HER2 therapy and
anti-HER2 combined with immunotherapy in patients with HER2-
positive GC. Importantly, the external validation of the predictive
capabilities of MuMo in an independent cohort from other
medical centers underscores its potential applicability in diverse
clinical settings.

The advantage of MuMo lies in its efficient integration
capabilities with multi-modal data, compared to the widely studied
unimodal models.'®?*23273* |t utilizes a comprehensive and rich
patient profile to improve the accuracy of treatment response
predictions. Recent studies have started to investigate the use of
multi-modal data in treatment response prediction for various
cancers, including clear cell renal cell carcinoma,®® non-small cell
lung cancer,'”*%%” and hepatocellular carcinoma.>® However, there
is a notable scarcity of response prediction research on patients
with HER2-positive GC and their response to anti-HER2 therapy.
Moreover, current approaches mainly rely on simple integration
methods, such as concatenation,*® aligning and then averaging,*
or multivariate machine learning analysis,>>*3*' which do not take
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Fig. 3 Data characteristics of anti-HER2 and anti-HER2 combined immunotherapy cohorts. a Distribution of proportions for pathological and
radiological image data across different sets. b Distribution of clinical information, encompassing patient information, radiological clinical
reports, and pathological clinical reports. Stacked bars and violin plots were used for discrete and continuous data, respectively. ¢ Heatmap
illustrating the distribution of clinical information at the individual level, with each row representing one piece of clinical information and each
column representing one individual. Some clinical information items with multiple labels, such as the location of the metastatic lymph nodes,
HER2 expression heterogeneity, and tumor locations, are presented in Supplementary Fig. S1

into account the potential uniqueness and overlap of information
across different modalities in medical field. In contrast, MuMo
dynamically decouples modal-agnostic and modal-specific features,
facilitating a more rational process of multi-modal fusion by aligning
modal-agnostic features. Additionally, MuMo uniquely employs a
learnable feature approach to address the issue of missing
modalities in real-world scenarios, enabling accurate treatment
response predictions for patients with partially incomplete data.
Furthermore, to realistically validate MuMo's application in clinical
practice, our study includes extensive comparisons between MuMo's
predictions and the evaluations made by six clinicians. This
demonstrates the potential of MuMo to assist in clinical decision-
making, highlighting its practical utility in supporting physicians.
Regarding clinical applications, the module design and stan-
dardized architecture of our model allow easy scaling to
accommodate more lesions, modalities, and time points. For
instance, by including more lesions in the CT images, the intra-
modal fusion module in the feature extraction process can be
readily expanded. The model dynamic structure can adapt to
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increasingly complex treatment response prediction tasks, such as
incorporating patient information from multiple time points.
Therefore, the standardized framework allowed us to form a
novel continual-learning paradigm that incorporated the model
into the entire medical imaging and reporting workflow. Once the
new information (images or text) is generated, our model can be
trained without waiting for the complete collection of patient
information. This is particularly important for providing persona-
lized treatment, as the model can immediately consider the latest
diagnostic information, treatment response, and changes in
patient status to enable more accurate treatment predictions
and improve patient management. For patients undergoing
treatment, such modality-wise analysis can quickly identify
whether they are unlikely to respond positively to the current
treatment regimen, facilitating the prompt adjustment of ther-
apeutic plans. For patients requiring chronic disease management,
such meticulous optimization can also capture subtle health
changes, providing physicians with real-time feedback on
potential complications or signs of disease recurrence.
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Fig. 4 Performance of the Multi-Modal Model (MuMo). a—c Receiver operating characteristic (ROC) curves display MuMo's performance in
predicting treatment responses, distinguishing between non-responders and responders. These curves pertain to the validation and test sets
of the anti-HER2 cohort and the validation set of the anti-HER2 combined immunotherapy cohort. d-f Kaplan-Meier (KM) curves depict
Progression-Free Survival (PFS) based on MuMo predictions. These curves were derived from the validation and test sets of the anti-HER2
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Another major potential of the MuMo is its ability to integrate
more modalities in the future, which is key to realizing
personalized treatment strategies. Our model consolidated diverse
data sources, including radiological CT, pathological images, and
clinical reports, and can incorporate even more modalities in the
future, such as cancer biomarkers, gene expression, and lifestyle
and health history information. Adding such data may significantly
improve the model’s accuracy in predicting treatment response
while also helping physicians formulate more targeted treatment
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plans. For instance, by integrating gene expression data, we can
gain deeper insight into patient’s pharmacogenomics, thereby
optimizing drug selection and dosage adjustments.

The flexibility of the MuMo makes it an ideal platform for
interdisciplinary collaboration, facilitating knowledge fusion
between bioinformaticians, clinicians, and data scientists.
Through such collaborations, MuMo can continuously assim-
ilate the latest research discoveries and clinical feedback to
iteratively update and refine its algorithms. Additionally, the
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Fig. 5 Interpretability analysis of the Multi-Modal Model (MuMo). a Visualization of the importance scores of ‘bags’ on pathological whole-
slide images. Darker red regions signify a higher contribution to the response prediction, whereas darker blue regions suggest a diminished
influence. The second row shows the four most important bags on the slide image. b Visualization of attention maps on radiological lesion
images using the Grad-CAM algorithm. Darker red regions signify heightened attention from MuMo, whereas darker blue regions denote
reduced attention. The red bounding box emphasizes MuMo’s predominant focus on lymph node and liver tumors in this responder.
c—g Evaluation of predicted risk scores across various clinical information subgroups in the anti-HER2 cohort. h-I Evaluation of predicted risk
scores across various clinical information subgroups in the anti-HER2 combined immunotherapy cohort

MuMo framework is highly extensible and can be rapidly
expanded to other cancer types and diagnostic markers. By
undergoing targeted retraining with specific cohorts, MuMo can
swiftly adapt to different cancers such as breast cancer or to
other clinically relevant immunohistochemical (IHC) markers
like ER, PR, and EGFR. This adaptability not only enhances the
model’s utility across various oncological applications but also
supports a more comprehensive approach to personalized
medicine. Furthermore, we hope to explore the use of data
collected from wearable devices and remote monitoring tools,
such as patient activity levels and physiological responses,
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which can provide the model with comprehensive health
information for more accurate personalized treatment.
Although our preliminary findings using the MuMo are
promising, we must acknowledge its limitations. First, although
our dataset was collected from multiple medical centers and
focused primarily on patients with HER2-positive GC, expansion is
possible. Secondly, despite performing accurate treatment
response predictions, the model still relies on human input for
certain sub-tasks, such as requiring experts to annotate bounding
boxes around lesions in radiological images and delineate regions
with different HER2 expression levels in pathological slides.
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workflow of our research approach, from data collection through to the analysis techniques used. Key results are highlighted, demonstrating
the highly prediction accuracy of treatment response of MuMo in HER2-positive patient with GC

In future studies, we plan to incorporate automation techniques,
including the deployment of large language models and Al
agents, to further reduce the need for human input and move
closer to fully autonomous end-to-end treatment response
prediction systems.

Summarily, MuMo represents a promising strategy for lever-
aging Al capabilities to improve response-predictive accuracy in
patients with GC receiving anti-HER2 or anti-HER2 combined
immunotherapy. By employing a comprehensive, multi-modal
dataset, we are making significant strides toward realizing
personalized treatment strategies. The model is an impressive
testament to the potential integration of diverse modalities and
Al, highlighting an exciting direction for future oncology research.

MATERIALS AND METHODS

Data collection

Our study included patients recruited between January 2007 and
January 2023, who were divided into three distinct cohorts: the
anti-HER2 cohort, comprising patients who received anti-HER2
therapy; the anti-HER2 combined immunotherapy cohort, com-
prising patients treated with anti-HER2 and anti-PD-1/PD-L1 ICl;
and an external cohort, comprising patients from external
hospitals who received anti-HER2 therapy. The study received
approval from the Ethics Committees of Peking University Cancer
Hospital, Nanfang Hospital, and Peking University Third Hospital
(approval numbers 2020KT08, NFEC2017171, and D2021077,
respectively). Informed consent was obtained from all participants
or their legally authorized representatives. We asked pathologists
and radiologists to annotate the medical images and provide
structured clinical reports to ensure comprehensive data collec-
tion. Epstein-Barr Virus status was ascertained using in situ
hybridization, employing probes targeting Epstein-Barr encoded
RNA. Mismatch Repair status, a key factor in determining cancer
behavior and treatment response, was assessed using IHC analysis
to examine the expression levels of DNA mismatch repair proteins,
specifically MLH1, MSH2, MSH6, and PMS2, following previously
described methods.*?

Survival and response metrics

OS is defined as the time from diagnosis until either the death of
the patient or the end of the follow-up period, whichever occurred
first. PFS refers to the time from the start of treatment to disease
progression, recurrence, or death, whichever occurred first.
Responders were defined as patients who achieved the response
evaluation criteria in solid tumors (RECIST) designation of
complete response (CR), partial response (PR), or stable disease
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(SD) with PFS exceeding the median PFS reported in KEYNOTE-
811* (8 months for the anti-HER2 cohort and 10 months for the
anti-HER2 combined immunotherapy cohort). Non-responders
included those with a RECIST designation of progressive disease
(PD) or SD but did not exceed the median PFS reported in
KEYNOTE-811. To maintain the integrity of our data and prevent
data distortion, patients lost to follow-up (also referred to as
censored cases) before reaching the median PFS threshold were
excluded from the response prediction analysis. However, they
were considered in the survival analysis to provide a more
complete overview of patient outcomes.

Identifying tumor regions in pathological slides
Hematoxylin-Eosin (H&E) and IHC slides are prepared from con-
secutive tissue sections, typically cut at a thickness of 4 micrometers.
This method ensures that the tissue morphology is essentially
congruent between the H&E and IHC slides, facilitating precise
mapping of HER2 status (as detailed in Supplementary Text S4) onto
the H&E images. Based on these carefully aligned slides, experienced
pathologists employed an Automated Slide Analysis Platform (ASAP
version 1.9, https://computationalpathologygroup.github.io/ASAP/) to
identify tumor regions within pathological whole-slide H&E images
(Supplementary Text S5). These regions exhibited varying expression
levels of HER2, including regions with HER2 = 0, HER2 = 1+, HER2 =
2+, and HER2 = 3+, effectively illustrating the heterogeneity of HER2
expression within the tumor (Supplementary Fig. S11 and Supple-
mentary Table S9). This process requires the pathologist to
meticulously outline the contours of each region, effectively marking
the boundaries in a point-by-point manner while avoiding necrotic
areas and normal glands. Concurrently, the pathologist summarized
the information in H&E images to write structure pathological clinical
report. During the entire process, a senior pathologist reviewed and
affirmed all these results to ensure their precision and adherence to
standard guidelines. Based on these annotation results, we
standardized the bag-level pathological images through the Reinhard
algorithm and white balance processing to unify the color
distribution differences across different slides and centers (Supple-
mentary Figs. $12, S13 and Supplementary Text S6).

Identifying tumor regions in radiological CT scans

For the radiological data, three radiologists employed the ITK-
SNAP software (version 3.6.0, http://www.itksnap.org) to identify
and annotate primary (GC) and metastatic lesions (liver, lymph
nodes, spleen, bone, and soft tissue) within the 3D CT scans. The
metastatic lesions were chosen according to the RECIST v1.1
criteria,*®* where radiologists selected a maximum of two target
lesions per organ and a total of no more than five target lesions.
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Then the radiologists used minimal bounding boxes to encompass
the entire lesion as fully as possible. Simultaneously, the
radiologists critically assessed the radiological data and wrote a
structured radiological clinical report. A senior radiologist
reviewed and validated all results throughout this process,
ensuring their precision and adherence to standard guidelines.
Based on these annotations, we initially computed dynamic
windows for various lesion types and centers (Supplementary Fig.
S14 and Supplementary Table S10), using them to normalize the
corresponding radiological lesion images (Supplementary Fig. S15
and Supplementary Text S6).

Overall framework of MuMo

We developed a MuMo, a transformer-based model designed to
predict treatment responses to anti-HER2 therapy and anti-HER2
combined immunotherapy (Fig. 2a, b). MuMo begins by extracting
diverse features (Fig. 2a), including deep image features, omics
features, and clinical reports, from different modalities such as
pathological whole-slide images and radiological CT scans, using
specialized feature extractors (details in subsequent subsections,
Supplementary Fig. S16, and Supplementary Text S7). “Deep
features” are image features derived from radiological lesion
images and pathological word-level images using a deep learning
model MnasNet* (detailed in Supplementary Text S7.1). This
method effectively identifies complex patterns that are challen-
ging to distinguish manually. “Omics features” consist of a wide
range of radiomics features extracted by PyRadiomics library,*
including first-order statistics, shape, texture, and higher-order
statistical features, providing a comprehensive quantitative
analysis of image data. MuMo then utilizes multi-modal fusion
modules (Fig. 2b), including intra-modal fusion, inter-modal fusion,
and patient information fusion, to effectively integrate information
from different modalities, ensuring a comprehensive and precise
analysis for response prediction (details in subsequent subsec-
tions, Supplementary Fig. S17, and Supplementary Text S8).
Specifically, MuMo employs an intra-modal fusion module, that
integrates features within the same modality, such as pathological
image features, pathological omics features, and pathological
clinical reports, to create a comprehensive set of modality-specific
data. MuMo uses an inter-modal fusion module that amalgamates
multi-modal features from different modalities into a unified
feature. Importantly, this module is tailored to address instances of
missing modalities by incorporating learnable modality-specific
features, thereby ensuring the robustness of the model even with
incomplete datasets. Finally, to enhance the precision of the
response predictions, the model considers patient-level clinical
information through the patient information fusion module and
makes response predictions through a multi-layer perceptron with
a softmax activation function.

Feature extraction in MuMo

In our study, we employed three distinct methodologies to extract
diverse features, including deep features, omics features, and
clinical reports, from available radiological and pathological data
(Fig. 2a, Supplementary Fig. S16, and Supplementary Text S7).

In pathology, drawing insights from the prior study®® on high-
resolution pathological WSIs, we partitioned WSIs into larger
segments known as “bags” within the annotated region-of-interest
(ROI) areas for more focused analysis. These “bags” were further
subdivided into smaller patches, referred to as “words” (Supplemen-
tary Fig. S18). Employing MnasNet, a recent lightweight convolu-
tional neural network, enabled efficient conversion of these “words”
into word-level deep features. From these, we extracted patient-level
deep features using a bottom-up process (Supplementary Fig. S16a).
Additionally, we generated pathological omics features from these
“bags” using the PyRadiomics library. Pathological image features
combine patient-level deep features with pathological omics
features. Furthermore, the pathological clinical reports provided by
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pathologists were mapped into embeddings using a predefined
parameterless encoder (Supplementary Table S11).

In radiology, we began by preprocessing the CT scans to
construct focused ROI radiological images following the radiolo-
gists’ annotations (Supplementary Fig. S19). Subsequently, we
employed MnasNet to extract deep features from the ROI
radiological images. Additionally, we segmented the ROI radi-
ological images using a pre-trained lesion segmentor (Supple-
mentary Fig. S20) and utilized the PyRadiomics library to derive
the radiological omics features. We combined these two types of
features to form radiological image features. Mirroring this
approach in pathology, we converted the radiological clinical
reports provide by radiologists into embeddings using a
predefined parameterless encoder (Supplementary Table S12).

Multi-modal information fusion in MuMo

We developed intra-modal, inter-modal, and patient information
fusion modules, each specifically designed to synthesize and integrate
different types of data for enhanced treatment response prediction
(Fig. 2b, Supplementary Fig. S17, and Supplementary Text S8).

The intra-modal fusion module begins by processing image
features and structured clinical reports (Supplementary Fig. S17a). In
this module, image features, comprising deep and omics features,
are transformed into functional features, including query (Q), key
(K), and value (V), through fully connected layers. Subsequently, a
cross-attention layer®” then merges the information from V and Q,
according to the mutual interaction between Q and K. Simulta-
neously, clinical reports are transformed into embeddings using the
parameterless encoder (Supplementary Tables S11-S13), forming
another key (K) and value (V). A similar cross-attention layer then
merges the information from V' and Q. Finally, these two
aggregated features are integrated with the original deep features
via element-wise summation, producing an intra-modal fused
feature. The outputs from this module for the pathological and
radiological data are denoted as Fpq, and Frq, respectively.

Second, the inter-modal fusion module takes the aggregated
features F,qr, and F,qq and integrates them, operating under three
clinical scenarios:

I. All modality data are available (left part of Supplementary
Fig. S17b): In cases where both radiological and pathological
data are available for a patient, the corresponding features
Fpath and F.aq first pass through a fully connected layer.
These are then divided into modal-specific (Fpam_s and Fraq 5)
and modal-agnostic (Fpah @ and Frq o) features using
dedicated functional layers. Subsequently, an alignment
algorithm for modal-agnostic features aligns these features
from different modalities via contrastive learning®® (see
details in Supplementary Text $9.3). An element-wise mean
operation computes the averaged modal-agnostic feature.
The two modal-specific features and the averaged modal-
agnostic feature are then concatenated to form an inter-
modal fused feature.

Il. Missing radiological data (middle part of Supplementary Fig.
S17b): In this scenario, the radiological aggregated feature
F.aq is absent. As a substitute, a learnable radiological feature
Fl.q With the same dimensions as F4 is used as a
placeholder. The processing of pathological features Fyqen
remains the same as that in scenario I. Only one modal-
agnostic feature from the pathological data is generated,
serving as the averaged modal-agnostic feature. The
pathological modal-specific, averaged modal-agnostic, and
learnable pathological features are concatenated to gen-
erate the inter-modal fused feature.

lll. Missing pathological data (right part of Supplementary Fig.
S17b): This scenario mirrors scenario Il but with the use of a
learnable pathological feature F),,,, as a placeholder. The
radiological modal-specific and averaged modal-agnostic
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features are concatenated with a learnable pathological
feature to form the inter-modal fused feature.

The output feature of the inter-modal fusion, denoted as Fi,er
served as the input for the patient information fusion module
(Supplementary Fig. S17¢). Fiye, is first mapped onto a query (Q”)
via a fully connected layer. Patient information is initially encoded
into embeddings using a parameterless encoder (Supplementary
Table S13) and subsequently transformed into a key (K") and value
(V") through fully connected layers. A cross-attention layer
integrates patient information from Fj,,, culminating in patient-
level features for response prediction.

Experimental design

For the anti-HER2 cohort with 271 patients, collected from Peking
University Cancer Hospital (PKCancer), we randomly split the cohort
into a training set of 215 patients for deep learning model training
and a validation set of 56 patients for hyperparameter optimization.
The specifics of the training configurations are elaborated on in
Supplementary Text S6 and S9. Upon completion of the training
phase, we averaged the weights of the top seven best-performing
models to create our final trained model. This model was
subsequently used to further analyze the results (Fig. 2c). To test
the generalizability of our model, we compiled an independent test
set of 39 individuals from external hospitals, all of whom had
received anti-HER2 therapy. The experimental setup for the anti-
HER2 combined immunotherapy cohort, also sourced from the
Peking University Cancer Hospital, mirrored that of the anti-HER2
cohort. This cohort was partitioned into a training set of 89 patients
and a validation set of 30 patients. Analysis of the results was
performed for this validation set.

Statistics and reproducibility

Sample sizes were determined based on the availability of suitable
patient data that met the inclusion criteria. No statistical method
was used to determine the sample size. To our knowledge, our
collected dataset is the most comprehensive to date, covering
multiple modalities for patients with GC receiving anti-HER2
therapy or anti-HER2 combined immunotherapy. The different
distributions of data characteristics between responders and non-
responders were evaluated using the two-sided Mann-Whitney U
test for two continuous variables (number of metastatic lymph
nodes, tumor proportion, and tumor-infiltrating lymphocytes) and
the chi-square test for the remaining categorical variables. Survival
functions were estimated using the Kaplan-Meier method, and
survival distributions across groups were compared using the log-
rank (Mantel-Cox) test. We used Levene’s test to assess consistent
stability in treatment response prediction. The discriminative
performance of the model was evaluated using the ROC-AUC. For
statistical analyses, we used R (version 4.1.3) for survival functions,
distributions, and stability assessments and Python (version 3.7.10)
for model evaluation. We established a P-value threshold of < 0.05
to denote statistical significance in this study.

To ensure reproducibility, we have detailed our methodology in
the Supplementary Materials, which covers feature extraction,
fusion module operations, loss function definitions, experimental
specifics, and evaluation metrics (Supplementary Figs. S16-S20,
Supplementary Tables S10-S15, and Supplementary Texts
S1-S3 and S6-59). We also meticulously detailed our data
management protocols, including data collection, annotation,
and processing (Supplementary Figs. S1-S15 and Supplementary
Tables S1-59 and Supplementary Texts S4-S5). These procedures
adhered to good clinical practice and data privacy regulations.

DATA AVAILABILITY
All data referenced in this study are available within the article and on GitHub at
https://github.com/czifan/MuMo. Due to policy constraints, the raw radiological and
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pathological data should be obtained by submitting a reasonable request to the
corresponding author.

CODE AVAILABILITY

The source code of the proposed Multi-Modal Model (MuMo) is available on GitHub at
https://github.com/czifan/MuMo. All R packages employed in this study can be found
on CRAN (https://cran.r-project.org/web/packages/available_packages_by_name.html)
or Bioconductor (https://www.bioconductor.org/).
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Abstract

Real-world medical image segmentation has tremen-
dous long-tailed complexity of objects, among which tail
conditions correlate with relatively rare diseases and are
clinically significant. A trustworthy medical Al algo-
rithm should demonstrate its effectiveness on tail condi-
tions to avoid clinically dangerous damage in these out-of-
distribution (OOD) cases. In this paper, we adopt the con-
cept of object queries in Mask Transformers to formulate
semantic segmentation as a soft cluster assignment. The
queries fit the feature-level cluster centers of inliers dur-
ing training. Therefore, when performing inference on a
medical image in real-world scenarios, the similarity be-
tween pixels and the queries detects and localizes OOD re-
gions. We term this OOD localization as MaxQuery. Fur-
thermore, the foregrounds of real-world medical images,
whether OOD objects or inliers, are lesions. The differ-
ence between them is less than that between the foreground
and background, possibly misleading the object queries to
focus redundantly on the background. Thus, we propose
a query-distribution (QD) loss to enforce clear boundaries
between segmentation targets and other regions at the query
level, improving the inlier segmentation and OOD indi-
cation. QOur proposed framework is tested on two real-
world segmentation tasks, i.e., segmentation of pancreatic
and liver tumors, outperforming previous state-of-the-art
algorithms by an average of 7.39% on AUROC, 14.69% on
AUPR, and 13.79% on FPR95 for OOD localization. On
the other hand, our framework improves the performance
of inlier segmentation by an average of 5.27% DSC when
compared with the leading baseline nnUNet.

1. Introduction

Image segmentation is a fundamental task in medical im-
age analysis. With the recent advancements in computer

* Corresponding author. (yingda.xia@alibaba-inc.com)
1 Work was done during an internship at Alibaba DAMO Academy
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Figure 1. Real-world medical image segmentation. Real-world
medical outliers (unseen, usually rare, tumors) are “near” to the
inliers (labeled lesions), forming a typical near-OOD problem. A
real-world medical OOD detection/localization model should fo-
cus more on subtle differences between outliers and inliers than
the significant difference between foreground and background..

vision and deep learning, automated medical image seg-
mentation has reached expert-level performance in various
applications [3, 28, 54]. Most medical image segmenta-
tion methods are based on supervised machine learning that
heavily relies on collecting and annotating training data.
However, real-world medical images are long-tailed dis-
tributed. The tail conditions are outliers and inadequate (or
even unable) to train a reliable model [35,61,63]. Yet, the
model trained with inliers is risky for triggering failures or
errors in real-world clinical deployment [43]. For exam-
ple, in pancreatic tumor image analysis, a miss-detection
of metastatic cancer will directly threaten life; an erroneous
recognition of a benign cyst as malignant will lead to unnec-
essary follow-up tests and patient anxiety. Medical image
segmentation models should thus demonstrate the ability
to detect and localize out-of-distribution (OOD) conditions,
especially in some safety-critical clinical applications.

Previous studies have made valuable attempts on med-
ical OOD localization [48, 65], including finding lesions
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apart from normal cases or simulating OOD conditions for
model validation. However, the real-world clinical scenario,
such as tumor segmentation, is more complex, where either
in-distribution or OOD cases have multiple types of tumors.
Establishing a direct relationship between image pixels and
excessive semantics (types of tumors) is difficult for real-
world medical image segmentation. Using this relationship
to distinguish inliers and outliers is even more challenging.
Fortunately, several works about Mask Transformers [5, 9]
have inspired us to split segmentation as a two-stage pro-
cess of per-pixel cluster assignment and cluster classifica-
tion [57, 58]. A well-defined set of inlier clusters may
greatly benefit in identifying the OOD conditions from the
medical images. Therefore, we propose MaxQuery, a med-
ical image semantic segmentation framework that advances
Mask Transformers to localize OOD targets. The frame-
work adopts learnable object queries to iteratively fit inlier
cluster centers. Since the affinity between OODs and an
inlier cluster center should be less than that within the clus-
ter (between inliers and cluster centers), MaxQuery uses the
negative of such affinity as an indicator to detect OODs.

Several recent works further define real-world medical
image OOD localization as a near-OOD problem [43, 51],
where the distribution gaps between inlier and OOD tumors
are overly subtle, as shown in Fig. 1. Thus, the near-OOD
problems are more difficult. Our pilot experiments show
that the cluster centers redundantly represent the large re-
gions of background and organ rather than tumors, compro-
mising the necessary variability of the cluster assignments
for OOD localization. To solve this issue, we propose the
query-distribution (QD) loss to regularize specific quantities
of object queries on background, organ, and tumors. This
enforces the diversity of the cluster assignments, benefiting
the segmentation and recognition of OOD tumors.

We curate two real-world medical image datasets of
(pancreatic and liver) tumor images from 1,088 patients for
image segmentation and OOD localization. Specifically,
we collect consecutive patients’ contrast-enhanced 3D CT
imaging with a full spectrum of tumor types confirmed by
pathology. In these scenarios, the OOD targets are rare tu-
mors and diseases. Our method shows robust performance
across two datasets, significantly outperforming the previ-
ous leading OOD localization methods by an average of
7.39% in AUROC, 14.69% in AUPR, 13.79% in FPR95
for localization, and 3.42% for case-level detection. Mean-
while, our framework also improves the performance of in-
lier segmentation by an average of 5.27% compared with
the strong baseline nnUNet [24].

We summarize our main contributions as follows:

* To the best of our knowledge, we are the first to explore
the near-OOD detection and localization problem in
medical image segmentation. The proposed method
has a strong potential for utility in clinical practice.

* We propose a novel approach, MaxQuery, using the
maximum score of query response as a major indicator
for OOD localization.

e A query-distribution (QD) loss is proposed to con-
centrate the queries on important foreground regions,
demonstrating superior effectiveness for near-OOD
problems.

e We curate two medical image datasets for tumor se-
mantic segmentation/detection of real-world OODs.
Our proposed framework substantially outperforms
previous leading OOD localization methods and im-
proves upon the inlier segmentation performance.

2. Related Work

Medical Image Segmentation and Diagnosis. U-
Net [42] and its variants [31,34,37,56,64] have been pro-
moting the development of medical image segmentation. A
recent self-configuring U-Net (nnUNet) [24,25] further sur-
passed existing approaches in various medical image seg-
mentation tasks with minimal manual parameter tuning.
Semantic segmentation serves as the core for downstream
clinical tasks of disease detection [10], differential diagno-
sis [12,61], survival prediction [54], therapy planning [46],
and treatment response assessment [28]. Therefore, devel-
oping a reliable segmentation method is critical to improv-
ing safety in real-world clinical use. After the publication
of Vision Transformers (ViTs) [16], integrating subsequent
transformer blocks into the backbone of network architec-
ture [7,17,18,47] has been investigated. ViTs achieved im-
proved results over traditional U-Net, particularly for multi-
class semantic segmentation tasks. This work greatly fo-
cuses on exploring the real-world OOD localization detec-
tion problem over medical image segmentation. Current so-
lutions provide limited performance, so we study a novel ar-
chitecture combining Transformer and nnUNet for improv-
ing segmentation performance under clinical tasks, utilizing
segmentation to detect and diagnose minority tumors [61].

Mask Transformers. Unlike using Transformers di-
rectly as network backbones for natural and medical image
segmentation [36,45,53,59,62], Mask Transformers seek to
enhance the CNN-based backbone with stand-alone trans-
former blocks. MaX-Deeplab [50] interprets object queries
in DETR [5] as memory-encoded queries for end-to-end
panoptic segmentation. MaskFormer [©] further applies
this design to semantic segmentation by unifying the CNN
and the transformer branches. Afterward, Mask2Former [§]
technically improves over its predecessor. Recently, CMT-
Deeplab [57] and KMaX-Deeplab [58] propose to inter-
pret the queries as clustering centers and add regulatory
constraints for learning the cluster representations of the
queries. The design of Mask Transformers is intuitively
suitable for medical image segmentation, especially for the

23880



semantic segmentation and diagnosis of tumors. This task
requires the network to be locally sensitive to image textures
for tumor segmentation and can globally understand organ-
tumor morphological information for tumor sub-type recog-
nition. To our knowledge, we are the first to adapt Mask
Transformers for medical image segmentation and further
explore its usage of recognizing outliers via queries.

OOD Detection and Localization. OOD Detection
aims to detect the out-of-distribution conditions (outliers)
that are unseen in the training data. Maximal softmax
probability (MSP) [21] serves as a strong baseline. Af-
ter that, various approaches improved OOD detection from
multiple aspects [13,22,29,30]. These approaches focus
on image-level OOD detection, and efforts have also been
made to localize OOD objects or regions on a large im-
age, e.g., urban driving scenes [4, 0, 14,21,26,32,39,52].
Despite the advance of OOD detection and localization on
natural images, its application on real-world medical im-
ages is challenging. Since the difference between fore-
grounds in real-world medical images is subtle, their OOD
detection/localization becomes a typical near-OOD prob-
lem [15, 38, 41, 51]. Therefore, the existing OOD so-
lutions could hardly be recommended for clinical prac-
tice [40, 48, 65]. Recent work, HOD [43], paces one step
toward real-world OOD detection of rare diseases in der-
matology classification.

3. Method

In this section, we first provide an overview of our
method and then describe our proposed query-distribution
(QD) loss and MaxQuery framework for OOD localization.

3.1. Method Overview

Medical image segmentation aims to segment an im-
age into multiple regions representing anatomical objects
of interest. Here, we focus on 3D medical image X €
RIXWXD ‘and use a segmentation model to partition it into
K category-labeled binary masks,

G={G}[,, (1)

where G; € {0, 1}7>*WxD ig the ground truth mask that
belongs to the i-th class, and Zfil G; = 1HxWxD |y
our problem, class 1 refers to background, class 2 stands for
specific organ, and the others for tumors. Since the real-
world medical image dataset has a long-tail distribution in
quantity, its segmentation task should be divided into super-
vised inlier segmentation and pixel-level OOD localization.

Inlier Segmentation. As shown in Fig. 2, we build our
model with a CNN backbone to extract per-pixel features
P € REWDXC and a transformer module. The transformer
module gradually updates a set of learnable object queries,

C € RV*Y to meaningful mask embedding vectors via
cross attention between object queries and per-pixel fea-
tures,
C « C + argmax(Q¢(K?)T)v?, )
N

where the superscripts ¢ and p represent query and pixel fea-
tures, respectively. We also adopt cluster-wise argmax from
KMax-DeepLab [58] to substitute spatial-wise softmax in
the original cross attention settings.

Inspired by recent works on cluster analysis of mask
transformers [57, 58], we consider semantic segmentation
as a two-stage cluster analysis process. First, all pixels are
assigned into different clusters. The mask embedding vec-
tors C from the transformer module are formulated as the
cluster centers. The product R of C and PT represents
the query response, which expresses the similarity between
each pixel and cluster centers. Then, we use the query-wise
softmax activation on query responses R to generate a mask
prediction, which encourage the exclusiveness of cluster as-
signment. The mask prediction (cluster assignment) M is
defined as,

M= softj{fnax(R) = soft]{[nax(CPT). 3)

Notably, different from the sigmoid activation used in [8,

], the query-wise softmax activation could better guide the
object queries (cluster centers) to focus on different regions
of the image and encourage diversity in real-world medical
image segmentation.

Secondly, the grouped pixels are classified under the
guidance of cluster classification. We evaluate the cluster
centers C via a multi-layer perceptron (MLP) to predict the
K -channel cluster classifications Cx € RY*X for all N
clusters. We then aggregate the cluster assignments M of
grouped pixels and their classifications C for the final se-
mantic segmentation,

Z = (Cg)TM, )

where Z € REXHWD represents the final logits. To super-
vise the final segmentation, we combine the classic segmen-
tation loss and a novel QD loss between final output Z and
ground truth G, more details in Sec 3.2.

OOD Localization. To further segment abnormal re-
gions unseen in training images, an OOD localization pro-
cess is required when performing inference on a test im-
age. Formally, given a test image X € REXWxDP 00D
localization evaluates the query response to find the maxi-
mal one that represents the similarity between the pixel and
its assigned cluster center. Then, the model can generate an
pixel-wise anomalous score map A € [0, 1]#*WxD 'where
A, =1and A; = 0 represent that i-th pixel in X belongs
to an OOD class and an in-distribution class, respectively.
More details of this novel OOD localization (MaxQuery) is
in Sec 3.3
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decoder interatively updates the object queries to fit the inlier cluster centers; (c) A two-stage cluster analysis: 1) cluster assignment groups
the pixels based on the affinity between pixel features and cluster centers; 2) cluster classification guides the grouped pixels to generate
segmentation logits. The overall segmentation is supervised by a classic segmentation loss and a novel query-distribution loss.

3.2. Managing Cluster Distribution with QD Loss

Classic segmentation loss serves as an important learn-
ing target of our model. We combine the Cross-Entropy and
Dice losses between final output Z and ground truth G in
Eq. (1) as the segmentation loss, i.e., Locg = Lee + Lac.
However, when only using classic segmentation loss, object
queries focus majorly on the background and organs rather
than the tumors. The significant difference between fore-
ground and background greatly distracts the model from fo-
cusing on subtle differences between OOD objects and in-
liers. As later shown in an example in Fig 6 , some queries
may even have mixed representation on background and
foreground which is an unsatisfactory phenomenon for dis-
criminative cluster learning. Therefore, we propose query-
distribution (QD) loss to manipulate the object queries and
guide them to focus on the foreground, especially the tu-
mors, and encourage concentrated cluster learning. The key
idea is to use ground-truth G € RE*#WD to supervise the
cluster assignment probability maps M. This motivation
also benefits OOD localization as introduced in Sec 3.3.

We thus divide the N channels into three groups, includ-
ing N1, Ny, N3 queries, for background, organ and tumor
regions, respectively. Our goal is to associate the first Ny
channels of M (representing the assignment probabilities
of the first N; cluster centers) with the background class
G, the next N> channels with the organ class Go, and the
last N3 channels with the tumor classes Zf;) G;. We de-
fine the merged cluster assignments M and class labels G
as the following,

M = (Ml,Mg,Mg) € R?’XHWD

N N N )
= (O M) Muy,j, > My pns k),
i=1 j=1 k=1

K
G= (Ghéz,ég) = (G17G272Gi) c R3><HWD7

i=3
: (6)
where the merged M are still probability distributions in
each spatial position, i.e., E?Zl M, = 11xWxD,
Finally, we formulate the QD loss as the negative log
likelihood loss between M and G,

HWD 3

,qu:— Z Zéij 10g1\~/Iij, (7)
j=1 =1

which draws strict boundaries between different types of
cluster assignments (1\711, 1\7[2, and 1\713) based on the
ground truth. The final loss function £ is a combination
of segmentation loss L. and QD loss £,4 with a balance
weight ), formulated as,

L="Lgeg+ Ayga 8)
3.3. Localizing OOD Regions with MaxQuery

Given a test image X € RH>XWXD our mask trans-
former will yield the pixel-level query response R €
RN XHXWXD “representing the affinity of pixel feature and
cluster centers. The maximal query response of one pixel
then represents the similarity between the pixel and its as-
signed cluster center. Intuitively, the maximal query re-
sponse of outliers should be smaller than inliers. We there-
fore adopt the negative of maximal query response in Eq. (3)
as the pixel-wise anomaly score, called MaxQuery, i.e.,

A = —maxR, )
N

where R € RNXHxWxD

matrix and A €

represents the query response
RA*XWXD indicates the anomaly score
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Figure 3. Illustration of how MaxQuery works. MaxQuery, i.e.,
the negative of maximal query response, reflects the distance of
the pixel and its assigned cluster center. MaxQuery of the inlier
(dotted arrow) is usually smaller than that of the outlier (solid ar-
row) and thus is able to identify the anomalous/OOD pixels.

map. The anomaly score can be further normalized into
[0, 1] by min-max normalization. Figure 3 illustrates the ca-
pability of MaxQuery for OOD pixels identification. The
subscript N means that we perform maximum operation on
the query dimension. We add a minus sign because when
the maximal query response of a pixel is larger, it is less
likely to be an OOD pixel.

In addition, we compare the results of anomaly score
maps according to the maximum of query responses R (pre-
softmax, A = —maxy R) and cluster assignments M
(post-softmax, A’ = —maxy M). A greatly outperforms
A, since if an inlier pixel is evenly close to multiple cluster
centers, the maximal score in M can be very low and easily
be mis-classified as an outlier. But with maximum query
response R (pre-softmax), the score is still high enough for
an indication of inlier. Thus we choose the maximal query
response to imply the anomalous regions.

4. Experiments
4.1. Datasets and Experiment Setting

We collect two datasets, i.e., pancreas and liver tumor
segmentation datasets, which includes contrast-enhanced
3D CT scans from consecutive patients before treatment.
We register the multi-phase CT scans into arterial late and
venous phase using DEEDS [19], respectively. All types
of tumors are confirmed by pathology, except for cysts in
the liver (confirmed by a radiologist specialized in liver
imaging). All tumors are annotated slice-by-slice manually
on the CT phase with the best tumor visibility by experi-
enced radiologists specialized in specific diseases. The or-
gan (pancreas or liver) in each dataset is first annotated au-
tomatically by a self-learning approach [60] trained on pub-
lic datasets (e.g., Medical Decathlon [1]) and then edited by
engineers.

Pancreatic Multi-type Tumors dataset contains 661 pa-
tients. Every patient has five phases of CT scans: noncon-
trast, arterial-early, arterial-late, venous, and delay. The

median spacing is 3 x 0.419 x 0.419 mm. According to
previous clinical studies about pancreatic tumor classifica-
tion [11,44], we assign the seven most common conditions
(PDAC, PNET, SPT, IPMN, MCN, CP, and SCN) as inliers,
and allocate AC, DC, and “other” as outliers. We randomly
split 590 inlier data into 378(64%) training, 94(16%) val-
idation, and 118(20%) testing, and leave out all 71 outlier
data for OOD testing.

Liver Multi-type Tumors dataset contains 427 patients.
Each patient has three phases of CT scans: noncontrast, ar-
terial, and venous. The median spacing is 3 x 0.760 x 0.760
mm. Following [55], we assign the five most common con-
ditions (HCC, ICC, metastasis, hemangiomas, and cyst) as
inliers, and allocate hepatoblastoma, FNH, and “other” as
outliers. Similarly, We randomly split 327 inlier data into
209(64%) training, 52(16%) validation, and 66(20%) test-
ing, and leave out all 100 outlier data for OOD testing. No-
tice that the “other” class in both datasets contains multiple
rare diseases, reflecting the long-tailed distribution of real-
world disease incidence.

4.2. Implementation & Evaluation Metrics

Network Architecture. We use the current benchmark
model in medical image segmentation, nnUNet [24], as a
CNN backbone, which consists of a pixel encoder and a
pixel decoder with skip connections. We adopt four trans-
former decoder blocks, and each takes pixel features with
output stride 32, 16, 8, and 4, respectively. The self-
attention layer in the block has 8 heads. Since medical
image segmentation is sensitive to local textures, we add
a decoder block for output stride 4 compared with previous
works [50, 58]. To increase numerical stability, we add an
InstanceNorm [49] layer and a LayerNorm [2] at the end of
pixel-level and transformer decoder modules, respectively.

Training and Testing. Each CT scan is resampled into
the median spacing per tumor dataset (e.g., 3x0.419x%0.419
mm for the pancreatic dataset) and normalized into zero
mean and unit variance. Our model is trained using a batch
size of 2 on one GPU (with 28 x 192 x 320 patch size
for pancreatic, 40 x 192 x 224 for liver). We adopt the
drop path [23] strategy with a probability of 0.2 for regu-
larization. During training, extensive data augmentation is
utilized on-the-fly [24] to improve the generalization, in-
cluding random rotation and scaling, elastic deformation,
additive brightness, and gamma scaling. The network is
trained with RAdam [33] with the initial learning rate as
1 x 10~* and a polynomial learning rate decay. We first
pre-train the nnUNet backbone for 1000 epochs and fine-
tune the whole architecture jointly for another 200 epochs.
During finetuning, we keep the backbone weights fixed for
the first 50 epochs, and then set it with a learning rate mul-
tiplier of 0.1 for the next 150 epochs. The number of object
queries (i.e., cluster centers) IV is 32, and the query distri-
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Pancreatic % Liver %

Methods OOD Localization OODvcase OOD Localization OODvcase

AUROCT AUPRT FPRgs | | AUCT | AUROCT AUPRT FPRos ) | AUCT
MC Dropout [27] 49.08 11.47 84.60 7291 39.61 16.05 91.13 34.05
MSP [21] 53.81 13.44 86.44 73.38 75.14 25.27 70.04 66.76
MaxLogit [20] 58.46 21.93 83.68 73.42 78.60 35.47 48.73 65.68
SynthCP [52] 69.86 26.50 66.65 68.43 74.93 34.03 57.91 63.34
SML [26] 56.10 30.44 77.81 62.26 86.64 44.59 31.04 63.85
Ours (w/o Lg4q) 63.54 25.25 67.09 74.87 74.95 42.31 53.52 65.91
Ours 82.52 55.60 46.19 77.97 88.75 48.80 23.93 69.04

Table 1. OOD localization and case-level OOD detection performance on Pancreatic Tumors and Liver Tumors. Our proposed method

achieves state-of-the-art OOD detection performance at both pixel
nnUNet [24] backbone. (OOD¢ase: case-level OOD detection.)

level and case level. All the methods are implemented based on the

Pancreatic %

Liver %

Methods PDAC IPMN PNET SCN CP SPT

MCN | Avg. | HCC ICC Meta. Heman. Cyst | Avg.

nnUNet [24] 65.65 27.60 3259 3646 2333 31.73
Ours (w/o Lgq) | 6587 283 3243 40.63 2893 30.77
Ours 6791 4692 32.07 4251 3136 42.67

30.96 | 3547 | 57.22 28.16 52.81 7755  46.49 | 52.45
30.89 | 36.84 | 60.91 30.58 53.21 7847 4642 | 53.92
28.97 | 41.77 | 67.61 30.78 60.40 77.07 47.61 | 56.69

Table 2. Inlier segmentation Dice scores (%) on val set of Pancreatic Tumors and Liver Tumors (all methods report results with final
checkpoint). Compared with the benchmark model (nnUNet [24]) in medical image segmentation, our method noticeably outperforms the
strong baseline for the task of inlier tumor segmentation. See the Appendix for other baselines.

bution (N1, No, N3) is set as (16, 4, 12). We follow KMax-
DeepLab [58] to directly add deep supervision on the atten-
tion map of (k-means) cross attention to align it with the
final segmentation after the segmentation output head. The
loss weight A for QD loss is 0.1.

Evaluation Metrics. For OOD localization, we follow
the standard metrics for anomaly segmentation [14,26,52].
We compute the area under receptive-operative curve (AU-
ROC) and the area under precision-recall curve (AUPR).
We also report FPR at the TPR level of 0.95 (FPR9S5) as
OOD localization metrics since the false positive rate is
safety-critical in clinical practice. For case-level OOD de-
tection, we compute the average of anomaly scores in pre-
dicted tumor regions as the case-level anomaly score and
choose AUC as the case-level OOD detection metric. Mean-
while, we report the average Dice Score of inlier tumors to
evaluate the segmentation performance on inlier classes.

Baselines. For OOD localization, we compare our work
with a series of representative anomaly segmentation meth-
ods in multiple aspects, including uncertainty statistics-
based (MSP [21], MaxLogit [20], SML [26]), Bayesian
deep learning-based (MC Dropout [27]) and image re-
synthesis-based (SynthCP [52]) methods. All of them
are implemented using nnUNet [24] backbone. For inlier
segmentation, we compare our work with the benchmark
model (nnUNet [24]) and previous leading model (Swin
UNETR [47]), as well as UNet [42], UNet++ [64] and Tran-
sUNet [7], implemented by their officially released code
and pre-trained model with same settings.

4.3. Main Results

Comparisons on the real-world datasets, including Pan-
creatic Tumors and Liver Tumors, are summarized in
Tabs. 1 and 2. We also present visualization examples in
Figs. 4 and 5 to better understand the role of object queries
in our proposed mask transformer and compare different
anomaly segmentation methods.

Pancreatic Tumors. In Tab. 1, we compare MaxQuery
with other baselines on Pancreatic Tumors. Our frame-
work shows the best performance in all metrics. Specifi-
cally, our framework outperforms the previous best method
SML [26] by a large margin of 12.66% in AUROC, 25.16%
in AUPR, 20.46% in FPR95 for OOD localization, and
4.55% in AUC for case-level OOD detection. For quali-
tative analysis, we present four visual examples from Pan-
creatic Tumors by visualizing the anomaly score map of
MSP [21], MaxLogit [20], SML [26], and ours. As shown
in Fig. 4, our method maintains a high anomaly score in
the OOD pixels (outlier tumor), while a low anomaly score
in the in-distribution pixels (organ). Moreover, the previ-
ous methods underestimate the anomalous score map. They
tend only to highlight the boundaries of the OOD region, but
our method preserves a high anomalous score on the entire
OOD region.

In Tab. 2, our segmentation performance for inliers sur-
passes nnUNet by 6.30% in DSC. These improvements
demonstrate that our framework can simultaneously detect
common diseases with high accuracy and identify rare dis-
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Figure 4. Visualization results of anomaly score map for OOD localization on Pancreatic Tumors: (a) CT slice, (b) ground truth (red:
pancreas, blue: outlier tumor), (c) MSP [21], (d) MaxLogit [20], (e) SML [26] and (f) Ours. The grayscale level indicates the anomaly
score. Our approach maintains a high anomaly score in the OOD pixels (outlier tumor), while a low anomaly score in the in-distribution
pixels (organ). The four cases are selected from three different unknown diseases to show our method’s robustness to tumor type.

(b) An out-of-distribution example.

Figure 5. Visual examples of cluster assignments for (a) an in-
distribution and (b) an out-of-distribution (OOD) sample. From
left to right: (Column 1) image and ground truth with red: organ,
green: inlier tumor, blue: outlier tumor; (Columns 2-4) represen-
tative object queries for background (C2), organ (C3) and tumor
(C4), respectively. Query IDs are at the upper-left corners.

eases in pixel-level localization and case-level diagnosis
without requiring very large data samples. (Other baselines
can be found in the Appendix.)

We visualize the mask predictions of in-distribution and
OOD examples to illustrate the working mechanism of ob-
ject queries as cluster centers and how MaxQuery identi-
fies the OOD condition. As shown in Fig. 5, for either in-

distribution or OOD example, the background and organ re-
gions are confidently activated by specific queries (Queries
4 and 6 for background, Query 16 for the target organ). In-
terestingly, regions with distinguishing features, such as the
aorta or other abdominal organs, are not activated by the
major cluster center (Query 4) but by an independent center
(Query 6). This supports that the queries gradually con-
verge to different meaningful centers. Furthermore, the cor-
responding queries of specific in-distribution tumors usu-
ally concentrate at a single center (Query 20 in Fig. 5a).
Yet, queries corresponding to the OOD tumors seem to split
into multiple centers with lower responses (Query 24 and
28 in Fig. 5b). The visual examples fulfill the motivation
of the proposed MaxQuery that no inlier cluster centers can
dominantly fit the OOD pixels.

Liver Tumors. Table 1 also shows the quantitative re-
sult on Liver Tumors. Our method outperforms the base-
lines in all evaluation metrics. Note that SML [26] im-
proves the performance in OOD localization while dropping
its performance in case-level OOD detection compared with
MaxLogit [20], whereas our method performs well in both
pixel and case level. Particularly, our method reaches a sig-
nificantly lower FPR95 of 23.93% compared with previous
approaches, which is crucial to localizing the OOD regions
in medical scenarios. As shown in Tab. 2, our segmenta-
tion performance for inliers surpasses nnUNet by 4.24% in
DSC. The qualitative analysis on Liver Tumors is in the Ap-
pendix.
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Figure 6. The effect of QD loss by visualizing the cluster as-
signment maps of the 32 queries on an inlier. Left: without QD
loss, most queries redundantly focus on the background and some
queries mix the background with foreground. Right: after using
QD loss, we can manage the query distribution on the background,
organ, and tumor with better seperation. The clear boundaries and
high responses shows that QD loss encourages discriminative rep-
resentation learning of the queries which will benefit both segmen-
tation and OOD localization.

4.4. Ablation Study

The Effect of the Query-Distribution Loss. Without
the QD loss, the mean inlier tumor DSC of our frame-
work increases only by a small margin compared to the
nnUNet [24] baseline (Tab. 2). Fig. 6 presents query visual-
izations to show benefits from query-level guidance. Most
queries redundantly represent the large and heterogeneous
region of the background rather than the tumors without the
QD loss (Fig. 6 left). With the QD loss, our framework
is manipulated to provide fixed resources (queries for tu-
mors) on distinguishing subtle differences of foregrounds
for a near-OOD problem (Fig. 6 right). Final results are
thus further improved on all metrics by large margins using
QD loss (Tabs. 1 and 2). The results reveal that manag-
ing the object queries with QD loss contributes to masking
transformers to improve both segmentation and OOD local-
ization/detection performance.

The Distribution of Queries. We also perform an in-
depth analysis of query distribution, as shown in Tab. 3.
Our method shows robustness to different settings of query
distribution. On all settings, our method outperforms the
previous leading method, SML [26], by a large margin in
OOD localization and inlier segmentation. Eventually, we
choose the hyper-parameter (N7, N2, N3) as (16, 4, 12).

Pre-softmax versus Post-softmax for MaxQuery. As
shown in Tab. 4, MaxQuery with pre-softmax score R ex-
ceeds the one with post-softmax M by 21.62% in AUPR
for OOD localization, which agrees with our explanation in
Sec. 3.3.

Query-level versus Category-level Anomaly Score.
The debate of pre-softmax versus post-softmax corresponds

Query Dist.

(Ny. No. N3) AUROCT AUPRT FPR| | DSCipier T
SML [26] 56.10 3044  77.81 35.47
(8,4, 20) 84.44 51.32 42.10 36.50
(8,20,4) 83.73 49.76  43.32 39.79
(16,4, 12) 82.52 55.60 46.90 41.77
(20, 4, 8) 85.66 55.17 37.24 38.19
24,4, 4) 86.41 52.58  33.70 39.43

Table 3. Ablation study on the distribution of queries. (DSCiniier:
mean Dice Score of inlier tumors.)

Level Softmax | AUROCT AUPRT FPRO5]

Category | PO 58.14 1628  79.29
pre 52.70 2459  88.40

Query post 76.88 33.98  55.82
pre 8252 5560  46.19

Table 4. Comparison of category- and query-level anomaly scores.
With the same network, the query-level anomaly scores show
superiority over the category-level ones for OOD localization.
Meanwhile, MaxQuery from the pre-softmax query-level scores
outperforms that from post-softmax ones.

to the one of MaxLogit [21] versus MSP [20]. Specifi-
cally, MSP calculates the post-softmax score in the final
category level, while MaxLogit calculates the pre-softmax
one. Unlike MSP and MaxLogit, our MaxQuery produces
an anomalous score at the query level. For a fair compari-
son, we apply MSP and MaxLogit based on the Mask trans-
former we used in our model. As shown in Tab. 4, Max-
Query (post-softmax) outperforms MSP (category, post-
softmax) by 17.70% and MaxQuery (pre-softmax) exceeds
MaxLogit (category, pre-softmax) by 32.01% in AUPR.
This comparison indicates the superiority of our query-level
anomaly score over the category-level ones.

5. Conclusion

Processing a large collection of medical imaging data
with long-tailed distributions has always been challenging.
The significant performance improvement of our method on
two real-world datasets validates its effectiveness. This re-
sult proves that interpreting segmentation as (query) cluster
assignment is valid and effective. Our novel MaxQuery and
QD loss are also evidently helpful for inlier segmentation
and (near-)OOD detection/localization, performing in prac-
tical scenarios. We believe that the proposed method has the
good potential to further boost the adoption of medical im-
age segmentation in designing various clinical applications.
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PUBLIC SUMMARY

= Prompt engineering affects large language models’ performance in Gl oncology.
= Prompts with templates and in-context learning enhance large language models' output.
= Multi-round interaction helps large language models to reach the best performance.

= Such performance meets the need of senior Gl oncologists for effective Al agents.
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Large Language Models' (LLMs) performance in healthcare can be signifi-
cantly impacted by prompt engineering. However, the area of study remains
relatively uncharted in gastrointestinal oncology until now. Our research
delves into this unexplored territory, investigating the efficacy of varied
prompting strategies, including simple prompts, templated prompts, in-
context learning (ICL), and multi-round iterative questioning, for optimizing
the performance of LLMs within a medical setting. We develop a compre-
hensive evaluation system to assess the performance of LLMs across
multiple dimensions. This robust evaluation system ensures a thorough
assessment of the LLMs' capabilities in the field of medicine. Our findings
suggest a positive relationship between the comprehensiveness of the
prompts and the LLMs' performance. Notably, the multi-round strategy,
which is characterized by iterative question-and-answer rounds, consis-
tently yields the best results. ICL, a strategy that capitalizes on interrelated
contextual learning, also displays significant promise, surpassing the
outcomes achieved with simpler prompts. The research underscores the
potential of advanced prompt engineering and iterative learning
approaches for boosting the applicability of LLMs in healthcare. We recom-
mend that additional research be conducted to refine these strategies and
investigate their potential integration, to truly harness the full potential of
LLMs in medical applications.

INTRODUCTION

Large Language Models (LLMs), exemplified by cutting-edge architectures
like GPT-4, have demonstrated considerable potential in transforming
healthcare delivery” and competency in medical examinations.” This influ-
ence is manifested across various healthcare sectors, including online patient
interaction,® preventive oncology,” neuropsychiatry,” dermatology,” and
aesthetic surgery consultation,'”"® underscoring their remarkable versatility.
However, the application of LLMs such as GPT-4 in digestive system cancer
treatment remains an underexplored area. The complexities inherent to this
field, from patient consultation, and diagnosis to treatment planning and
follow-up care, pose formidable challenges for LLMs. Additionally, the exist-
ing body of research”®’ primarily evaluates LLMs' responses to common
medical inquiries via rudimentary prompting, which may not fully leverage
their potential in medical settings. This highlights the need for a more
comprehensive assessment of GPT-4's capability to provide personalized
cancer treatment recommendations via sophisticated prompts.

To harness the full potential of LLMs, it is crucial to employ effective
prompt engineering.'*'® Prompt engineering, a process of creating, testing,
and optimizing input prompts, serves as a crucial tool in controlling and
enhancing interactions with LLMs. Various techniques such as in-context
learning, ' retrieval-augmented generation, ® chain-of-thought,'” and least-to-
most prompting'® have been shown to significantly improve the performance
of LLMs in tasks demanding logical thinking and reasoning. In-context learn-

ing offers models a few demonstrations before attempting a task, while
retrieval-augmented generation enhances this process by retrieving relevant
examples from a given database. Chain-of-thought prompting improves
LLMs' reasoning ability by directing them to generate a series of intermedi-
ate steps toward a solution, and least-to-most prompting dissects complex
problems into simpler sub-problems to be solved sequentially. Intuitively,
these techniques could effectively boost LLMs' performance in complex
medical tasks, including cancer treatment recommendations.

In this study, we aimed to unleash GPT-4's potential to provide personal-
ized digestive system cancer treatment plans through prompt engineering.
Inspired by the thinking, reasoning, and action processes of digestive oncolo-
gists, we initially conceived the iterative procedure of prompt engineering as a
method of amassing information regarding gastrointestinal tumors within a
distinct storage of knowledge and in turn, educating the LLM. However, these
knowledge repositories, when embedded in rudimentary prompts, are often
devoid of substantial content, thus limiting their potential to effectively guide
LLMs. Consequently, we established an empirically effective multi-step
prompt template consisting of: (i) declaring the role, this process involves
assigning a particular role to GPT-4 that emulates a real-world professional
or function; (i) stating the main task, this step essentially provides GPT-4
with a clear directive of what it is required to accomplish; (iii) declaring the
workflow, which we view as a generalized chain of thought that allows GPT-4
to approach problem-solving or deliver answers in an organized, step-by-
step manner; (iv) specifying constraints, it involves defining the boundaries
within which GPT-4 should operate. Then, we iteratively refined this template
to align GPT-4's responses with physicians' requirements and added
elements to generate comforting responses for patients. An experienced
oncology specialist subsequently interacted with GPT-4 over multiple rounds
to further guide and optimize the recommended treatment plans. Further-
more, motivated by the exemplar-based teaching approach in medicine, we
also assessed the impact of in-context learning by providing GPT-4 with
examples of ideal treatment suggestions through document retrieval. We
evaluated the performance of diverse prompt engineering strategies on 43
case reports, encompassing a wide range of digestive system cancer types,
utilizing a clinically standardized evaluation metric.

In summary, we are the first to conduct a comprehensive assessment of
prompt engineering on GPT-4's ability to provide personalized digestive
system cancer treatment recommendations, as per our comprehensive
search in the existing literature. We developed a sophisticated prompt
template to generate personalized cancer treatment plans that emphasize
patient comfort, which significantly outperforms rudimentary prompts and
offers valuable insights for prompt design in the medical domain. We evalu-
ated various prompt engineering strategies, including rudimentary prompts,
templated prompts, in-context learning, and multi-round interaction, using a
clinically standardized metric. Our results highlight the promise of prompt
engineering for medical applications of LLMs.
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Figure 1. An illustration showcasing the effects of various prompting strategies on Language Learning Models' (LLMs') performance, mediated by a 'storage of
knowledge' Simple prompts leave this storage empty, offering no enhancement for GI tumor decision-making. Conversely, templated prompts and ICL populate the storage with
role assumptions and case examples, respectively, helping to standardize LLMs' output, thus improving performance. The multi-round interaction strategy fills the storage with
the complete physician-LLM dialogue, potentially allowing more accurate comprehension and utilization of decision-assisting information.

MATERIALS AND METHODS
Materials

In this study, we propose an innovative methodology to augment the learn-
ing capability of LLMs by incorporating multifaceted prompt design and
dynamic training approaches. As shown in Figure 1, diverse prompt designs
can be perceived as varying modifications to the storage of knowledge,
encompassing manual alterations meticulously orchestrated based on Gl
tumor expertise, automatic modifications that explore the hospital's pre-
existing data for analogous cases as pedagogical instances for the LLM, and
dynamic modifications consistently interrogated and addressed during the
deployment of the consultation process. Consequently, the design of the
prompts was executed as follows: Initially, the models are subjected to a
more sophisticated introduction prompt, intricately crafted with complex
semantic and structural nuances, thereby priming the LLMs to comprehend
and respond to intricate queries. Furthermore, an advanced method of in-
context learning is introduced, encouraging the models to extract knowledge
and patterns from various contexts rather than individual sentences, foster-
ing a more comprehensive understanding of the text. To accommodate
evolving data patterns, we also incorporate online learning techniques,
enabling the LLMs to continually learn and adapt from real-time, dynamic
data. Lastly, we implement an iterative feedback loop through multi-round
question-and-answer sessions, reinforcing the model's ability to compre-
hend, retain, and apply information over successive interactions. This combi-
nation of sophisticated prompt architecture, in-context learning, online learn-
ing, and iterative interactions aims to substantially enhance the LLM's
predictive and interpretative capabilities, pushing the frontiers of Al language
understanding. We used publicly available medical licensing examination
cases, oncology residency and attending physician exam cases as text
source.

Templated prompts

Past studies have shown that a good use of different prompt
engineering, **’' as well as properly designed prompt templates” can signif-
icantly improve the problem-solving ability of large language models, and this
phenomenon was similarly observed in our study. As shown in Figure S1, we
developed our prompt template by adopting a four-pronged approach as
follows:

Declaring the role. Assigning a 'role’ or 'identity’ to large language models
is one of the commonly used techniques for interacting with these models.
Previous research” supports that this method can effectively guide what type
of output the models generate and what details they prioritize. In our study,
we assigned the role of a digestive oncology specialist to GPT-4, emphasiz-
ing its range of skills that included clinical diagnosis, treatment, and commu-
nication techniques. We found this strategy successfully influenced GPT-4's
behaviors, responses, and interaction styles to align with the expectations of
the role.

Stating the main task. This approach essentially provides GPT-4 with a
clear directive on what it is expected to accomplish. In our study, the primary
task of our model is to deliver detailed and accurate advice to patients with
digestive system cancers. This involves defining the central task that GPT-4
needs to perform. Given the context of our research, our model, acting as a
digestive oncology specialist, is tasked with generating personalized treat-
ment plans for digestive system cancer patients. By articulating the main
task, we direct GPT-4's focus, streamline its reasoning process, and enhance
its ability to produce task-specific, relevant, and actionable outputs. In addi-
tion, to enable GPT-4 to produce complex and contextually accurate
responses, we've included a wide range of scenarios and contexts, from
simple situations to the complexity of academic discourse in hospitals. We
also encourage GPT-4 to link different pieces of information together. This
approach aids GPT-4 in moving beyond simple pattern recognition, facilitat-
ing a deeper understanding when executing tasks.

Declaring the workflow. We have defined a comprehensive workflow in
the prompt templates, which includes case analysis, clinical examination,
scheduling examination, diagnosis and treatment, execution and adjustment
of treatment, and follow-ups. This is also the general workflow of a profes-
sional digestive oncology specialist. We believe this represents a generalized
chain of thought and many studies'”*’?"** have already demonstrated that
this approach can stimulate LLM's reasoning ability. We find this strategy
ensures that GPT-4's output is more consistent and logical, using a planned,
step-by-step approach to accomplish tasks, which is very similar to the
process a human expert uses to solve problems. By structuring GPT-4's
thinking in this way, we can effectively manage its output, improve overall
consistency, and reduce the likelihood of generating irrelevant or erroneous
information.
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Specifying constraints. In this process, we've incorporated certain
constraints into the prompt templates. We require GPT-4 not to make
responses when uncertain or additional information is needed, but rather, it
must first gather sufficient information. In addition, we require GPT-4 to
provide detailed and correct guidance for a specific case, as GPT-4 tends to
give general and non-specific answers that may not be wrong but lack speci-
ficity. This approach ensures that GPT-4 avoids generating responses that
are undesirable or beyond its scope, thereby enhancing its effectiveness and
minimizing potential deviations. We also advised GPT-4 to build a trusting
doctor-patient relationship in a warm, humorous manner rather than in a cold
and impersonal way when answering.

In-context learning

In this study, we introduce an automated in-context learning (ICL)
approach to refine GPT-4's capabilities, focusing on the integration of
doctors' habits and cognition. This method assimilates insights drawn from
analogous past cases and is comprised of three main components: firstly,
transposing past patient conditions into a designated embedding space;
secondly, gauging the similarity between the current condition and these
archived cases to identify its k-nearest counterparts; and finally, building in-
context learning prompts based on these identified cases. We provide a
detailed exposition of these three components in the following:

Encoding patient conditions using pre-trained chinese BERT model. A
pre-trained Chinese BERT model in Hugging Face (https://huggingface.
co/hfl/chinese-bert-wwm-ext), specifically the "hfl/chinese-bert-wwm-ext",
is utilized to translate patient conditions into a high-dimensional embedding
space (768 dimensions in this study), capturing the context of the condition
effectively. The BERT tokenizer is used to convert condition text into input
vectors, which are then fed into the BERT model. Operating in a no-gradient
update setting, the “pooler_output” from the model serves as the sentence
embedding for each patient condition.

Calculation of cosine similarity and identification of k-nearest neigh-
bors. Once the embeddings for all patient conditions have been computed,
we calculate the cosine similarity between them to derive a similarity score.
This metric provides a measure of the contextual similarity between different
patient conditions. Based on these similarity scores, we identify up to k-near-
est neighbors for each patient condition (with k being up to four depending on
the token limitation of GPT-4).

Generation of in-context learning prompts. For each patient condition,
we generate an enriched prompt that includes the top-k similar past cases
and the corresponding doctor's suggestions. To ensure consistency and
readability in these prompts, a pre-defined template is used: "As an experi-
enced clinician, your responsibilities include understanding and analyzing
patient information and chief complaints, [...]. Now, let's look at these exam-
ples: [..]. After analyzing these examples, here is a new patient: [...]. Please
give specific treatment plan suggestions based on the above examples and
relevant literature. (see Figures 4 & S6 for details).

Metrics

We have developed a unique set of metrics, drawing from those typically
used for evaluating clinicians' examinations, to quantitatively assess the
results generated by various methods. These metrics encompass six key
aspects:

1. Understanding medical history (0-20): This metric assesses how accu-
rately and comprehensively an LLM captures and interprets a patient's medi-
cal history. This includes consideration of the patient's previous diagnoses,
surgeries, hospitalizations, allergies, family history, lifestyle, and other rele-
vant information.

2. Diagnosis and differential diagnosis (0-20): This metric assesses the
ability of the LLM to accurately diagnose the patient's condition based on the
medical history. It includes both the primary diagnosis and any differential
diagnoses.

3. Further examination and reason (0-10): This metric evaluates the appro-
priateness of any additional examinations suggested by the LLM. It measures
not only whether the recommended examinations are suitable, but also if
they are justified based on the patient's condition and symptoms. The LLM

should also provide a clear rationale for why these additional examinations
are needed.

4. Principles and plans of treatment (0-20): This metric evaluates the LLM's
ability to propose a suitable treatment plan. The plan should be personalized
for the patient, taking into account factors like age, overall health, potential
side effects, and patient preferences.

B. Breadth and depth of results (0-20): This metric measures how compre-
hensively the LLM covers the scope of medical knowledge in its results
(breadth), as well as how much detail it provides (depth). Breadth refers to the
range of different topics or areas covered in the results, while depth refers to
the level of detail or complexity within those topics.

6. Thinking and expressing ability (0-10): This is a measure of how effec-
tively the LLM reasons and communicates its findings. Thinking refers to the
LLM's ability to logically process and interpret data, make connections, draw
conclusions, and anticipate potential outcomes. The expressing ability should
not only be clear and accurate but also demonstrate empathy in line with a
real clinician's interaction. This includes sensitivity to the patient's emotional
state, using comforting and supportive language, and showing understand-
ing and respect for the patient's experiences and concerns. By effectively
incorporating empathy, the LLM can build trust, encourage open communi-
cation, and provide emotional support in addition to addressing physical
health issues.

To gain a clearer understanding of performance based on the total scores,
we have defined the following expertise levels:

1. Level A (90-100 points): Top-level expertise, capable of independently
managing complex and rare cases, demonstrating exceptional skills and
professional knowledge.

2. Level B (80-89 points): Experienced level, capable of handling most
cases, but requires guidance for complex or rare cases.

3. Level C (70-79 points): Mid-level competence, capable of independently
addressing common cases, requires guidance for complex ones.

4. Level D (60-69 points): Junior level, capable of handling some common
cases, but requires close guidance for complex cases.

5. Level E (below 60 points): Initial training level, needs guidance from
experienced clinicians in all aspects.

RESULTS
Templated evaluation

Figures 2 & S2 provide a comparison between our designed prompting
template (Figure 2B) and the standard, direct prompting (Figure 2A) utilized
by GPT-4. The findings underscore that the designed template for role
assumption (Figure ST) can improve GPT-4to make more complex deci-
sions based on the patient's individual circumstances. In the provided exam-
ple, our designed prompting can prioritize the control of disease progression,
symptom relief, enhancement of life quality, and survival extension, instead of
merely pursuing a cure unconditionally. Moreover, the template manifests an
exceptional ability to interweave quality-of-life considerations within the
treatment strategies and provides comprehensive guidance (Figure S3). It
also underscores the significance of continuous patient assessment and the
pursuit of innovative, custom treatments (Figure S4). As opposed to direct
prompting, our designed prompting template possesses the ability to mimic
the intricate treatment ideation process, enhancing GPT-4's efficacy as a
therapeutic advisory tool when acting as a senior oncologist.

Multi-round evaluation

Figures 3 & S5 illustrate an interaction with GPT-4 for cancer treatment
advice. Initially, GPT-4 prematurely diagnosed the patient with late-stage
cancer and proposed a treatment plan. However, this was inappropriate,
given the necessity for a more accurate staging diagnosis for this patient. As
highlighted in Figure 3, the clinician directed GPT-4 to offer a detailed staging
diagnosis, subsequently pointing out its error. Following multiple question-
and-answer interactions with the clinician, GPT-4 acknowledged its mistake
and adjusted its response. It began by determining the cancer's stage, before
suggesting a specific treatment plan. This revised response is not only more
suitable for the patient but also provides her with hope. This multi-round
interaction demonstrates the learning capability of large language models like
GPT-4, highlighting their ability to quickly integrate human logical reasoning
within the context of intricate medical scenarios.
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A Direct prompting

r

()

\
Doctor

Male, 68 years old. The patient was found to have a gastric mass in an external hospital. Gastroscopy showed that at 41-47cm from the
incisors, there is an ulcerative tumor at the esophagogastric junction. Pathology: Esophagogastric junction. Biopsy: moderately differentiated
adenocarcinoma. Lauren classification: intestinal type. Immunohistochemical results: HER2(0) [HER2 positive control (3+), HER2 negative
control (0)]. CT: Thickening of the gastric wall, considered as Borrmann type 3 gastric cancer(cT4aN3a) ; Multiple filling defects in the splen-
ic vein and portal vein, suggesting tumor thrombus. The tumor markers are normal. Considering the patient's multiple portal vein tumor
thrombi, it is not suitable for clinical trial enrollment.

~
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This is the information of a patient. Please search for relevant literature and provide specific treatment plan recommendations, and explain
the reasons.

@ This prompt is summarized into “{Sex}, {Age}, {Disease description}, {Question}.” and will be referred to in other content.

portal vein, the patient is not suitable for clinical trial enroliment.

The treatment plan is as follows:

1. Chemotherapy: Considering the patient's condition, neoadjuvant chemotherapy can be administered to reduce tumor size, alleviate
symptoms, and increase the possibility of surgery. Common chemotherapy regimens include the FLOT regimen and the EOX regimen.

2. Surgery: If the tumor shrinks and the condition stabilizes after chemotherapy, the possibility of surgical removal can be evaluated.
Depending on the patient's specific situation, a gastric cancer radical operation (D2 or D1+ lymph node dissection) or palliative surgery
can be chosen.

3. Targeted therapy: For HER2-positive patients, HER2-targeted therapy drugs such as trastuzumab can be added during chemotherapy.

4. Supportive therapy: Nutritional support and symptomatic treatment.

. J

B Make role assumptions before prompting

( )

ﬂ {Role declaration}
-

{Definition of a Gastrointestinal Oncologist}

Based on the information provided, immunohistochemistry shows HER2 positive. Due to the presence of multiple tumor thrombi in the ﬁ

GPT4

Doctor
{Skills of a Gastrointestinal Oncologist}
{Work Process of a Gastrointestinal Oncologist}
{Specific Requirements and Rules for the Response}
@ {Sex}, {Age}, {Disease description}.
Based on the information you provided, the patient has been diagnosed with moderately differentiated adenocarcinoma of the esophagogas-
tric junction, with a pathological type of intestinal, HER2-negative. CT scans show the existence of tumor thrombus, which may suggest the ﬁ

disease is in the late stage. However, please note that a more detailed clinical data and expert evaluation are needed for a definite diagnosis.
For patients with advanced gastric cancer of this type, systemic chemotherapy is often the first choice, such as the FOLFOX regimen (fluoro-
uracil + cisplatin + oxaliplatin) or the SOX regimen (S-1 + oxaliplatin). Moreover, considering the HER2-negative pathological result, targeted
drugs like trastuzumab may not be applicable here. Additionally, if the disease is well-controlled, palliative surgery can be considered to allevi-
ate symptoms.

Regarding the tumor thrombus, we need to evaluate in detail whether there is a possibility for surgery or interventional treatment, or if antico-
agulant therapy is needed. If the tumor thrombus causes severe clinical symptoms, surgery or interventional treatment may be considered,
but this requires a comprehensive assessment of the patient's overall condition and other complications.

At the same time, it is also recommended to conduct relevant genetic testing, such as MLH1, MSH2, MSH6, PMS2, etc., because a family
history of cancer may be related to hereditary cancer syndromes.

This is a possible diagnosis and treatment plan based on the information | currently have. The actual treatment plan needs to be made based
on the patient's specific situation and a comprehensive assessment by the medical team. Please discuss these suggestions with your medi-
cal team to develop the most suitable treatment plan for the patient.

. J

GPT-4

Figure 2. Evaluation of prompting template design (A) Direct prompting. GPT-4 is directly provided with a patient's condition and asked to suggest a treatment plan. (B) The
proposed templated prompting (make role assumptions before prompting). GPT-4 is initially primed with a specifically designed role-embedded prompt, ensuring the Al under-
stands the task requirements and responsibilities. Subsequently, the patient's condition is provided, and GPT-4 is asked to suggest a treatment plan. Note that this figure is a
reduced version of Figure S2.

ICL evaluation various types of digestive system cancer treatments, with a notable differ-
As demonstrated in Tables 1-4, the performance of In-Context Learning  ence of 13.4 points in overall performance. Figures 4 & S6 provide an illustra-
(ICL) exceeded that of rudimentary prompting by a substantial margin across  tive comparison between in-context learning and rudimentary prompting.
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ﬂ‘, {Role assumption first}

Doctor Female, 76 years old. Poor appetite. Gastroscopy revealed a raised lesion with a concave surface at the cardia, extending to the gastric

fundus (Siewert Il type, adenocarcinoma), and coarse gastric mucosa consistent with Borrmann IV type gastric cancer presentation (ade-
nocarcinoma). Pathology report: a small amount of poorly differentiated cancer (gastric body), poorly differentiated adenocarcinoma;
Cmet(1+), EGFR(0), HER2(0), pMMR, pan-TRK(-), PD-L1 (CPS<1), EBER(-); (Cardia) moderately differentiated adenocarcinoma, intestinal
type; Cmet(2+), EGFR(1+), HER2(0), pMMR, pan-TRK(-), PD-L1 (CPS=10), EBER(-). Normal lab results, chest-abdominal-pelvic enhanced CT
showed diffuse thickening of the entire stomach, lymph node metastasis between the liver and stomach. Currently, the patient's food
intake has decreased, bowel movements are not abnormal, and she has lost about 5 kg in the past 2 months.
Based on the above information, the treatment plan should focus on alleviating symptoms and improving quality of life. Specific sugges- )
tions are as follows: ﬁ
1. Chemotherapy: Common chemotherapy regimens include FOLFOX, XELOX, SOX, etc. GPT4
2. Targeted Drugs: C-MET and EGFR are slightly positive, so targeted drugs against these two markers, such as crizotinib (a C-MET inhibi-
tor) and erlotinib (an EGFR inhibitor) can be considered.
3. Immunotherapy: Although the expression level of PD-L1 is low, immunotherapy checkpoint inhibitors like Keytruda (pembrolizumab) can
still be considered.
4. Palliative Care: This includes pain management, nutritional support, and psychosocial support.
5. Regular Follow-up: Regular gastroscopy review and chest, abdominal and pelvic CT scans are necessary.
” How do you analyze and determine the staging diagnosis and future prognosis for this patient?
Doctor
The staging of gastric cancer primarily refers to the American Joint Committee on Cancer (AJCC) TNM staging system, which assesses the E
depth of tumor invasion (T), the status of lymph node metastasis (N), and the condition of distant metastasis (M). According to the infor- %
mation you provided, the patient's gastric cancer has developed lymph node metastasis (LNM), indicating that the N part of the TNM stage GPT4
is at least N1 (1-2 regional lymph nodes metastasis) or higher. Simultaneously, the gastric cancer is Borrmann IV type, suggesting that the
tumor has extensively invaded the stomach wall, and in the TNM stage, the grading of the T part is usually T3 (tumor invades the serosa) or
T4 (tumor penetrates the serosa or directly invades adjacent structures). Based on this information, it can be preliminarily judged that the
patient is in at least stage IIl of gastric cancer (including T3N1MO0, T4aN1MO, T4bN1MO, etc.) or a higher stage.
” The patient's lymph node metastasis (LNM) between the liver and stomach could be classified as either N1 or N3, and a detailed interpre-
Dobtor tation of the lymph node metastasis is needed. Will there be a chance for surgery in the future? This will have a significant impact on future
treatment outcomes.
In terms of the resectability of the disease, the patient's lymph node metastasis between the liver and stomach (LNM) may affect surgical
decisions. The N stage in the TNM staging is at least N1 (1-2 regional lymph node metastases). In some cases, for locally advanced gastric ﬁ
cancer, even with lymph node metastasis, radical surgery (such as D2 gastrectomy) may be performed. This surgery can remove as many GPT4
lymph nodes as possible, but the risk of surgery is high, and the rate of postoperative complications and mortality is also relatively high,
especially in the elderly population. However, for advanced gastric cancer (such as the patient's Borrmann IV type gastric cancer), especial-
ly in cases accompanied by extensive lymph node metastasis or distant metastasis, surgery is usually not the first choice of treatment,
because surgery at this time cannot significantly improve prognosis and may instead bring greater risks and complications.
ﬂ Based on the above discussion, please provide a new recommendation for this patient.
Doctor
| suggest the following:
1. Detailed Staging: First, | suggest more detailed tumor staging. This may include PET-CT scanning to find any other unknown metastatic ﬁ
lesions. Additionally, for lymph node metastasis, we need to further clarify its extent in order to stage more accurately. GPT4

2. Peritoneal Metastasis Examination: Considering the possibility of common peritoneal metastasis in gastric cancer, | recommend laparo-
scopic examination for direct observation of the abdominal cavity and to obtain living tissues for pathological examination, to find any
potential hidden peritoneal metastasis.

3. Individualized Treatment Plan: Based on the detailed staging and peritoneal metastasis examination results, we can further discuss the
treatment plan. This may include chemotherapy, targeted therapy, and immunotherapy. Especially, immunotherapy might be tried consid-
ering her PD-L1(22C3)(CPS=10).

4. Nutrition and Symptom Management: Given her age and current condition (weight loss of about 5kg in the past 2 months, decreased
food intake), | recommend asking a dietitian for evaluation and management, and there may also need to be appropriate palliative treat-
ment for symptoms such as decreased appetite.

Figure 3. A Multi-round Interaction with GPT-4 for Gastric Cancer Treatment Advice Note that this figure is a reduced version of Figure S5.
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N

\
Doctor

Male, 59 years old. Visited the clinic due to abdominal pain after eating. Colonoscopy indicated a tumor 30cm from the hepatic flexure.
Pathology: Sigmoid colon: Moderately differentiated adenocarcinoma with mucinous adenocarcinoma. PET-CT: Considering colon cancer,

multiple metastatic lymph nodes in the abdominal pelvic cavity, peritoneum, and retroperitoneum, multiple liver metastases. Tumor mark-

ers: CEA 37.93, CA199 368.3, CA724 103.4, CA242 463.6. Recent weight loss of 8KG.

This is the information of a patient. Please search for relevant literature and provide specific treatment plan recommendations, and

explain the reasons.

@ This prompt is summarized into “{Target case}, {Question}.” and will be referred to in other content.

1. Chemotherapy: Common chemotherapy drugs include fluorouracil (5-FU), oxaliplatin, and irinotecan. Chemotherapy regimens can use
FOLFOX or FOLFIRI.

2. Targeted therapy: Based on the genetic testing results of the patient's tumor, you can consider using drugs that target specific targets for
treatment, such as EGFR inhibitors (such as Herceptin, cetuximab or panitumumab), VEGF inhibitors (such as bevacizumab) or other
applicable targeted therapy drugs.

3. Immunotherapy: PD-1/PD-L1 inhibitors (like pembrolizumab or nivolumab) may be effective for some patients. The applicability of immu-
notherapy needs to be determined based on the patient's tumor microsatellite instability (MSI) or PD-L1 expression.

4. Supportive care: During treatment, the patient may need hydration, nutritional support, pain relief, and antibiotic treatment, among other
supportive care.

5. Follow-up and monitoring: During treatment, tumor markers should be monitored regularly to assess the effectiveness of the treatment.

GPT4

J

B In-context learning prompting

\_

As an experienced clinical physician, your responsibilities include understanding and analyzing patient information and chief complaints,
then based on previous cases and the treatment inspection suggestions of real doctors in those cases, give professional treatment

inspection suggestions in a similar style. You need to be professional, careful, and thoughtful, and your answer must be based on existing

medical knowledge and consider the patient's personal situation and needs. Now, let's look at these examples:
Case 1: {Case description 1}

Doctor’s suggestion: {Doctor’s suggestion 1}

Case 2: {Case description 2}

Doctor’s suggestion: {Doctor’s suggestion 2}

After analyzing these examples, here is a new patient: [Target Case in Panel A]. Please give specific treatment plan suggestions based

on the above examples and relevant literature.

Based on the information you provided, | suggest the following treatment plan:

. Complete gene testing, including KRAS/NRAS/BRAF gene testing, as well as immunohistochemistry of MLH1/PMS2/MSH2/MSH®6 to clari-

fy the molecular characteristics of the tumor. If it is dMMR/MS], it is recommended to treat with PD1 monotherapy + CTLA4 monotherapy.

Choose the appropriate chemotherapy plan based on the results of gene testing. If it is a KRAS/NRAS/BRAF wild type, consider the FOLFI-

RI scheme combined with targeted therapy (such as cetuximab or bevacizumab). If the gene testing results show mutations, select the

FOLFIRI scheme or other suitable chemotherapy plans.

. Strengthen nutritional support in conjunction with the patient's recent weight loss, to improve the patient's nutritional status.

Regularly review tumor markers and imaging examinations (such as CT or MRI of the peritoneum, retroperitoneal lymph nodes, and liver)

to assess the treatment effect.

. Based on the treatment effect and the patient's physical condition, assess the possibility of local treatment, such as surgery, ablation, or
radiation therapy.

. If conditions permit, consider participating in clinical research to obtain more treatment opportunities.

Pay attention to observe the patient's symptoms and side effects, and conduct symptomatic treatment accordingly.
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Figure 4. Utilizing GPT-4 to Suggest Oncological Treatment Regimens with Distinct Prompting Techniques (A) Direct prompting and (B) In-Context Learning (ICL) prompting.

Note that GPT-4 was not provided with the designed prompt, as our objective was to exclusively evaluate the performance of ICL. Note that this figure is a reduced version of

Figure S6.

Panel A portrays a clinical scenario in which a patient is diagnosed with rectal
cancer and is accompanied by a naive prompt for generating treatment strat-
egy recommendations. In contrast, Panel B highlights the implementation of
in-context learning, where GPT-4 is provided with two comparable patient
cases, each accompanied by treatment suggestions endorsed by an experi-

enced oncologist. Through in-context learning, GPT-4 successfully absorbed
the treatment approach and reasoning process utilized by physicians, lead-
ing to the generation of personalized and targeted treatment plans, as
opposed to general guideline recommendations offered through rudimentary
prompts. Furthermore, ICL emphasized clinically critical aspects such as clin-
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ical research and potential side effects, thus enhancing the overall quality and
relevance of the generated treatment recommendations.

Overall evaluation

Tables 1-4 provided the performance evaluation of different prompt engi-
neering strategies-Simple, Templated, ICL, and Multi (Multiple Rounds)-on
several aspects of understanding and knowledge organization across differ-
ent disease conditions (Overall, Gastric Cancer, Colorectal Cancer, Other Gl

Table 1. Overall performance in all Gl cancers

cancers). Broadly, the tables show a general trend of increased performance
as we move from the Simple strategy to the Multi-strategy, but templated
prompts and ICL show similar performance. The mean scores for all aspects
improve noticeably as the complexity of the prompts increases as shown in
Table S1.

A few specific observations can be highlighted. First, ‘Understanding Medi-
cal History' consistently receives full marks in the Multi-strategy, underscor-
ing the effectiveness of iterative questioning in gathering comprehensive

Metrics Simple Templated ICL Multi-round
Understanding Medical History (0-20) 19.14£2.5 19.940.8 20.00.0 20.00.0
Diagnosis and Differential Diagnosis (0-20) 18.3+3.4 19.4+2.2 19.441.9 19.940.8
Further Examination and Reason (0-10) 6.623.8 8.8+2.6 9.0+2.5 9.8+1.1
Principles and Plans of Treatment (0-20) 10.8%4.0 14.0£3.3 14.2+4.7 16.543.2
Breadth and Depth of Results (0-20) 11.4+2.2 14.2+2.1 14.3+1.7 15.241.5
Thinking and Expressing Ability (0-10) 5.312.0 8.1¥2.4 8.0x2.7 9.8+1.1
Total Score (0-100) 71.5£11.2 84.4+7.5 84.9+10.0 91.2+4.0
Table 2. Overall performance in gastric cancer
Metrics Simple Templated ICL Multi-round
Understanding Medical History (0-20) 18.1+3.3 19.8+1.1 20.040.0 20.040.0
Diagnosis and Differential Diagnosis (0-20) 16.4+4.1 18.8+3.0 18.8+2.6 19.8+1.1
Further Examination and Reason (0-10) 5.543.7 8.812.6 8.842.6 9.5+1.5
Principles and Plans of Treatment (0-20) 9.8+4.2 13.6+3.8 14.3+4.7 16.4+3.8
Breadth and Depth of Results (0-20) 11.0£2.0 15.0£1.5 14.5+1.5 15.7+1.7
Thinking and Expressing Ability (0-10) 5.0£1.5 9.0£2.0 8.6+2.3 9.5¢1.5
Total Score (0-100) 65.7£10.6 85.07.7 85.0+10.9 91.05.0
Table 3. Overall performance in colorectal cancer
Metrics Simple Templated ICL Multi-round
Understanding Medical History (0-20) 20.0£0.0 20.0£0.0 20.0£0.0 20.0£0.0
Diagnosis and Differential Diagnosis (0-20) 20.0£0.0 20.00.0 20.00.0 20.00.0
Further Examination and Reason (0-10) 7.3+3.3 9.1+£1.9 9.1+£1.9 10.0+0.0
Principles and Plans of Treatment (0-20) 10.5+4.0 13.63.1 12.315.8 17.3t2.5
Breadth and Depth of Results (0-20) 11.4+2.2 14.1£1.9 14.1£1.9 15.0+0.0
Thinking and Expressing Ability (0-10) 4.5+1.4 7.3+2.5 6.8+3.2 10.0+0.0
Total Score (0-100) 73.616.4 84.146.3 82.3+10.7 92.3+2.5
Table 4. Overall performance in other Gl cancer
Metrics Simple Templated ICL Multi-round
Understanding Medical History (0-20) 19.441.6 20.010.0 20.010.0 20.010.0
Diagnosis and Differential Diagnosis (0-20) 19.4+1.6 20.0£0.0 20.0£0.0 20.0£0.0
Further Examination and Reason (0-10) 7.6£3.9 9.1+2.6 9.4+2.4 10.0+0.0
Principles and Plans of Treatment (0-20) 11.2+4.0 14.7+3.2 15.6+3.4 15.643.4
Breadth and Depth of Results (0-20) 11.5%2.3 13.56¢2.3 14.1£1.9 14.7+1.2
Thinking and Expressing Ability (0-10) 5.912.6 7.9t2.5 8.5+2.3 10.0+0.0
Total Score (0-100) 75.0£11.6 85.3%7.8 87.6%7.1 90.3+3.6

8 The Innovation Medicine 1(2): 100019, September 21, 2023

www.the-innovation.org/medicine


https://www.the-innovation.org/medicine
https://www.the-innovation.org/medicine
https://www.the-innovation.org/medicine

information. Second, in the context of 'Principles and Plans of Treatment', the
marked improvement along the four types of prompts indicates the impor-
tance of diverse and complex prompts in formulating an effective treatment
plan. The total scores also follow the same trend, with the Multi-strategy
achieving the highest scores across all disease conditions consistently.
These results provide strong evidence supporting the effectiveness of
employing various prompt engineering strategies, as well as iterative ques-
tioning, in enhancing the performance of GPT-4 in medical contexts.
However, the exact impact and effectiveness may vary depending on the
specific disease condition, necessitating further nuanced analysis.

DISCUSSION

To the best of our knowledge, it is evident that our research is pioneering in
exploring the technigues to optimize LLMs specifically for the recommenda-
tion of treatments for gastrointestinal cancers. In contrast to studies that
solely use simple prompts,”*® our research assessed a series of prompt engi-
neering strategies including simple prompts, templated prompts, ICL, and
multi-round interaction. Our results demonstrate that complex prompting
approaches, especially multi-round interaction, are capable of accruing suffi-
cient diagnostic and therapeutic information pertinent to a specific case. This
approach facilitates the rational and efficient expansion of the storage of
knowledge, thereby substantially enhancing model performance in collecting
medical histories, forming accurate diagnoses, and recommending effective
treatments for digestive cancers. The iterative nature of multi-round interac-
tion consistently yielded the highest scores across evaluation metrics, high-
lighting its reliability and broad applicability. Our study also necessitates
further exploration. Firstly, our adopted metric, based on clinicians' examina-
tions, retains some degree of subjectivity. This accentuates the necessity for
a more objective clinical evaluation method. We are currently collaborating
with statisticians to devise novel evaluation tools to measure model perfor-
mance more accurately and objectively. Moreover, our investigation was
solely focused on tumors in the digestive system, indicating that future
research could extend the application of LLMs to other types of cancers.
Additionally, our primary clinical scenario was set in China, with the study
conducted in Chinese before being translated into English using GPT-4.
Although GPT-4 exhibits robust cross-language performance’, the influence
of the selected language on performance deserves further study. Moreover,
we have conducted preliminary assessments of various LLMs including GPT-
4, Claude, ChatGLM, Wenxin Yiyan, and PaLM. Our findings indicate that GPT-
4 exhibits superior underlying capabilities compared to its counterparts, lead-
ing us to select it as a representative of LLMs. Nevertheless, a comprehen-
sive examination of the diverse and continually evolving LLMs is still an
imperative area of future research. Last but not least, it is crucial to note that
the data used to train GPT-4 predominantly originates from sources outside
of China. However, due to variations in clinical guidelines, available medical
technologies, perceptions of risk and benefit by patients and physicians, as
well as disease prevalence trends in different regions, treatment approaches
for gastrointestinal cancers can significantly differ across various regions.
Subsequently, the outputs generated by GPT-4 may not entirely apply to
Chinese patients. This particular aspect could potentially impact the evalua-
tion scores during our comparative experiments of different prompt engi-
neering strategies. To mitigate this potential issue, fine-tuning the LLMs with
data specifically sourced from China could provide a more appropriate
approach.

Recognizing the constraints and potential biases of LLMSs is essential for
their responsible and ethical application. One major concern is that LLMs
gather knowledge from vast amounts of internet data that may contain inher-
ent biases or inaccuracies. To mitigate potential bias and increase the relia-
bility of our results, we employed a method of inter-rater reliability where
each output from the model was independently evaluated by two separate
individuals. Their evaluations were then compared and reconciled, ensuring a
more objective and balanced assessment of the model's performance. Data
privacy and security must be underscored when providing medical records to
online LLMs. Thus, we have implemented stringent data protection
measures, ensuring all patient data is anonymized and encrypted to protect
privacy. Furthermore, the inadequate judgment and critical thinking skills of
LLMs when interpreting medical records limit their performance in highly
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specialized tasks. To address this, we've fostered close collaboration with
expert clinicians and used prompt engineering to assist the model in under-
standing and handling complex medical information. We envision LLMs not
as replacements for healthcare professionals, but rather as effective aid for
clinical decision-making when properly guided. Future technological
advancements, such as parameter-efficient fine-tuning for specialized tasks
and the use of vectorized databases, may further contribute to solving these
issues, offering better solutions for data security and private model deploy-
ment.

As we move forward, our findings open up avenues to further refine prompt
engineering techniques to optimize LLMs for analyzing patient data and
medical literature to recommend evidence-based treatments for digestive
system cancers. We aim to explore how different prompts impact the
model's ability to accurately recommend optimal interventions based on
tumor characteristics and patient factors. For instance, certain prompts may
enhance the model's capacity to suggest appropriate surgical procedures
depending on tumor size, location, and staging. Other prompts could opti-
mize the recommendation of systemic therapies like chemotherapy regi-
mens and radiation therapy protocols tailored to the individual's medical
history and cancer biomarkers. Advances in prompt engineering to account
for all relevant clinical variables could enable the generation of more person-
alized and effective treatment plans for each unique patient case. However,
more research is still urgently needed to ensure patient safety, avoid biases,
and enable reliable interpretation of model outputs before these systems are
ready for real-world clinical implementation. We must rigorously test prompts
to identify any that skew recommendations in inappropriate or unsafe ways.
Transparent reporting of model limitations and close collaboration with medi-
cal experts will be critical to responsible prompt engineering. While our results
demonstrate immense promise for LLMs to enhance evidence-based deci-
sion support, translating these tools into practice will require thoughtful and
ethical design paired with extensive validation to evolve prompt engineering
strategies that provide trustworthy guidance without ever replacing human
clinical judgment. Overall, steering LLMs through carefully crafted prompts
shows great potential to augment clinicians' abilities to optimize and person-
alize treatment plans, propelling more effective cancer care. But as this tech-
nology continues maturing, maintaining patient well-being through rigorous
prompt optimization and evaluation remains imperative.

CONCLUSION

This study has underscored the potential and challenges associated with
the application of prompt engineering techniques to large language models
(LLMSs) in the field of clinical oncology. Through careful crafting of simple,
templated prompts and more complex strategies, like in-context learning
(ICL) and multi-round interaction, we have seen promising capabilities of
these models in processing and interpreting intricate medical data related to
gastrointestinal cancers. This can substantially support healthcare profes-
sionals in making decisions about recommended treatments. However, it is
crucial to continuously address the inherent limitations of these models,
including potential biases, data privacy concerns, and their specific interpre-
tative limitations in this clinical context. Although complex prompts, espe-
cially those allowing for iterative questioning, have shown great promise in
optimizing the performance of LLMs, it's evident that further investigations
are needed to refine these strategies and explore their potential integrations.
As our study was conducted in a clearly defined and constrained environ-
ment to ensure consistency, further exploration in diverse settings is
warranted to fully exploit the potential of LLMs in healthcare scenarios.

REFERENCES

1. OpenAl, R. (2023). GPT-4
10.48550/arXiv.2303.08774

2. Lee, P, Bubeck, S., and Petro, J. (2023). Benefits, limits, and risks of GPT-4 as an Al
chatbot for medicine. N. Engl. J. Med. 388 1233-1239. DOI: 10.1056/
NEJMsr2214184

3. Lee, P., Goldberg, C., and Kohane, I. (2023). The Al revolution in medicine: GPT-4 and
beyond (Pearson Education, Limited)

4. Xu, Y., Liu, X, Cao, X, et al. (2021). Artificial intelligence: A powerful paradigm for
scientific research. The Innovation 2: 100179. DOI: 10.1016/j.xinn.2021.100179.

5. Nori, H., King, N., McKinney, SM,, et al. (2023). Capabilities of GPT-4 on medical

technical  report. arXiv 2303.08774. DOI

SUIDIPa\ UolPAOUU| 3Y |

J—

The Innovation Medicine 1(2): 100019, September 21, 2023 9



https://doi.org/10.1056/NEJMsr2214184
https://doi.org/10.1056/NEJMsr2214184
https://doi.org/10.1016/j.xinn.2021.100179

www.the-innovation.org/medicine

ARTICLE

20.

21.

22.

challenge problems. arXiv arXiv:2303.13375. DOl

10.48550/arXiv.2303.13375.

preprint

. Ayers, JW., Poliak, A, Dredze, M., et al. (2023). Comparing physician and artificial

intelligence chatbot responses to patient questions posted to a public social media
forum. JAMA Intern. Med. 183: 589-596. DOI: 10.1001/jamainternmed.2023.1838.

. Haver, H.L., Ambinder, E.B., Bahl, M., et al. (2023). Appropriateness of breast cancer

prevention and screening recommendations provided by ChatGPT. Radiology 307:
€230424. DOI: 10.1148/radiol.230424.

. Zhu, L., Mou, W., and Chen, R. (2023). Can the ChatGPT and other large language

models with internet-connected database solve the questions and concerns of
patient with prostate cancer and help democratize medical knowledge? J. Transl.
Med. 21: 1-4. DOI: 10.1186/s12967-022-03835-4.

. Uprety, D., Zhu, D., and West, H.J. (2023). ChatGPT-a promising generative Al tool and

its implications for cancer care. Cancer 129: 2284-2289. DOI: 10.1002/cncr.34827.

. Zhong, Y., Chen, Y.J., Zhou, Y., et al. (2023). The artificial intelligence large language

models and neuropsychiatry practice and research ethic. Asian J. Psychiatr. 84:
103577.DO0I: 10.1016/}.ajp.2023.103577.

. Young, J.N. Ross, O.H., Poplausky, D. et al. (2023). The utility of ChatGPT in

generating patient-facing and clinical responses for melanoma. J. Am. Acad.
Dermatol. 89: 602-604. DOI: 10.1016/j jaad.2023.05.024.

. Xie, Y., Seth, I, Hunter-Smith, D.J., et al. (2023). Aesthetic surgery advice and

counseling from artificial intelligence: a rhinoplasty consultation with ChatGPT. Aesth.
Plast. Surg. 47: 1985-1993. DOI: 10.1007/s00266-023-03338-7.

. Buzzaccarini, G., Degliuomini, R.S., and Borin, M. (2023). The artificial intelligence

application in aesthetic medicine: How ChatGPT can revolutionize the aesthetic
world. Aesth. Plast. Surg. 47: 2211-2212. DOI: 10.1007/s00266-023-03416-w.

. Radford, A, Wu, J.,, Child, R, et al. (2019). Language models are unsupervised

multitask learners. OpenAl blog 1: 9. https://cdn.openai.com/better-language-
models/language_models_are_unsupervised_multitask_learners.pdf.

. Brown, T,, Mann, B,, Ryder, N., et al. (2020). Language models are few-shot learners.

NeurlPS 33: 1877-1901. DOI: 10.48550/arXiv.2005.14165.

. Lewis, P., Perez, E, Piktus, A, et al. (2020). Retrieval-augmented generation for

knowledge-intensive NLP tasks. NeurlPS 33: 9459-9474. DOI: 10.48550/arXiv.2005.
11401.

. Wei, J., Wang, X, Schuurmans, D., et al. (2022). Chain-of-thought prompting elicits

reasoning in large language models. NeurlPS 35: 24824-24837. DOI: 10.48550/arXiv.
2201.11903.

. Zhou, D., Scharli, N., Hou, L., et al. (2022). Least-to-most prompting enables complex

reasoning in large language models.
10.48550/arXiv.2205.10625.

arXiv preprint arXiv:2205.10625. DOI:

. Yao, S, Yu, D., Zhao, J., et al. (2023). Tree of thoughts: Deliberate problem solving with

large language models. arXiv arXiv:2305.10601. DOI:
10.48550/arXiv.2305.10601.

Fu, Y., Peng, H., Sabharwal, A, et al. (2022). Complexity-based prompting for multi-
step reasoning. arXiv preprint arXiv:2210.00720. DOI: 10.48550/arXiv.2210.00720.
Khot, T., Trivedi, H., Finlayson, M., et al. (2022). Decomposed prompting: A modular
approach for solving complex tasks. arXiv preprint arXiv:2210.02406. DOI:
10.48550/arXiv.2210.02406.

White, J., Fu, Q,, Hays, S, et al. (2023). A prompt pattern catalog to enhance prompt

preprint

engineering  with  ChatGPT.  arXiv arXivi2302.11382. DOl
10.48550/arXiv.2302.11382.

23. Suzgun, M., Scales, N., Scharli, N,, et al. (2022). Challenging big-bench tasks and
whether chain-of-thought can solve them. arXiv preprint arXiv:2210.09261. DOI:

10.48550/arXiv.2210.09261.

preprint

FUNDING AND ACKNOWLEDGMENTS

This work was supported by the National Natural Science Foundation of China
(91959205 to L.S., U22A20327 to L.S., 82203881 to Y.C., 82272627 to XT.Z, 7232018 to
Y.S.,, 12090022 to B.D., 11831002 to B.D., 81801778 to L.Z), Beijing Natural Science
Foundation (7222021 to Y.C, Z200015 to XT.Z.), Beijing Hospitals Authority Youth
Programme (QML20231115 to Y.C.), Clinical Medicine Plus X-Young Scholars Project of
Peking University (PKU2023LCXQ041 to Y.C. and L.Z.). Guangdong Provincial Key Labo-
ratory of Precision Medicine for Gastrointestinal Cancer (2020B121201004). The funders
had no role in study design, data collection and analysis, decision to publish or prepara-
tion of the manuscript.

AUTHOR CONTRIBUTIONS

J.Yuan, P. Bao, Z. Chen, M. Yuan, and J. Pan contributed to data analysis and inter-
pretation, and drafted the manuscript. J. Zhao, Y. Xie, Y. Cao, Y. Wang, Z. Wang, Z. Lu, X.
Zhang, J Li and L. Ma performed the sample preparation. Y. Chen, L. Zhang, L. Shen, and
B. Dong planned the study and participated in manuscript revision. All authors have given
final approval for themanuscript to be published and have agreed to be responsible for all
aspects of the manuscript.

DECLARATION OF INTERESTS
The authors declare no competing interests.

ETHICAL STATEMENT AND PATIENT CONSENT
Not applicable.

DATA AND CODE AVAILABILITY

A pre-trained Chinese BERT model in Hugging Face (https//huggingface.
co/hfl/chinese-bert-wwm-ext), specifically the "hfl/chinese-bert-wwm-ext", is utilized to
translate patient conditions into a high-dimensional embedding space (768 dimensions
in this study), capturing the context of the condition effectively.

SUPPLEMENTAL INFORMATION
It can be found online at https://doi.org/10.59717/j.xinn-med.2023.1700019

LEAD CONTACT WEBSITE
http://faculty.bicmr.pku.edu.cn/~dongbin/

10

The Innovation Medicine 1(2): 100019, September 21, 2023

www.the-innovation.org/medicine


https://doi.org/10.1001/jamainternmed.2023.1838
https://doi.org/10.1148/radiol.230424
https://doi.org/10.1186/s12967-022-03835-4
https://doi.org/10.1186/s12967-022-03835-4
https://doi.org/10.1186/s12967-022-03835-4
https://doi.org/10.1186/s12967-022-03835-4
https://doi.org/10.1186/s12967-022-03835-4
https://doi.org/10.1186/s12967-022-03835-4
https://doi.org/10.1186/s12967-022-03835-4
https://doi.org/10.1002/cncr.34827
https://doi.org/10.1016/j.ajp.2023.103577
https://doi.org/10.48550/arXiv.2005.14165
https://doi.org/10.48550/arXiv.2005.11401
https://doi.org/10.48550/arXiv.2005.11401
https://doi.org/10.48550/arXiv.2201.11903
https://doi.org/10.48550/arXiv.2201.11903
https://huggingface. co/hfl/chinese-bert-wwm-ext
https://huggingface. co/hfl/chinese-bert-wwm-ext
https://huggingface. co/hfl/chinese-bert-wwm-ext
https://huggingface. co/hfl/chinese-bert-wwm-ext
https://huggingface. co/hfl/chinese-bert-wwm-ext
https://huggingface. co/hfl/chinese-bert-wwm-ext
https://huggingface. co/hfl/chinese-bert-wwm-ext
https://huggingface. co/hfl/chinese-bert-wwm-ext
https://doi.org/10.59717/j.xinn-med.2023.100019
https://doi.org/10.59717/j.xinn-med.2023.100019
https://doi.org/10.59717/j.xinn-med.2023.100019
http://faculty.bicmr.pku.edu.cn/~dongbin/
https://www.the-innovation.org/medicine
https://www.the-innovation.org/medicine
https://www.the-innovation.org/medicine

Proceedings of the Thirty-First International Joint Conference on Artificial Intelligence (IJCAI-22)

Region-Aware Metric Learning for Open World Semantic Segmentation via
Meta-Channel Aggregation

Hexin Dong'*, Zifan Chen'*, Mingze Yuan', Yutong Xie', Jie Zhao'?, Fei Yu',
Bin Dong*?? and Li Zhang'?
Center for Data Science, Peking University, Beijing, China
“National Biomedical Imaging Center, Peking University, Beijing, China
3Center for Machine Learning Research, Peking University, Beijing, China
“Beijing International Center for Mathematical Research (BICMR), Peking University, Beijing, China

Abstract

As one of the most challenging and practical seg-
mentation tasks, open-world semantic segmenta-
tion requires the model to segment the anomaly
regions in the images and incrementally learn
to segment out-of-distribution (OOD) objects, es-
pecially under a few-shot condition. The cur-
rent state-of-the-art (SOTA) method, Deep Met-
ric Learning Network (DMLNet), relies on pixel-
level metric learning, with which the identifica-
tion of similar regions having different semantics
is difficult. Therefore, we propose a method called
region-aware metric learning (RAML), which first
separates the regions of the images and gener-
ates region-aware features for further metric learn-
ing. RAML improves the integrity of the seg-
mented anomaly regions. Moreover, we propose
a novel meta-channel aggregation (MCA) mod-
ule to further separate anomaly regions, forming
high-quality sub-region candidates and thereby im-
proving the model performance for OOD objects.
To evaluate the proposed RAML, we have con-
ducted extensive experiments and ablation studies
on Lost And Found and Road Anomaly datasets for
anomaly segmentation and the CityScapes dataset
for incremental few-shot learning. The results
show that the proposed RAML achieves SOTA per-
formance in both stages of open world segmen-
tation. Our code and appendix are available at
https://github.com/czifan/RAML.

1 Introduction

The breakthrough of deep learning in many fields of computer
vision is based on the closed set assumption, which means
that all classes in the test should be covered in the training
set. However, this assumption rarely holds in the open world.
Since most computer vision applications have to deal with
unknown classes, models, especially the deep models, must

* Equal contribution.
fCorrespondence to Li Zhang: zhangli_pku@pku.edu.cn
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(b) Proposed region-aware method

Figure 1: Main idea of our proposed method. (a) Existing methods
focus on pixel-level which may result in fine-grained segmentation
errors. (b) Our proposed Region-Aware Metric Learning (RAML)
method maintains the semantic integrity of the OOD objects.

handle the out-of-distribution (OOD) data. Quite a number
of work for image recognition and classification in the open
world has been proposed since the first introduction of the
concept “open world” in [Bendale and Boult, 2015]. How-
ever, the work about open world segmentation is scarce. It is
not until recently that [Cen et al., 2021] proposes a two-step
framework to achieve open world semantic segmentation.
The framework consists of (1) an anomaly segmentation
module that extends the close-set model of in-distribution ob-
jects to delineate the unknown regions of the OOD objects
correctly, and (2) an incremental few-shot learning module
that separates the unknown regions into OOD objects with
novel classes. They also introduce metric learning into both
stages of open world segmentation, and the results prove that
their proposed criteria of metric learning can improve the
model’s segmentation of OOD objects.

Although this pilot work provides a good framework for
open world segmentation tasks, the model can be improved in
two aspects for better performance. First, the metric learning
in [Cen et al., 2021] relies on the pixel-wise feature embed-
dings, which may falsely split the object into pieces and re-
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sult in numerous fine-grained segmentation errors. For exam-
ple, as shown in Figure 1, the bus wheels and the car wheels
have similar feature embeddings and are highly likely to be
classified into one group according to the pixel-wise feature
embeddings, but they apparently belong to different classes
in semantic segmentation. To solve this kind of problems,
we propose region-aware metric learning (RAML) for open
world segmentation, which significantly outperforms pixel-
wise metric learning (PML) in multiple experiments.

Moreover, we improve the model performance, especially
for the incremental few-shot learning stage, by introducing
a novel region separation module named meta-channel ag-
gregation (MCA). MCA first aims at over-segmenting the un-
known regions into several meta channels. Regions belonging
to different meta channels are aggregated to form a segmen-
tation of the objects and then evaluated by the Region-aware
Metric Learning module.

In addition, [Cen et al., 2021] sets a fixed center embed-
ding for each in-distribution class, i.e., a one-hot vector in
the feature space. Although the fixed center embedding can
effectively create a distance between the distribution of dif-
ferent classes, it ignores the relative similarity between them.
For example, in the Cityscapes dataset, the method fails to
reveal that the difference between person and rider is smaller
than the difference between either of them and sky. This paper
aims to overcome the drawback by exploiting a more natural
metric learning to constrain the distance between the inter-
class region-aware features. Specifically, we replace the one-
hot setting in [Cen ef al., 2021] with Circleloss [Sun er al.,
2020] as the objective of the metric learning, which not only
maintains a fine inter-class distance but also shapes the intra-
class distribution more concentrated. Experiments show that
such division of the feature space is more conducive to seg-
menting the OOD data.

In summary, we propose a region-aware metric learning
method for open world semantic segmentation. Our contribu-
tions are as follows:

* We propose using the region-aware over pixel-wise fea-
tures for open world semantic segmentation to ensure
better semantic integrity of the segmented OOD objects.

* We introduce the MCA module as a novel region sepa-
ration method that suits incremental few-shot learning.

* We adopt Circleloss [Sun ef al., 2020] to enlarge the
inter-class distance and reduce the intra-class distance
of the data samples, improving the performance of the
RAML module.

2 Related Work

2.1 Region-aware Semantic Segmentation

The ideas of how to apply regional information to improve se-
mantic segmentation have been discussed by many research
groups recently, including two main threads. First, several
works have shown that region-aware information has bet-
ter contextual representation than pixel-level information to
achieve pixel labeling [Yuan et al., 2020]. Secondly, for im-
age segmentation tasks, region-aware information can be bet-
ter combined with metric or contrastive learning to manip-
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ulate the feature space more effectively [Wang et al., 2021;
Hu et al., 2021]. These ideas inspire our paper, but the above
works require a sufficient number of training samples to ob-
tain the reasonable region-aware feature representation, while
our work is in an open world setting that can only access a
few images with unseen class labels. Therefore, we have to
design novel region-separation modules (such as MCA) that
fit the open world segmentation tasks.

2.2 Anomaly Segmentation

There are two types of approaches for anomaly segmentation,
including uncertainty-based methods and generative model-
based methods. Uncertainty refers to the level of not be-
longing to known classes, widely used to determine abnormal
states. The baseline of uncertainty-based methods is maxi-
mum softmax probability (MSP) reported by [Hendrycks and
Gimpel, 2017]. [Hendrycks et al., 2019] then improves MSP
using maximum logit (MaxLogit) for better performance on
large-scale datasets. Other uncertainty-based methods in-
clude using Bayesian neural networks [Gal and Ghahramani,
2016] and maximizing the entropy of OOD objects in the
images [Chan et al., 2021]. On the other hand, generative
model-based methods also perform well, including autoen-
coder (AE) [Baur et al., 2018] and GAN-based methods [Xia
et al., 2020]. However, generative models suffer from unsta-
ble training and usually have complex network backbones.
In this work, we follow the idea of MaxLogit and develop
our anomaly segmentation based on non-normalized logit.

2.3 Open World Problem

[Bendale and Boult, 2015] is the first research that gives
the formal definition of “open world”, i.e., an open world
model must incrementally learn and extend its generality,
thereby making the objects with novel classes “known” to it-
self. Since then, the research on open world problems has in-
creased, including classification [Zhong et al., 20211, object
detection [Joseph er al., 2021], instance segmentation [Saito
et al., 2021], among others. However, it is not until recently
that [Cen et al., 2021] proposes the first framework of open
world semantic segmentation. Our work follows the settings
in [Cen et al., 2021] and divides the problem into anomaly
segmentation and incremental few-shot learning. However, to
ensure semantic integrity and improve the segmentation per-
formance, we use region-aware feature embedding instead of
pixel-wise feature extraction in their original method.

2.4 Metric Learning

Deep metric learning constrains the distance between feature
embedding of learning samples to manipulate the feature dis-
tribution. Its applications are seen in various computer vision
tasks, such as open set recognition [Chen et al., 2020], few-
shot learning [Oreshkin et al., 2018] and open world semantic
segmentation [Cen et al., 2021]. Classic metric learning in-
cludes two paradigms. The first is to learn with pair-wise la-
bels, under the guidance of triplet loss [Schroff er al., 2015]
and center loss [Wen et al., 2016]. The second consists of
softmax cross-entropy and variants that train the model with
class-level labels. A recently proposed method called Circle
loss [Sun et al., 2020] unifies the above two paradigms and
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Figure 2: The pipeline of Region-aware Metric Learning for Open World Semantic Segmentation: 1) train a close-set segmentation model
with known classes (bluish square); 2) Anomaly Segmentation (yellowish arrows): separate regions based on edge prediction (yellowish
squares) and segment the anomaly regions using metric learning (orangish squares); 3) annotate for unknown objects (X) to fine-tune the
close-set model; 4) Incremental few-shot learning (greenish arrows): separate regions based on MCA (greenish squares) and segment the
OOD objects using metric learning (orangish squares). (Best view in color)

forms the feature space with large inter-class distances and
small intra-class distances. We thus adopt Circle loss as the
key objective of our proposed RAML module.

3 Methods

As shown in Figure 2, our proposed method contains: 1) a
backbone model for close-set segmentation, 2) an anomaly
segmentation process to delineate the unknown regions of
OOD data, and 3) an incremental few-shot learning step for
splitting the unknown regions into objects with novel classes.

3.1 Close-set Segmentation Module
Suppose Cip, = {Cin1, Cin,2, ..-Cin N } are N in-distribution
classes, which are all annotated in training datasets, and
Cout = {Cout,1,Cout,2, ---Cout, i} are M novel classes not
involved in the training datasets. Here, the semantic segmen-
tation network S is divided into a feature extractor F and a
label predictor G, where S = G o F.

For the close-set segmentation, we minimize the follow-
ing loss Lseq(F,G) which guides S to produce a pixel-level
segmentation for in-distribution classes.

Lseg(F,G) = Ex,y(lee(G o F(X),Y)) (1
where £..(-,-) indicates the multi-class cross entropy loss,
X € R3>*HXW g an input image, Y is the corresponding
label.

After training this module, we obtain a trained feature ex-
tractor F and a trained label predictor G. The feature map
F = F(X) € RM1*HXW and the non-normalized logit U =
G(F) € RVXHXW can then be generated for in-distribution
classes, where G is obtained by removing the softmax layer
of G. The feature map F and the non-normalized logit U will
be used in later modules.

3.2 Anomaly Segmentation

To identify the candidate regions of region-aware anomaly
segmentation, we adopt an uncertainty-based OOD objects
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Figure 3: Visual examples of maximum softmax probability. Bor-
ders between objects have higher uncertainty because the semantics
of the borders are usually ambiguous.

detection method, MSP [Hendrycks and Gimpel, 2017], as
our region separation module, named Uncertainty-based Re-
gion Separation (URS). Its high uncertainty response around
the object edges could be used as a promising initialization of
the region separation, as shown in Figure 3.

To further enhance the edges, we introduce Sobel filtering
over the original input image. The final edge prediction map
E can be generated as follow,

E =1 (Sobel(X) > a or MSP(U) > ), ()

where X is the input image, U is the non-normalized
logit, and I(-) is an indicator function, « and /3 are hyper-
parameters to control the edge prediction. According to E,
we use a post-processing sub-module, including the hole fill-
ing and connected component algorithms, to generate the
candidate regions R = {R4,Ra, - ,Rr}, where R; €
{0, 1}7*W represents the i-th region.

We then propose a RAML module for anomaly segmen-
tation to classify the candidate regions R. For each region
R, € {0, 1}*W the region-aware feature embedding is ob-

tained as below:

Dok Fj”“Ri’k

fobject = D(],ij’k RN2
>Ry

) € 3)
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where F/'F € RN1 is the feature vector of pixel (j, k), D(-)
consists of two fully-connected layers to control the embed-
ding dimension. fypjece is compared to all the prototypes
of the known classes by metric learning constrained by cir-
cle loss [Sun et al., 2020]. Specifically, the prototype of I-th
known class f; can be obtained using the semantic segmenta-
tion label. Then, the region-aware anomaly probability of R;
can be expressed as below,

e Jomee
1IN | fobjeet || 2l

Finally, to generate a pixel-level anomalous probability
map, we combine the information from the non-normalized
logit and the above region-aware anomaly probabilities. For
each pixel (j, k), uncertainty intensity Q’** is computed as,

Qk = Y- PR, F), (5)

_ 12112%}5\{ Uzl) .
where the pixel (j, k) belongs to region R;, F is the feature
map, P(-, ) is the region-aware anomaly probabilities. Ugif
is the [-th output of pixel (4, k) in the non-normalized logit
U. We then normalize the uncertainty intensity Q’+* for each
pixel to obtain the anomalous probability map, which is used
to identify the unknown regions in the image.

PR, F) =

3.3 Incremental Few-shot Learning via MCA

After the anomaly segmentation, open world semantic seg-
mentation requires the model to identify all objects of M
novel classes in the unknown regions. One way to realize the
incremental few-shot learning is to use a few labeled images
containing objects with novel classes to fine-tune the close-
set segmentation model under the loss L,.,. However, exper-
iments show that this improvement is trivial. We thus propose
an innovative MCA module for further creating sub-regions
in the unknown regions from anomaly images X. MCA takes
the prediction of the label predictor G in the close-set model
as its input to output (N + K) channels with softmax acti-
vation C € [0, 1](NFE)XHXW The first N channels are the
segmentation results for all in-distribution classes, while the
last K (K > M) channels are meta channels to overly seg-
ment the unknown regions. Several MCA-related losses are
integrated into L., during the fine-tuning, and the overall
loss function is,

Eoverall = Eseg + /\inter['inter + )\splitﬁsplit + )‘recﬁrec-

(6)

The first term L., is the segmentation loss for all in-

distribution classes from Equation 1. The second term utilizes

the negative of Dices to minimize the intersection between
any pairs of output channels, which is defined as:

Z (1 —24ice(Cy, Cj))

1I<i<j<N+K

@)

Einter =

where £g;ce (-, -) indicates the dice loss and C;, C; are the i-th
and j-th channels of the segmentation output.

The third term aims to avoid the sub-regions (candidates of
OOD objects) gathering in a few certain channels:

N+K ]
Loue =y —log(max(ny CI*,1)) (8
i=N-+1 7,k

866

Figure 4: Visualization results of MCA. (a) Input image; (b) Meta-
channel response (K = 4); (c) Aggregated Meta-channel.

where C/ ok represent (7, k) pixel output of i-th channel and 7
is a hyper-parameter to control the separation. L,;;; reaches
the minimum when the sub-regions scatter across the output
channels according to Jenson’s inequality.

The last term encourages the outputs of all channels to re-
construct the entire image, further avoiding loss of informa-

tion:
N+K

»Crec = ||X® ( Z Cz - ]-H><VV)H2
=1

€))

where © is the element-wise multiplication operator and
1w 1s a matrix with all ones.

As shown in Figure 4, we observe that MCA tends to seg-
ment objects based on local semantic information. One un-
known object may be segmented into more than one channel
and lose completeness. (e.g., The windows and wheels of
cars may be divided into different channels.) Therefore, we
aggregate the sub-regions from certain meta channels accord-
ing to few-shot (here L-shot) labeled images, which generates
the candidate regions R = {Rq1,Raq, -+ , Ry} for the final
RAML module of incremental few-shot learning.

Similar to Equation 3, the region-aware feature embedding
fovject for each region R; could be computed. The proto-
type of ¢-th unknown class (1 < ¢ < M) from L-shot newly
labeled images is defined as:

= (10)

C; =

il

- ()
> 7
j=1

where fi(] ) represents the feature embedding of ¢-th unknown
class in j-th annotated image. For each region-aware feature
embedding fopject, We use cosine similarity to measure the
distance between this candidate region and every unknown
class:

fobject e
| fobjeetllleill”

The candidate region can be classified as the i-th novel class
Cout,i only if the cosine similarities satisfy the following two

criteria:
{ Vi £ i

where 0,,,,¢; is a hyper-parameter to control classification.

= i=1,2,.,. M (11)

i
Sobject

%
Sobject > 9"0’1)51

./
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12)

2
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Figure 5: Visualization results of anomaly segmentation on Road
Anomaly. (a) input image; (b) ground truth; (c) edge prediction;
(d) results of MaxLogit [Hendrycks et al., 2019]. (e) results of our
proposed RAML method. For (d) and (e), higher value represents
greater probability of anomaly. The red bounding boxes indicate
that RAML ensures the integrity of the anomaly regions.

Dataset Lost and Found Road Anomaly
Method AUPRT AUROCT FPR95| | AUPRT AUROCtT FPR95]
Ensemble - 57 - - 67 -
RBM - 86 - - 59 -
MSP 21 83 31 19 70 61
MaxLogit 37 91 21 32 78 49
DUIR - 93 - - 83 -
DML 45 97 10 37 84 37
RAML(Ours) 46 97 8 42 86 32

Table 1: Results of anomaly segmentation on Lost and Found and
Road Anomaly.

4 Experiments

Our experiments include three parts: (1) experimental results
of anomaly segmentation in subsection 4.1; (2) experimen-
tal results of incremental few-shot learning results in subsec-
tion 4.2; (3) ablation studies in subsection 4.3 and Appendix.

4.1 Anomaly Segmentation

Datasets. 7000 full-frame annotated driving scenes from
BDDI100k [Yu et al., 2020] are used to train the close-set
segmentation model, containing 19 categories of objects as
in-distribution objects. For anomaly segmentation, we use
another two road scene datasets, Lost and Found [Pinggera et
al., 2016] and Road Anomaly [Lis et al., 2019], with anoma-
lous objects other than ones in BBD100k.

Implementation details. We follow [Hendrycks et al.,
2019; Cen et al., 2021] to use PSPNet as the network back-
bone of our close-set segmentation module and apply two
fully connected layers for RAML. We follow [Hendrycks
and Gimpel, 2017] to use three metrics to evaluate the per-
formance of anomaly segmentation, including area under
ROC curve (AUROC), area under the precision-recall curve
(AUPR), and the false-positive rate at 95% recall (FPR95).

Results. As shown in Table 1, our proposed RAML mod-
ule achieves the SOTA performance on Lost and Found and
Road Anomaly for anomaly segmentation. Figure 5 presents
some visual examples to compare RAML and the pixel-wise
method. The proposed RAML module produces higher re-
sponse values and better integrity within the anomalous ob-
jects, significantly reducing the false-negative cases.
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4.2 Incremental Few-shot Learning

Datasets. we use Cityscapes dataset to train and evaluate
our RAML module in the incremental few-shot learning step.
Cityscapes consists of 2975 real-world images in the train-
ing set and 500 in the validation set with a resolution of
2048 x 1024. The division of training set and test set in our
experiments is consistent with this division.

Implementation details. We follow [Cen et al., 2021] to
train a DeeplabV3+ model as the close-set model, which is
followed by two fully connected layers for RAML and use
mean Intersection-over-Union (mloU) to evaluate the perfor-
mance of segmentation results. Specifically, mIoUola and
mIoUnovel are the mIoUs of known and unknown classes, re-
spectively. The metric mIoUnarm is a comprehensive index
[Xian et al., 2019] that balances mIoUold and mIoUnovel.

road ® sky
Q sidewalk @ person
$ ® building  ® rider
" ® wall ® car
£ o #" fence ® truck
w i ® pole bus
2 , "’h traffic light ~ @ train
traffic sign ~ ® motorcycle
% ® vegetation bicycle

@ terrain

(2) (b)

Figure 6: t-SNE visualization for (a) pixel-wise NPM method and
(b) our proposed RAML method. All learned metrics of 19 classes
of the Cityscapes dataset are included, where car, truck and bus are
0OOD classes.

50
—— DML(NPM)

RAML

—— DML(NPM)

mioUnovel
mloUnarm

12+7
Settings

10+9

1247
Settings

16+3

14+5

Figure 7: Ablation study of the ratio of unknown classes to known
classes. We compare our method to NPM and report results with
mloUnovel and mIoUharm.

Results. We test our method on CityScapes and compare
our method to pixel-wise NPM and PLM proposed by [Cen
et al., 2021]. In our experiment, car, truck, and bus are 3
OOD classes not involved in the training stage while the other
16 classes are regarded as in-distribution classes. As shown in
Table 2, our proposed RAML module outperforms the previ-
ous methods with a relatively large margin. According to Fig-
ure 8, pixel-wise metric learning shows erroneous broken seg-
mentation results on OOD objects, while the proposed RAML
demonstrates a remarkable ability to maintain the integrity of
these results. In addition, Figure 6 shows that the feature em-
beddings produced by the proposed RAML maintain a rea-
sonable inter-class distance and their intra-class distributions




Proceedings of the Thirty-First International Joint Conference on Artificial Intelligence (IJCAI-22)

E on g‘] ED 5 i = E = £
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16+1 setting ~ Method § ® 2 § 5 & f £ ¢ 5 &% & 2 E B £ 58 E 2 E E E G

All 17 97.8 824 918 523 575 599 641 742 919 614 946 794 588 756 61.7 749 948 - - 749 - - -

Baseline First 16 98.0 82.1 914 436 564 589 614 726 916 605 944 79.1 57.6 679 61.1 75.1 - - 72.0 - - -
FT 00 00 00 00 00 00 00 00 00 00 00 00 00 00 00 00 [66 04 6.6 00 00
PLM 97.1 793 892 419 553 575 60.8 71.0 91.1 594 939 733 492 342 143 518 [ 757 - 644 757 637 692
5 shot NPM 962 793 892 416 520 563 61.1 694 904 588 941 744 553 534 392 703 | 64.6 - 674 646 67.6 66.1
RAML(Ours) 973 826 914 51.0 572 592 655 744 91.7 639 947 79.1 59.1 237 521 723 [852 - 70.6 85.2 69.7 76.7
PLM 96.8 77.1 89.6 414 487 532 603 645 903 55.6 943 59.1 43.6 395 120 357 | 645 - 604 645 60.1 622
1 shot NPM 959 792 88.8 413 505 560 61.0 69.1 902 58.6 94.1 73.6 551 49.7 374 69.6 | 60.1 - 66.5 60.1 669 63.3
RAML(Ours) 974 826 915 51.0 573 593 655 744 918 640 947 792 59.1 11.5 522 724 | 855 - 70.0 855 69.0 764

16+3 setting

All19 979 83.0 91.7 515 583 598 642 742 920 612 946 79.7 591 639 615 750 942 785 814 748 - - -

Baseline First 16 98.0 82.1 914 436 564 589 614 726 916 605 944 79.1 57.6 679 61.1 75.1 - - - 72.0 - - -
FT 00 00 00 00 00 00 00 00 00 00 00 00 00 00 00 00 [0O0O 00 04 00 0.1 0.0 0.0
PLM 97.1 79.2 848 38.1 464 568 588 61.0 91.0 593 929 636 475 34 138 475670 57 120 540 282 588 38.1
5 shot NPM 96.1 793 587 415 515 563 60.7 69.0 904 588 941 743 551 320 39.1 702 557 1.6 21.0 582 26.1 642 37.1
RAML(Ours) 973 826 91.1 506 572 59.1 655 741 91.7 640 947 79.0 589 3.7 522 723 793 97 260 636 384 684 49.1
PLM 96.8 752 49.0 33.1 314 480 332 446 897 553 230 421 328 53 80 2771304 07 95 387 135 434 20.6
1 shot NPM 958 792 446 412 502 560 60.5 67.5 90.1 58.6 940 735 549 249 372 69.6 545 11 220 566 259 623 36.5
RAML(Ours) 974 826 913 503 56.0 592 655 74.1 917 639 947 79.1 589 39 522 724 809 55 23.0 632 365 683 475

Table 2: Incremental few-shot learning results on Cityscapes for 16+1 setting (OOD class is car) and 1643 setting (OOD classes are car,
truck, bus). The unknown classes are in | blue |. Finetune (FT) is the baseline with catastrophic forgetting.

@) (b) (©)

©

®

(@

Figure 8: Visual examples of RAML for open world semantic segmentation: (a) input images. (b) ground truth. (c) close-set outputs. (d)
anomaly segmentation outputs. () MCA outputs. (f) results of pixel-wise NPM [Cen ef al., 2021]. (g) results of our RAML module. Yellow
boxes indicate that RAML method can better ensure the integrity of the OOD objects. For example, in the first row, the pixel-wise method
mistakenly divides the wheels of the bus into cars, while RAML can correctly segment the entire bus. (Best view in color and zoom in.)

are also more concentrated. Such feature distribution could
foster the model to obtain a robust decision boundary.

4.3 Ablation Study

Ratio of unknown classes to known classes. The perfor-
mance of the trained segmentation model has highly corre-
lated with the amount of training information. We compare
our proposed RAML method with the current SOTA method,
NPM [Cen et al., 2021], under the different ratios of unknown
classes to known classes. As shown in Figure 7, although our
RAML method has a decline in performance as the ratio in-
creases, it outperforms NPM in all ratio settings.

Method mloUat  mlIoUnovel mloUold  mloUnarm
Baseline 49.1 1.5 58.0 2.9
+Lyec 61.8 33.6 67.1 43.2
+Lyec + Lsplit 62.6 37.6 67.3 48.3
+Lyec + Loplit + Linter 63.6 384 68.3 49.1

Table 3: Ablation study of losses used in MCA Module. Baseline is
using Close-set Module directly.

Losses in MCA. This section evaluates the losses of our
MCA module. As shown in Table 3, the reconstruction loss
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ensures that our model obtains all information for the un-
known classes, significantly improving the validity of MCA.
The intersection loss and split loss also bring relatively
smaller gains by improving the distribution of candidate re-
gions in meta channels.

5 Conclusion

We have proposed RAML to enhance the performance of
open world semantic segmentation. The main reason is that
the region-aware feature outperforms the pixel-wise feature
on maintaining the semantic integrity of the segmented OOD
objects. Effective region separation methods are needed to re-
alize RAML on anomaly segmentation and incremental few-
shot learning. We, therefore, adopt the classic uncertainty-
based methods to extract candidate regions for anomaly seg-
mentation and propose an MCA module to further separate
the anomaly regions for incremental few-shot learning. Ex-
perimental results show that our proposed method achieves
the SOTA performance on the anomaly segmentation and the
overall open world semantic segmentation. Our method has
the potential to boost the use of open world semantic segmen-
tation in practical applications.
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Abstract

Unsupervised domain adaption has recently been used to re-
duce the domain shift, which would ultimately improve the
performance of semantic segmentation on unlabeled real-
world data. In this paper, we follow the trend to propose
a novel method to reduce the domain shift using strategies
of discriminator attention and self-training. The discrimina-
tor attention strategy contains a two-stage adversarial learn-
ing process, which explicitly distinguishes the well-aligned
(domain-invariant) and poorly-aligned (domain-specific) fea-
tures, and then guides the model to focus on the latter.
The self-training strategy adaptively improves the decision
boundary of the model for target domain, which implicitly fa-
cilitates the extraction of domain-invariant features. By com-
bining the two strategies, we find a more effective way to re-
duce the domain shift. Extensive experiments demonstrate the
effectiveness of our proposed method on numerous bench-
mark datasets.

Introduction

Semantic segmentation is a classic computer vision task that
aims to predict a semantic label for each pixel in an image.
Despite the notable progress in this field driven by the rapid
development of deep learning (Chen et al. 2018; Long, Shel-
hamer, and Darrell 2015; Ronneberger, Fischer, and Brox
2015; Wei et al. 2018), it remains challenging to apply seg-
mentation model trained on the labeled source data to the
unlabeled target/real-world data, which vary substantially
in their illumination, style, and the context in different do-
mains. One possible solution draws on supervised learning
to retrain or fine-tune the pre-trained model, which however
requires expensive and time-consuming pixel-level manual
annotations. An alternative way is to use unsupervised do-
main adaptation (UDA) to reduce the domain shift, so as to
train a model that is able to segment the target images with-
out labels.

The key component of semantic segmentation using UDA
methods is to align the features from different domains
(Chen et al. 2019; Hoffman et al. 2018; Tsai et al. 2018;
Vu et al. 2019). Although the main idea is straightforward
— matching the overall feature-level distributions of the

Copyright (© 2021, Association for the Advancement of Artificial
Intelligence (www.aaai.org). All rights reserved.
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source and the target domains, the difficulty of implemen-
tation varies with adapting features for different regions in
an image. For example, the adaption is easier in the case of
sky than in the cases of buildings, traffic lights, and side-
walks, because the regions of the sky are similar regardless
of the images while the latter group is characterized with dif-
ferent architectural styles or traffic rules. (Luo et al. 2019b)
believes that aligning the source domain and the target do-
main globally leads to negative transfer of information and
undermines the performance of the model in the originally
well-aligned regions. Therefore, they propose to generate a
local alignment score map and allow different weights for
regions with different local alignment scores.

Following the spirit of (Luo et al. 2019b), in this work, we
propose a strategy called discriminator attention (DA), to di-
rectly evaluate whether the local features are hard-adapted.
The proposed DA strategy includes two stages of adversarial
learning — discovering and correcting. In the discovering
phase, a discriminator network (also known as the discov-
erer, D) aligns the intermediate features of the segmenta-
tion network and uses the confidence of local alignment to
form an attention map that reweights the feature maps for la-
bel prediction. In the correcting stage, another discriminator
network (called corrector, C) further aligns the output of the
segmentation network based on the previous attention map.
As illustrated in Figure 1 (b), the model pays more attention
to hard-adapted regions for domain alignment.

Considering that the distribution of real-world data (tar-
get domain) is over-complex, we further introduce a self-
training strategy to guarantee that the decision boundary of
the model is suitable for the target domain. As shown in Fig-
ure 1 (c), the decision boundary of the segmentation network
after UDA still tends to favor the distribution of source do-
main data, but the tendency is corrected after we apply the
self-training strategy. Specifically, we adaptively improve
the model’s decision boundary by training the segmentation
network with pseudo labels generated from the previous pre-
dictions.

In summary, we propose an effective and intuitive unsu-
pervised domain adaptation method for semantic segmenta-
tion, combining the strategies of discriminator attention and
self-training (DAST). The main contributions can be sum-
marized as follows:

e We propose a novel two-stage adversarial learning (DA),



O Target domain

% Target sample, class A

= Target sample, class B

r~ Target classifier boundary

(a) Traditional alignment

(b) Discriminator attention

(c) Self-training

Figure 1: Illustration of the traditional adversarial learning methods and ours. (a) Traditional adversarial learning methods
equally align the distribution among the entire images. (b) Our proposed discriminator attention can focus on the hard-adapted
regions and achieve a better alignment. (c) We introduce a self-training module to learn an adaptive classifier boundary for the
target domain, which can further improve the performance. (Best view in color)

which utilizes attention mechanism to attach higher
weights to hard-adapted regions and simultaneously align
the feature space and the output space.

Our method is complementary to existing domain adapta-
tion techniques, such as self-training.

Our method achieves superior performance on the adap-
tation from SYNTHIA (Ros et al. 2016)/GTAS (Richter
et al. 2016) dataset to real-world dataset, Cityscapes
(Cordsts et al. 2016).

Related Works

In this section, we briefly summarize the methods related to
the key ideas of the proposed DAST, including adversarial
learning, discriminator confidence and self-training.

Adversarial Learning. Being the most explored ap-
proach in the field of unsupervised domain adaptation for
semantic segmentation, adversarial learning mostly aligns
information either on feature level or pixel level to reduce
the domain shift!.

For the feature-level alignment, Hoffman et al. (Hoffman
et al. 2016) first apply adversarial learning to align the fea-
ture distributions between different domains to train a se-
mantic segmentation model for the real-world images. Later
on, Tsai et al. (Tsai et al. 2018) find that to align the out-
put space distribution is more effective than to align the dis-
tribution of the intermediate feature space. Luo et al. (Luo
et al. 2019b) utilize co-training to keep semantic consistency
from multiple views of the features, which encourages the
category-level alignment of different domains. Vu et al. (Vu
et al. 2019) use adversarial learning to match the entropy of
output predictions in source and target domains, which pro-
vides an alternative way of output space alignment. Tsai et

"We take output-level alignment as a special case of feature-
level alignment
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al. (Tsai et al. 2019) construct different modes of images
through patch-level clustering, and obtain a discriminator
that pays more attention to high-level patterns, so as to opti-
mize the domain alignment.

The pixel-level alignment is also known as image-to-
image translation or style transfer. Benefiting from genera-
tive adversarial network (GAN), pixel-level alignment trans-
lates source images to the target domain, or vice versa, to
facilitate learning a segmentation model across different do-
mains, such as classic CycleGAN (Zhu et al. 2017). Re-
cently, researchers have added the flavor of feature-level
alignment to the pixel-level alignment, in order to achieve
more accurate segmentation. Hoffman et al. (Hoffman et al.
2018) and Chen et al. (Chen et al. 2019) align the interme-
diate features to optimize image-to-image translation. Li et
al. (Li, Yuan, and Vasconcelos 2019) construct a two-way
learning process, which iteratively improves the segmenta-
tion and image-translation. Chang et al. (Chang et al. 2019)
use pixel-level adversarial learning to disentangle the image
features and train the segmentation model with content-only
information. Choi et al. (Choi, Kim, and Kim 2019) adopt
AdalN (Huang and Belongie 2017) to embed the image in-
formation of unlabeled target images into the training pro-
cess, making the model suitable to segment the target im-
ages.

Discriminator Confidence. Discriminator confidence is
the output of the discriminator network in a fully convolu-
tional manner. Hung et al. (Hung et al. 2019) use discrimi-
nator confidence to select the regions with small differences
between the segmentation prediction and the label to form
a pseudo label for the model training. (Kurmi, Kumar, and
Namboodiri 2019; Wang et al. 2019) explore it in the inter-
mediate layer as an attention map for domain adaptation in
image classification. Inspired by these works, we implement
the attention map in the proposed DA module using the dis-



criminator confidence scores from the intermediate features.

Self-Training. Self-training or self-distillation has shown
impressive results in recent years (Dong et al. 2019; Zhai
et al. 2019; Zhang et al. 2019). In the field of UDA for
semantic segmentation, CNN based self-training methods
mainly fine-tune a trained segmentation model using the tar-
get images and the pseudo labels, which implicitly forces
the model to extract the domain-invariant features. Zou et
al. (Zou et al. 2018) perform self-training by adjusting class
weights to generate more accurate pseudo labels to train
the segmentation model. French et al. (French, Mackiewicz,
and Fisher 2018) adopt the mean-teacher framework, which
introduces a consistency regularization to realize domain
adaptation between the mean-teacher (target domain) and
the student (source domain). In the proposed method, we
find that self-training could be combined with the DA mod-
ule to further improve the decision boundary of the segmen-
tation model for unlabeled target images.

Method

In this section, we first provide an overview of our method.
Then, we describe the overall objective function. Finally, we
discuss the proposed discriminator attention in more detail.

Method Overview

In this work, we focus on the problem of unsupervised do-
main adaptation for semantic segmentation, where we have
the access to the labeled source dataset {xs,y,} and unla-
beled target dataset {x;}. As shown in Figure 2, the over-
all network architecture is mainly composed of a segmen-
tation network (segmentor S), and two discriminator net-
works (discoverer D and corrector C'). The network back-
bone of the segmentor S can be any fully-convolutional net-
work for semantic segmentation. For better description and
discussion, S is divided into a feature extractor F and a la-
bel predictor P, where S = E o P. Discriminators (D and
() are CNN-based classifiers with a fully convolutional out-
put, which could provide confidence scores for all output
locations to evaluate the local alignment of the different do-
mains.

In the source flow, E extracts a feature map f; from a
source domain image x, where f; = E(x;). The predictor
P then takes fs as an input to form a pixel-level semantic
segmentation p,, where p; = P(f;), which will be used to
calculate a segmentation loss L., under the supervision of
the source label y,. On the other hand, f; and ps will be
input into the discoverer D and the corrector C' for feature-
level and output-level adversarial learning, respectively.

In the target flow, for a given image x;, F outputs a fea-
ture map f; which is first input to the discoverer D. By opti-
mizing the adversarial loss £2, | D aligns the feature dis-
tribution of f; and f; and provides a confidence score of
alignment for each location in f; to form an attention map «,
where o« = |(D(f;)|. a reweights f; into a new feature map
f, = a(f;), which is input to P to yield the pixel-level pre-
diction p; with more focus on poorly-aligned regions, where
p: = P(f;). The corrector C is then introduced to perform
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an adversarial learning between p; and ps. To further en-
hance the adaptation of poorly-aligned regions, we reweight
the adversarial loss Eacdv with the attention map o.

In addition, we apply a self-training strategy to improve
the decision boundary of the segmentation model. Similar
to (Li, Yuan, and Vasconcelos 2019), we introduce a super
parameter q of the pixel portion. We generate the pseudo la-
bel p; using the top g of pixels in p; with higher probability
values and mask out other pixels which will not participate
in gradient back-propagation.

The training process of the proposed method is summa-
rized in Algorithm 1. In practice, we set the initial ¢ to 50%
and the maximum iteration K of self-training to 3 (the per-
formance converges).

Algorithm 1 Training process of proposed method

Input:
The source domain sample, (2, ys)
The target domain sample, z;
The initial network, S(segmenter), D(discoverer),
C(corrector)
Output:
The trained network, S, 1, D% 1,Cx
train S < S, Dj < D,C{ < C with loss L., and
Eadv

1:

2: for k =0to K do

3:  input z; into S}, and generate pseudo label p,with a
fixed portion gy,

4 train Sy <+ S;, Dy« Dy, Cp o+ Cy
with 108S Lgeg, Lady and Ly, seq

5: end for

6: return St 1, D1, Che iy

Objective Functions
The overall loss function mainly consists of four loss terms:
D

['overall(Ev Pa Dv C) = Lseg(Ev P) + )‘d'cadv (E7 D)
ALy (B, P,C) + tLyseq(E, P).

The first term L4 (E, P) guides the segmenter S (S = P o
F) to perform a dense prediction of the segmentation in the
source domain,

min Lseq(E, P)

= I’él}ll;l Exs7ySNp(XS7YS) (gce (P o E(XS)7 ys))
where /.. (-,-) indicates the multi-class cross entropy loss
used in this work.

The second and third terms are the adversarial losses of
the discoverer D and the corrector C, respectively. Follow-
ing LSGAN (Mao et al. 2017), we use the least square loss
to replace the sigmoid cross entropy in the vanilla GAN, be-
cause the sigmoid-based loss usually stops updating when
the discriminator reaches the optimum (Hong et al. 2019).
LD, (E,D)and LS, (E, P, C) correspond to the two-stage
adversarial learning in our discriminator attention module.
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Figure 2: Overview of our proposed method. The randomly selected images from the source and target domain are used to train
a cross-domain segmentation network by adversarial training. Two fully convolutional discriminator network named discover
and corrector are used to obtain a better alignment. The discoverer could align the intermediate features of the segmentation
network and form an attention map using the confidence of local alignment. The corrector can focus on the hard-adapted regions
and optimize the overall adversarial learning based on the previous attention map. In addition, we utilize self-training to train
an adaptive classifier boundary for the target domain. (Best view in color)

In the first stage, domain-invariant features extracted by
E are expected to confuse the discoverer D, which aims to
minimize the loss £2, (E, D) by alternatively optimizing

adv
D and F,
mDin Eﬁiv(D) = ngn Exs~p(Xs) [(D(fs) — 0)2]

FEx, opx ) [(D(£) — 1)]

D
adv

mbinL (B) = mEin Ex,mpx ) [(D(E(x4)) — 0)?]

After D is optimized, for a given target image x;, an at-
tention map is generated to distinguish the easy-adapted and
hard-adapted regions, o = | D(f})|.

In the second stage, we expect that P o I outputs segmen-
tation predictions that are able to confuse C.

¢ (C) = IIlCi’Il IExs~p(Xs) [(C(ps) - 0)2]

IIlCi’Il Eadv
HExmp(x) [(C(Pr) = 1)%]
Iélllgl LaCdU(E7 P)

E,i;’l Exth(Xt)[(C(P o E(xt)) — 0)2]

The fourth loss term is related to self-training strategy,
which adaptively improves the decision boundary of the seg-
menter S (S = P o F) to fit the target distribution,

%{i]{} ‘Cp,seg (E7 P) = %1’111)1 Ext ~p(Xy) (ece (pt7 ﬁt)) .
In the overall loss, Ay, A, u are the hyper-parameters used

to balance the relative importance of different terms. During
training, we set Ay = 0.01, A\, = 0.01, p = 1.
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Design of Attention Mechanism

For the target image feature f;, the confidence scores of the
discoverer o = | D(f;)| show whether f; locally matches the
distribution of f;. A low ay;; represents a well-aligned re-
gion in X, and a high «;; represents a poorly-aligned region.
Therefore, we use « as an attention map of f; to encourage
the model to focus on matching features of those poorly-
aligned regions. Moreover, to prevent the gradient explosion
at the early stage of the experiment, we add a tanh activation
to v as a normalization layer. Finally, we expand tanh(«) to
fit the dimension of f; for the subsequent element-wise mul-
tiplication,
o = expand(tanh(c))

Since the magnitude of tanh(«) is less than 1, its gradi-
ent may disappear in the late stage of the training process.
We thus adopt the residual attention mechanism (Wang et al.
2017) to calculate the new feature map,

f{:ft‘f'ft@a/

Experiments and Results

In this section, we will present our experiments and results.
We first describe the benchmark datasets and experimental
setups. Then, we report our main results and compare them
with the state-of-the-art methods on the benchmark datasets.

Datasets

We evaluate the proposed DAST method on the challeng-
ing synthetic-2-real setups: SYNTHIA (Ros et al. 2016) and
GTAS (Richter et al. 2016) datasets are used as the source
domain dataset and Cityscapes (Cordts et al. 2016) is used
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Methods%gggggé&@'%gggﬁggggggémloU
Source only (V| - |60.7 13.7 56.9 129 20.1 19.0 154 6.5 77.7 16.2 56.8 40.0 3.3 63.6 153 95 0.0 8.1 0.1] 26.1
CLAN V| A |88.0 30.6 79.2 23.4 20.5 26.1 23.0 14.8 81.6 34.5 72.0 45.8 7.9 80.5 26.6 299 0.0 10.7 0.0 | 36.6
BDL V|RSA|89.2 40.9 81.2 29.1 19.2 14.2 29.0 19.6 83.7 359 80.7 54.7 23.3 82.7 25.8 28.0 2.3 257 19.9| 41.3
FDA-MBT |V |RSA|86.1 35.1 80.6 30.8 20.4 27.5 30.0 26.0 82.1 30.3 73.6 52.5 21.7 81.7 24.0 30.5 29.9 14.6 24.0| 42.2
Baseline |V| A |87.3 29.8 78.6 21.1 18.2 22.5 21.5 11.0 79.7 29.6 71.3 46.8 6.5 80.1 23.0 269 0.0 10.6 0.3 | 35.0
Ours(DA) [V| A [89.3 404 79.2 349 22.8 23.1 24.0 16.8 79.9 28.7 679 45.1 17.8 82.1 25.7 319 4.1 19.7 3.1 | 38.8
Ours(DAST)| V| SA |90.5 49.2 81.9 34.0 27.0 26.5 26.6 21.5 83.0 37.3 76.3 52.0 23.1 83.5 29.9 42.0 12.1 19.8 25.8| 44.3
Source only |R| - |75.8 16.8 77.2 12.5 21.0 25.5 30.1 20.1 81.3 24.6 70.3 53.8 26.4 499 17.2 259 6.5 25.3 36.0| 36.6
CLAN R| A [87.0 27.1 79.6 27.3 23.3 28.3 35.5 24.2 83.6 27.4 74.2 58.6 28.0 76.2 33.1 36.7 6.7 319 31.4| 43.2
SIBAN R| A [88.5 354 79.5 26.3 24.3 28.5 32.5 18.3 81.2 40.0 76.5 58.1 25.8 82.6 30.3 344 3.4 21.6 21.5| 42.6
BDL R|RSA|91.0 44.7 84.2 34.6 27.6 30.2 36.0 36.0 85.0 43.6 83.0 58.6 31.6 83.3 35.3 49.7 3.3 28.8 35.6| 48.5
DPR R|RSA|92.3 51.9 82.1 29.2 25.1 24.5 33.8 33.0 82.4 32.8 82.2 58.6 27.2 84.3 334 463 2.2 29.5 32.3| 46.5
UIDA R| SA |90.6 37.1 82.6 30.1 19.1 29.5 32.4 20.6 85.7 40.5 79.7 58.7 31.1 86.3 31.5 48.3 0.0 30.2 35.8| 46.3
DTST R|RSA|90.6 44.7 84.8 34.3 28.7 31.6 35.0 37.6 84.7 43.3 85.3 57.0 31.5 83.8 42.6 48.5 1.9 30.4 39.0| 49.2
FDA-MBT |R|RSA|92.5 53.3 82.4 26.5 27.6 36.4 40.6 389 82.3 39.8 78.0 62.6 34.4 849 34.1 53.1 16.9 27.7 46.4| 50.5
Baseline |[R| A [86.5 25.9 79.8 22.1 20.0 23.6 33.1 21.8 81.8 25.9 759 57.3 26.2 76.3 29.8 32.1 7.2 29.5 325|414
Ours(DA) [R| A (923 54.2 819 27.3 25.3 33.4 39.1 23.2 84.0 34.2 71.1 58.7 29.7 85.2 28.1 34.7 4.8 25.6 19.6| 44.8
Ours(DAST)|R| SA |92.2 49.0 84.3 36.5 28.9 33.9 38.8 28.4 84.9 41.6 83.2 60.0 28.7 87.2 45.0 453 7.4 33.8 32.8| 49.6

Table 1: Experimental results for GTAS — Cityscapes. ”Source only” denotes the model only trained on source data without
adaptation. The architecture ”V” and “R” represent the VGG-16 and ResNet-101 backbones, respectively. The mechanism
”R”,”S”, and ”A” means image-to-image translation, self-training, and adversarial training, respectively. Our baseline model is
AdaptSegNet (Tsai et al. 2018). Other previous state-of-the-art methods include CLAN (Luo et al. 2019b), SIBAN (Luo et al.
2019a), BDL (Li, Yuan, and Vasconcelos 2019), DPR (Tsai et al. 2019), UIDA (Pan et al. 2020), DTST (Wang et al. 2020),

FDA-MBT (Yang and Soatto 2020).

as the target domain dataset. The details of these datasets
are described as follows: 1) GTAS dataset. GTAS dataset
consists of 24966 labeled urban scene images with a resolu-
tion of 1914 x 1052 collected from the video game Grand
Theft Auto V. 2) SYNTHIA dataset. SYNTHIA is another
more challenging synthetic image dataset. For this dataset,
we only use the SYNTHIA-RAND-CITYSCAPES subset,
which has 16 common categories with Cityscapes. It con-
tains 9400 labeled urban scene images with a resolution of
1280 x 760. 3) Cityscapes dataset. Cityscapes consists of
2975 real-world images in the training set and 500 in the
validation set with a resolution of 2048 x 1024. In all the
experiments of this work, we use the 2975 images in the
Cityscapes training set as the unlabeled target images and
test the model with mean Intersection-over-Union (mlIoU)
on the 500 validation images. We only used the labels of
the Cityscapes images to evaluate the segmentation perfor-
mance and not for the training process.

Network Architecture

Inspired by (Choi, Kim, and Kim 2019; Tsai et al. 2018), we
adopt the DeepLab (Chen et al. 2017) framework with VGG-
16 (Simonyan and Zisserman 2014) and ResNet-101(He
et al. 2016) backbone as our segmentation network. The ini-
tial weight is pretrained on ImageNet (Deng et al. 2009). Af-
ter the last convolutional layer, the Atrous Spatial Pyramid
Pooling (ASPP) module is applied with the sampling rates
of {6,12, 18, 24}. Finally, we utilize an upsampling layer to
rescale the final segmentation output to match the dimension
of the input image.
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The discriminators (the discoverer D and the corrector C)
are fully convolutional networks that retain the spatial in-
formation. Furthermore, D consists of 4 convolutional lay-
ers with channel numbers of {256,128, 64,1} and the val-
ues of kernel size, padding size, and stride are 3, 1, and
1, respectively. C' aligns the semantic predictions of dif-
ferent domains. Following (Tsai et al. 2018), it consists
of 5 convolutional layers with kernel size, padding size,
and stride of 4, 1, 2, respectively, and its channel numbers
are {64, 128,256,512, 1}. Instead of regular ReLU, C' uses
Leaky ReL.U as the activation with a fixed negative slope of
0.2.

Implementation Details

The model is implemented using the PyTorch toolbox and
runs on a single Titan V GPU with 12 GB memory?. We in-
troduce different settings for the segmentation network and
the discriminators. 1) For the segmentation network, we use
the stochastic gradient descent (SGD) algorithm as the opti-
mizer. The initial learning rate is set as 2.5 x 10~%, momen-
tum is 0.9 and weight decay is 5 x 10~%. 2) For the discrim-
inators, we use the Adam algorithm as the optimizer. The
initial learning rate is set as 10~* and 3; = 0.9, 35 = 0.99.
We also adopt the same polynomial decay with a power of
0.9 to update learning rate as mentioned in (Tsai et al. 2018).

We train the discriminator attention module only for 150k
iterations and after that, we add self-training to fine-tune the
model with pseudo labels for an additional 20k in several

2Code: https://github.com/yufei1900/DAST _segmentation
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Methods | <| = § 37 3 E § g 2 F ¢ “: g F § 2 —g '.Pé mloU | mIoU*
Source Only [ V| - 6.4 16.1 475 6.2 02 189 03 8.1 68.6 752 466 7.1 572 129 29 7.1 | 238 | 274
CLAN V| A |804 30.7 747 - - - 14 80 77.1 79.0 46,5 89 738 182 22 99 - 39.3
BDL V|IRSA|72.0 30.3 745 0.1 03 246 102 252 80.5 80.0 54.7 232 7277 240 75 449| 39.0 | 46.1
FDA-MBT |V |RSA 842 35.1 780 6.1 0.44 27.0 85 22.1 772 79.6 555 199 74.8 249 14.3 40.7| 40.5 47.3
Baseline |[V| A |789 292 755 - - - 0.1 48 726 76.7 434 88 71.1 160 3.6 84 - 37.6
Ours(DA) V| A |825 333 768 2.1 09 202 19 8.1 764 779 429 13.6 699 17.5 7.7 15.1]| 342 | 403
Ours(DAST) | V| SA [86.1 357 79.9 52 0.8 23.1 0.0 6.9 809 825 50.6 19.8 79.7 219 21.3 38.8| 39.6 | 46.5
Source Only |R| - |55.6 23.8 746 92 02 244 6.1 12.1 74.8 79.0 55.3 19.1 39.6 233 13.7 25.0| 335 | 38.6
CLAN R| A |81.3 37.0 80.1 - - - 16.1 13.7 782 81.5 534 21.2 73.0 329 22.6 30.7 - 47.8
SIBAN R| A [825 240 794 - - - 165 127 79.2 82.8 58.3 18.0 79.3 25.3 17.6 259 - 46.3
BDL R|RSA |86.0 46.7 80.3 - - - 141 11.6 79.2 81.3 54.1 279 73.7 422 25.7 453 - 51.4
DPR R|RSA|824 38.0 78.6 87 06 260 39 11.1 755 84.6 53.5 21.6 71.4 32.6 19.3 31.7| 40.0 | 46.5
UIDA R| SA [84.3 37.7 795 53 04 249 92 84 800 84.1 57.2 23.0 78.0 38.1 20.3 36.5| 41.7 | 489
DTST R|RSA [83.0 44.0 80.3 - - - 17.1 15.8 80.5 81.8 59.9 33.1 70.2 37.3 28.5 45.8 - 52.1
FDA-MBT |R|RSA|79.3 350 732 - - - 199 240 61.7 826 614 31.1 839 40.8 38.4 5I1.1 - 52.5
Baseline |R| A [79.2 372 78.8 10.5 0.3 251 99 10.5 782 80.5 53.5 19.6 67.0 29.5 21.6 31.3| 39.5 | 459
Ours(DA) |R| A [83.2 40.6 80.3 102 03 275 79 112 794 84.6 54.1 20.9 734 332 18.1 27.3| 40.8 | 47.2
Ours(DAST) |R| SA [87.1 44.5 82.3 10.7 0.8 29.9 139 13.1 81.6 86.0 60.3 25.1 83.1 40.1 24.4 40.5| 452 | 52.5

Table 2: Experimental results for SYNTHIA — Cityscapes. The mIoU* denotes the mean IoU of 13 common classes. ’Source
only” denotes the model only trained on source data without adaptation. The architecture ”V” and ”R” represent the VGG-16
and ResNet-101 backbones, respectively. The mechanism “R”, ”S”, and ”A” means image-to-image translation, self-training,
and adversarial training, respectively. Our baseline model is AdaptSegNet (Tsai et al. 2018).

Methods mloU(VGG16) | mloU(Res101)
Baseline 35.0 41.4
+MSE 359 434
+MSE+2D 37.2 439
+MSE+2D+Atten. 38.8 44.8

Table 3: The ablation study results of discriminator atten-
tion adapted from GTAS5 to Cityscapes. "MSE” denotes the
mean square error loss function. ”2D” denotes the feature
distribution is aligned by 2 discriminators without attention.

rounds until the performance converges. During training, the
images from GTAS are resized to 1280 x 720 resolution, the
images from SYNTHIA are resized to 1280 x 760 resolution,
and the images from Cityscapes are resized to 1024 x 512.
During validation, we upsample the segmentation predic-
tions to 2048 x 1024 to calculate evaluation metrics. We train
our model without any data augmentation steps.

Experimental Results

The previous methods of UDA for semantic segmentation
can be roughly divided into image-to-image translation (R),
self-training (S), adversarial training (A), and their combina-
tions. The experimental results compared with these meth-
ods are shown in Table 1 (GTAS to Cityscapes) and Table
2 (SYNTHIA to Cityscapes). The proposed DAST achieves
the superior performance on two benchmark datasets.

GTAS — Cityscapes. As shown in Table 1, our proposed
method with DA only significantly outperforms the baseline
by 3.8% and 3.4% in the mean IoU for two architectures and
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exceed all the other models using a single strategy. Although
CLAN also aims to tackle the equally global alignment prob-
lem, our method is more effective and outperforms them by
2.2% and 1.6% for two architectures. Compared with the
composite methods, our DAST also achieves the state-of-
the-art performance.

SYNTHIA — Cityscapes. In the SYNTHIA dataset, the
spatial layout or local context differs substantially from that
in Cityscapes dataset. Despite the large domain shift be-
tween SYNTHIA and Cityscapes, our proposed method with
DA only outperforms other adversarial learning-based meth-
ods and brings 2.7% and 1.3% improvement compared to the
baseline over the 13 common classes for two architectures.
Among the composite methods, our DAST also achieves the
state-of-the-art performance.

Analysis
Ablation Studies

To verify the effectiveness of each part in discriminator at-
tention, we perform 3 ablation tests. As shown in Table 3,
the MSE loss function brings 0.9% and 2.0% improvement
compared to the baseline. The combination of 2 discrimina-
tors brings another 1.3% and 0.5% improvement. The intro-
duction of attention contributes 1.6% and 0.9% mloU gain.
Our final model exceeds the baseline for most of the cate-
gories in terms of segmentation accuracy.

Hyper-parameters Analysis

As shown in Table 4, when ¢ = 50%, the model achieves
49.6 of mloU as the best performance on Cityscapes valida-
tion set.
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(b) Attention map (c) Source only

(d) Baseline

(e) Ours(DA) (f) Ours(DAST) (g) Ground truth

Figure 3: Visual results of segmentation map and attention map on VGG-16 backbone. (a) Input images. (b) Attention map
generated by our discriminator attention module. (c) Segmentation map predicted by source only model. (d) Segmentation map
predicted by baseline model. (e) Segmentation map predicted by our DA model. (f) Segmentation map predicted by our DAST

model. (g) Ground truth.

40%
49.0

50%
49.6

60%
48.7

q
mloU

Table 4: The results of hyper-parameter ¢ from 40% to 60%
adapted from GTAS to Cityscapes on ResNet-101 backbone.
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Figure 4: mIoU comparison on the Cityscapes val set and

our synthetic val set by adapting from GTAS to Cityscapes.

When to Start the Self-Training

Most previous studies suffer from biased models and overly-
optimistic estimates, because they often select the best result
from all evaluations of the intermediate snapshots on the
Cityscapes val set. To address the overoptimistic issue, we
establish a synthetic val set which consists of 500 randomly
selected GTAS images transferred to Cityscapes style by the
method of (Yang and Soatto 2020). The performance of the
model on the synthetic val set can guide the choice of the
best snapshot and when to start the self-training. We use the
mean of the two styles (5 = 0.5 and § = 0.9) as the fi-
nal results of the synthetic val set. As shown in Figure 4, the
synthetic val set can approximately fit the Cityscapes val set.

10760

Visualization

We use four qualitative examples in Figure 3 to illustrate that
the attention map serves as a good indicator of hard-adapted
regions. For example, the hard-adapted regions —the“bus”,
“sidewalk” and “traffic light” that are wrongly predicted
in the source-only models (col (c))— are assigned with
higher confidence values in the attention map. Whereas the
easy-adapted regions—the “road”, “’sky” and “car” regions
that are correctly predicted in the source-only models—are
characterized with lower confidence values in the attention
map. This consistency proves that the attention map success-
fully distinguishes hard-adapted regions and easy-adapted
regions.

Figure 3 also reveals that the attention mechanism can im-
prove the segmentation results. Cols (d) and (e) demonstrate
the segmentation map predicted by the baseline model and
our model that introduces the attention mechanism, respec-
tively. It is obvious that our results improved by the attention
mechanism are visually closer to the ground truth (col (g))
than the baseline’s. Cols (f) demonstrates that self-training
could be combined with the DA module to further improve
the performance.

Conclusions

In this paper, we have proposed a novel method that com-
bines the discriminator attention and the self-training to
realize the unsupervised domain adaptation for semantic
segmentation. The discriminator attention module includes
two stages of adversarial learning, which utilize the atten-
tion map to attach higher weights to hard-adapted regions
and performs the feature-level and the output-level align-
ments between different domains. The self-training module
dynamically generates pseudo labels to adapt the decision
boundary of the segmentation network to fit the distribu-
tion of unlabeled target images. The experimental results
and the qualitative examples prove that our method outper-
forms the previous state-of-the-art methods on the bench-
mark datasets.
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