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Abstract

In recent years, there has been growing interest in leverag-
ing machine learning for homeless service assignment. How-
ever, the categorical nature of administrative data recorded
for homeless individuals hinders the development of accu-
rate machine learning methods for this task. This work asserts
that deriving latent representations of such features, while at
the same time leveraging underlying relationships between
instances is crucial in algorithmically enhancing the exist-
ing assignment decision—making process. Our proposed ap-
proach learns temporal and functional relationships between
services from historical data, as well as unobserved but rel-
evant relationships between individuals to generate features
that significantly improve the prediction of the next service
assignment compared to the state—of—the—art.

Code — https://github.com/IDIASLab/REPLETE
Extended version — https://arxiv.org/abs/2412.07747

1 Introduction

Machine learning has gained significant attention for its abil-
ity to solve complex real-world problems across various
domains including criminal justice, e-commerce, health-
care, banking, finance, and social service (Sarker 2021). At
the same time, a constant rise in the rate of homelessness
has been observed (Dej, Gaetz, and Schwan 2020). In the
United States alone, homelessness has risen 12.5% between
2022 and 2023, with a particularly sharp increase of 29.5%
in chronic patterns of homelessness (Henry et al. 2023).
Chronic pattern of homelessness occurs when individuals
experience repeated homelessness over an extended period
(e.g., at least two years), or endure continuous homelessness
for at least 12 months (Fleury et al. 2021).

To date, various machine learning approaches have been
proposed for predicting whether individuals will reenter
the homeless system (Gao, Das, and Fowler 2017; Hong
et al. 2018; Kube, Das, and Fowler 2019) as well as assess-
ing the risk of chronic homelessness of individuals (Van-
Berlo et al. 2021; Messier, John, and Malik 2021). However,
only limited work has addressed the more challenging prob-
lem of homeless service assignment (Rahman and Chelmis
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2022; Rahman, Zois, and Chelmis 2023; Pokharel, Das,
and Fowler 2024). Specifically, (Pokharel, Das, and Fowler
2024) investigate simple models (e.g., Decision Trees with
Short Explainable Rules) to recommend the exact service
individuals can benefit from, while (Rahman and Chelmis
2022; Rahman, Zois, and Chelmis 2023) explicitly model
the trajectories of individuals within the homeless system.
The main limitation of these methods lies in their inabil-
ity to capture the informative relationships between differ-
ent feature values (i.e., within—feature interactions) and the
complex between—feature interactions.

Administrative data collected by the homeless service
providers comprises of (i) service assignments and duration
of stay, (i7) housing outcome after service assignments, (#%4)
demographics (e.g., race, gender, ethnicity), educational his-
tory, disabling condition, and (iv) time—variant informa-
tion (e.g., monthly income, health). Most of these features
are categorical, and existing methods use one—hot encod-
ing to handle them, mainly for simplicity. Unfortunately,
such treatment misses the rich relationships within the fea-
tures, while exponentially increasing the dimensionality of
the data with growing number of categories (Rodriguez et al.
2018). Instead, we propose a predictive model that learns la-
tent representations for features and services, which are then
utilized to capture feature interactions and relationships be-
tween individuals. We show that the learned representations
significantly improve the accuracy of homeless service as-
signment compared to the state—of—the—art.

This brings us to the core contribution of our work. Sim-
ilar to (Rahman and Chelmis 2022; Rahman, Zois, and
Chelmis 2023) we study the interactions between services
found in individuals’ history. However, those studies over-
simplify the task of predicting the likelihood of reaching
the next service based solely on transitional probabilities
between past services, while we assert that many other in-
teractions exist that provide valuable context which can in
turn enhance predictive performance. Specifically, subse-
quent services are often assigned to individuals to serve a
particular purpose at a specific time. Understanding such
functional and temporal relationship between services can
provide insights into why a particular service is assigned at a
specific time. Our work extends beyond previous studies by
incorporating temporal and functional interaction between
services. Furthermore, our model explores the relationships



between individuals. Generally, individuals with similar fea-
tures tend to receive similar services, and leveraging such
information can significantly improve the robustness of pre-
dictive models. While (Rahman and Chelmis 2022) incorpo-
rates finding the “most similar individual” in their prediction
problem, it does so as an information retrieval task; instead
our approach clusters individuals and utilizes the collective
patterns within clusters to provide better insights and more
accurate predictions.

In summary, given the history of services assigned to indi-
viduals and their current socio—economic features, we pro-
pose an objective function with three distinct components
that captures (i) temporal and (i) functional interactions
between services, and (4i) interactions between individu-
als (instances). Through optimization, we obtain latent rep-
resentations for services and features, and identify the clus-
ters to which each individual belongs. Next, features derived
from these representations are input into a feed—forward
neural network for predicting the next service assignment.
We state our main contributions as follows:

1. We propose a representation—based predictive model for
homeless service assignment that effectively learns the

latent representation of services and features.

We design a novel optimization function that incorpo-
rates temporal, functional, and instance interactions to
enhance the learning of representations.

. We utilize the learnt representations to derive features
that significantly improve the performance of service as-
signment predictions.

The rest of the paper is organized as follows. Section 2
summarizes the related work. Section 3 delineates the prob-
lem setting. Section 4 introduces the proposed approach.
Section 5 describes the data, metrics, and baselines. Section
6 provides detailed discussion of the experimental results.
Section 7 concludes with a discussion of the limitations of
our study and potential directions for future work.

2 Related Work

Reentry Prediction and Risk of Chronic Homelessness
A considerable body of prior work has focused on predicting
reentry into homelessness and assessing the risk of home-
lessness or chronic homelessness. (Gao, Das, and Fowler
2017; Hong et al. 2018) investigated the application of ma-
chine learning models such as logistic regression and ran-
dom forest to predict whether individuals will reenter home-
lessness. On the other hand, (VanBerlo et al. 2021; Messier,
John, and Malik 2021) explored neural networks to assess
the risk of chronic homelessness. Additionally, (Vajiac et al.
2024) investigated various machine learning models to eval-
vate the risk of eviction—caused homelessness and accu-
rately identify individuals in need of assistance. All of these
works are formulated as binary classification problems. Our
work, on the other hand, focuses on developing a predictive
model for service assignment task, which is a more chal-
lenging multi—class classification problem.

Homeless service assignment
Another body of work focuses on predicting the service as-
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signment at various conditions, such as (Toros and Flaming
2018; Shinn et al. 2013; Greer et al. 2016) develop mod-
els that prioritize housing for those at high risk of home-
lessness. In contrast, our work centers on individuals who
have already experienced chronic patterns of homelessness.
On the other hand, (Chelmis et al. 2021) explores machine
learning models to predict the exact support correspond-
ing to the assigned service. Similarly, (Pokharel, Das, and
Fowler 2024) employs decision trees with simple explain-
able rules (SER-DT) algorithm, which divides the problem
into multiple binary classification tasks using a one—versus—
all prediction approach for service assignment upon entry.
While these studies use one—hot encoding for categorical
features, in contrast, our approach leverages representation
learning to uncover the rich relationships within these fea-
tures, moving beyond one-hot encoding. Our research aligns
with (Rahman and Chelmis 2022) and (Rahman, Zois, and
Chelmis 2023) which address the multi—class service assign-
ment task. Specifically, (Rahman and Chelmis 2022) infers
a homelessness network and (Rahman, Zois, and Chelmis
2023) utilizes a Bayesian network to predict the next service
assignment. In contrast, our work integrates both history of
individuals within the homeless system and socio—economic
features to predict the next service assignment. A key dis-
tinction is that while previous studies explore simple tran-
sitional relationships between services, our approach lever-
ages more complex (temporal and functional) relationships
between services, and relevant interactions between individ-
uals to predict the next service assignment.

3 Problem Setting

We denote the set of individuals with chronic patterns of
homelessness as U/ = {u1,...,up}. The set of home-
less services, such as permanent housing, rapid rehousing,
day shelter, is denoted by A = {a',a?,...,all}. For each
u; € U, let T, = {(a¢,,t1),...,(aty,tn)} represent the
history of services assigned to individual u;, where a:, sig-
nifies assignment to a service at time ¢;. Next, we denote
X € RUI*IF] a5 the feature matrix which comprises the
feature set F € R? of individuals u; € U at time ¢ N+1-

Given matrix X and the history of prior service assign-
ments Ty, = {(at,,t1), ..., (aty,tn)} for individuals u; €
U, the goal of this paper is to accurately predict the next
service assignment a; ., € Y for Vu;.

4 Proposed Approach

In this section, we present a comprehensive overview
of REPLETE, a REPresentation Learning—based sErvice
assignmenT modEl, which consists of two main compo-
nents: (i) representation learning framework and (i¢) pre-
diction model. The representation learning framework is de-
signed to learn the latent representations of services. The
prediction model leverages the learned representations to
enhance the homeless service assignment decision—-making
process. Figure 1 provides an overview of REPLETE.
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Figure 1: Overview of REPLETE. Representation learning
framework first learns representations A, C,V, S, R, Rs.
These are used to derive features, which are subsequently
input into FFNN for service assignment prediction.

4.1 Representation Learning Framework

To effectively learn the representations of services, we de-
sign an optimization function that captures three differ-
ent contexts. The first context focuses on the femporal in-
teractions between services, where assignments at differ-
ent stages in the homeless system are likely to have dis-
tinct vector representations. The second context captures the
functional interactions between services, where assignments
serving similar needs share similar vector representations.
The last context models relationships between individuals,
where similar individuals are more likely to exhibit similar
traits.

Temporal Context Here, our goal is to learn the latent
representations of services and time units based on the intu-
itive observation that services occurring within similar time
units should have analogous vector representations. To for-
malize this, we define D € RMI*IT where D;; represents
the frequency with which service a* appears in time unit 7;.
Here, 7 denotes the set of time units (e.g., weeks, months,
or years). To derive standardized representations, we em-
ploy Non-negative Matrix Factorization (NMF). Specifi-
cally, given D, we learn the non—negative matrices, A &
RIAIXE for services and S € RI7I*¥ for time units by solv-
ing
7=
min [D — AST[[} +a Z [
j=1
+ AALE + S,

where «, A, and k control the smoothness, sparsity con-
straints, and dimension of representations, respectively.

2
7—1,:||F

Functional Context This context is based on the premise
that subsequent services are assigned to individuals because
they address needs unmet by the preceding service, mean-
ing, the two services together complement each other in sat-
isfying a need. In this context, we capture the latent relation-
ships between such service pairs. We define a transitional
probability matrix T € RI4I*IAl where each element T;;
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denotes the probability of assigning service a’ after service
a’ (Rahman and Chelmis 2022). Consequently, we learn m
latent relations between services represented by matrices,
R, € R™* for preceding assignment and Ry € R™*¥
for succeeding assignments such that for any pair (af, a’),

ij S a'Ry[l] + a?Ry[l]. We perform symmetric
NMF (Kuang, Ding, and Park 2012) to obtain the solution
to

||T AR, "RAT|Z+
ARp

+AIAE + [IRp 17 + [ Rs17),

where A denotes the latent representations of services. Sim-
ilar to the temporal context, we incorporate a sparsity con-
straint with A controlling the penalty for overfitting, and &
denoting the dimension of the representations.

Individual Context In this context, our objective is to
learn the latent representations of services denoted by A
and features denoted by V€ RIZ1*% while also identi-
fying clusters to which individuals belong (represented by
C € RUI*k) By clustering individuals with similar features
and past service assignments, our goal is to ensure that ser-
vices assigned to similar individuals (i.e., in the same clus-
ter) have similar representations. We define H € R
where each element H;; denotes the number of times in-
dividual u; is assigned to service a’. Since X and H ex-
hibit higher sparsity, Lo_; norm is applied to prevent rows
with greater sparsity from dominating the objective function.
Given matrices H and X, we solve
. T T 2
i [H = ACT [l + [X = OV [l + A(AJIF
+VIE +IICl%) + ftr(CTTC)
s.t. Cly = 1|Z/{\7 Ce [0, 1].

Here, the term ¢r(CTT'C) ensures that similar individuals
are clustered together and T' € RIYI>*U| records the cosine
similarity between individuals in the set /. The constraints
on C enforce soft clustering by ensuring that the rules of
probability are satisfied. Such soft clustering is appropriate
for homelessness, a complex domain where individuals can
exhibit similarities with members of different clusters. Fi-
nally, 3 controls the strictness of the clusters by determining
how tightly or loosely data instances are grouped together.

Overall Optimization Function With all the previously
introduced components, we formulate our joint optimization
problem as follows:

Ir[-1

ID— AST|[F +a > IS,
Jj=1

+|H - ACT|j21 + || X = CV 21 + Btr(CTTC)
+T - AR, 'RAT|F + A(AF + [SIF + I VIF
+ [IClI + IRpll7 + [Rsl7)

s.t. Cly = 1|M‘,C S [O, 1}.

ASVRP,R >0,C

(D



4.2 Optimization Algorithm

Jointly updating the variables in Eq. (1) causes the objec-
tive function to become non—convex. We therefore optimize
the objective function using Alternating Direction Method
of Multiplier (ADMM) (Boyd et al. 2011), where variables
are updated separately. All proofs are provided in the Ap-
pendix within the extended version in arXiv.

We begin by relaxing the constraints on C to orthogonal-
ity, specifically CTC = I, C > 0 (Tang and Liu 2012). We
then introduce two auxiliary variables: P = H — AC " and
Q=X-CV'. Consequently, Eq. (1) is reformulated into
the following equivalent problem:

s v W g p o 1P~ ASTIE + allSB I + [Pl
+ Q21 + 5tr(CTTC) + | T — AR, "R, AT
+AIALE + 18I + [ VIIE+ [CIE + [ Rpll% + | Rs|17)
+{£,X-CV' -Q)+ (K, H-AC" —P)

T V,CcTC-T) + gHH —ACT _ P2

+5IX-cvT - ql,

(@)

where K, £, and N are Lagrangian multipliers, x4 controls
the penalty for violating the equality constraints, (-,-) de-
notes the dot product, and B’ represents the matrix equiv-
alent to the smoothing constraint. Next, we summarize the
update rules for each variable.

Update P For updating P, we hold the other variables
constant and remove the terms that are irrelevant to P.
Eq. (2) can be written as:

3

1
min - [|P —
P 2

1
(H—ACT + ;lC)H% +

Lemma 1 provides a closed form solution for Eq. (3).

Lemma 1 (Wang, Tang, and Liu 2015) Given matrix E and
a positive scale o, the it row of the optimal solution W* of
minw 3 ||W — E|/%

w,*:{ (1-=pes el > a
0

v , otherwise

Using Lemma 1, the optimal solution P* for the above equa-
tion is as follows, where EF = H — ACT + ilC:

1—
P;_{<
)" O,

Update Q The optimal solution Q* is obtained similar to
P, using Lemma 1, where EQ = X — CV7T + l%ﬁ:

. 1 Q Q 1
Q;. = (1 ;LHE?,:H)E“’ HE’H Z
b 0, otherwise

JEF, |EP|>1

otherwise

1
LIET
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Update S Let ¢g be the Lagrangian multiplier for S > 0,
the Lagrangian function related to S is, Og = min ||D —
AST||Z + MS|% + a||SB||% — tr(y¥sST). The par-

s 199 — (D - AST)TA +
®(SB)B' + AS — ¢s. Using the Karush—-KuhnTucker
(KKT) complementary condition (Boyd and Vandenberghe
2004), i.e., ¥s(i,7)Si; = 0, we get S;; < S” (Zhang

and Zhang 2017), where

S, =DTA+[a(S(B))"
S, = SATA + S + [a(S(B))]*.

Here, for any matrix M, (M) " =
ABS(M)—M

ABS —
Mand (M)~ =

are the positive and negative part of IM, respec-
tively, and ABS(M) consists of the absolute value of ele-
ments in M (Shu, Wang, and Liu 2019).

Update R, and R, The partial derivative of the La-

. L . . 1dOg,
grangian objective function wrt. R, is 3 iR,

2
~TAATRs + AR, 'RAATAATR, + AR, — YR, Us-
ing the KKT complementary condition, we get Ry, <

Ry, = TAA'R, + (AR, 'R;AATAATR,)™
Ry, = \Rp + (AR, RsATAATR,)™.

Similar to Rp, we get R, e R, =u for Ry, such that:

S,,]

R,
R

=TAA'R, + (AR, 'R;A'AATR,)"™
=R + (AR, RAATAATR,)".

Sij
Update V. The partial derivative of the Lagrangian objec-

tive function w.r.t. Vis 9¢ = — (X ~CV' - Q)TC -
LTCH2)\V — . Usmg the KKT complementary condi-

tion, we get V; < Vu <L, where

Vi = pXTC+ (£T0)+
Vij=puVC ' C+uQ C+ (LTC)™ +2\V.

Update C The partial derivative of the Lagrangian objec-

tive function w.r.t. C is %dd%c = —u(H-AC"-P)TA-

WX —CV' —Q)V - LV —KTA +2CN +28I'C +
2AC — Y. Using the KKT complementary condition, we

get C;; + C; Cii where

Z]C

Cij = uH' A + uXV + (LV)*
2(8(re)”

Cij = uCATA+ P A+ uCV 'V +uQV + (LV)™

+ (KTA)™ +2(CN)T 4+ 28(I'C)* + 2AC.

+(KTA)T +2(CN)~



Update A The partial derivative of the Lagrangian objec-

tive function w.r.t. A is § d{ff = —2(D-AS")S—4(T—

AR, RAT)x AR, 'Ry +2 A —u(H-ACT -P)C—
KC — 94. Using the KKT complementary conditions, we

get A Aij% where

ij
A;; = 2DS + 4TAR, 'R + 4(AR, 'R;A" AR, 'R)
+ pHC + (KC)™*
A;; =2AS'S +4(AR, 'R;ATAR, 'Ry +2)\A
+uACTC + uPC + (KC)~.

Update £, M, and N/ After updating the variables, we
update the Lagrangian parameters (Wang, Tang, and Liu
2015) as follows:

L=L+uX-CV' -Q)
M=M+uH-AC'" —P)
N=N+pulC'C-1).

4.3 Service Assignment Prediction

In this section, we delve into the specifics of the service
assignment module of REPLETE. Once the representations
are obtained by solving Eq. (1), we derive three sets of fea-
tures: (i) service and feature representations, (i) feature in-
teractions, and (4¢¢) instance interactions. The overall pro-
cess is summarized in Algorithm 1.

Service and Feature Representations We utilize the rep-
resentations of services and features in our prediction model
instead of one-hot encoding them. The rational is that by
treating services and features as categorical our model would
miss the inherent relationships within them. Therefore, we
replace the services {ay, , . .., as, } within the history of ser-
vices received by an individual, with their respective repre-
sentations {A,, ,...,Aq, }, where A,, denotes the rep-
resentation of service a;,. We additionally obtain the repre-
sentations of the socio—economic features for each individ-
ual by multiplying X and V, where X is the feature matrix
and V is the matrix of learned feature representations.

Feature Interactions Beyond the representations of ser-
vices and features, we further incorporate two categories of
service interactions: temporal and functional (Section 4.1).
Given the sequence of services {ay,,...,a, } received by
individuals, the temporal and functional interactions within
each service pair (at, , a;,) are defined as A, STSA;j and

Ag,, R;)'—RS A;rtj , respectively. Matrix A, denotes the rep-
resentation of service a;,, whereas matrices S, R,, and R,

are the learned representations for time units, preceding as-
signments, and succeeding assignments, respectively.

Instance Interactions We define instance interaction as
the similarity between individuals, which we use to identify
clusters within the individuals. Since the relaxed optimiza-
tion on C (i.e., the matrix denoting the clusters to which in-
dividuals belong) does not directly provide probabilities for
soft clustering, we normalize C such that each row sums to
1, thereby obtaining these probabilities.

28316

Algorithm 1: REPLETE

Require: X, D, T,H,B', o, 3, 1, \, 7,k
Ensure: a;,

1: Randomly initialize A, S, C,V,R,,R,,P,Q
2: Pre—compute similarity matrix I"
3: repeat
4:  Update A,S,C,V,R,,R,,P,Q according to Sec-
tion 4.2
5: until convergence
6: Normalize Cs.t. >, C; ;=1
7: for each u; € U do
8  Zy, =17Z,,U(XV),, UC,,
9: foreacha,, €7, do
10: Zy, =2y, UA,,
11:  end for
12:  for each (a,,,a,) € Ty, do
13 Zy, =Z, U(A,, S'SA] )
14: Zy, =7y, U(As, RyRA, )
15:  end for
16: end for
17: Split Z into training Zy,4;, and testing set Zq;
18: Train FFENN with Z,-qin
19: Input Z;.s; into FFNN
20: Yesr < Output of FENN
21: return Ytest

Prediction Model We use Z € RIUIxIF /‘, to denote the
concatenated feature vector, i.e., service and feature rep-
resentations, feature interactions, and instance interactions,
where U is the set of individuals, and F is the set of derived
features. For the service assignment task, we utilize a sin-
gle hidden layer feed—forward neural network (FFNN). The
rationale behind a single hidden layer architecture is that it
balances complexity and computational efficiency.

Predicted service assignments, denoted by Y, are calcu-
lated as Y = 0(ZW1 + b1)Ws3 + by where, W1 and Wy
are the weight matrices for the hidden and output layers, re-
spectively, by and by are the bias vectors for the hidden and
output layers, respectively, and o(-) is the ReLU activation
function. The model is trained using cross—entropy loss.

5 Experimental Setup

Data Description Our analysis utilizes an anonymized
dataset from CARES of NY comprising 18,817 records
from 6,011 chronically homeless individuals in the Cap-
ital Region of New York State, covering the period from
2012 to 2018, including a total of 9 different homeless ser-
vices. A complete description of the services is available at
(United States Department of Housing and Urban Develop-
ment 2020). Sequence of services longer than /N are sampled
using a sliding window with a length of N. For sequences
shorter than IV, missing values are encoded with 0, result-
ing in a zero vector representation with a length |.A4|. After
sampling, we denote our dataset as D and perform a random
70 — 30 split to obtain the training set Dy, and testing



Method Accuracy | Recall | Precision | Fj score t-score (p- | Accuracy| Recall Precision | F} score
TRACE 0.530 0.188 0.205 0.184 value)

Transformer| 0.632 0.368 0.406 0.376 W.I.t. —15.3 —3.52 —5.37 —4.07
LR 0.691 0.406 0.446 0.420 PREVISE | (2.26 x | (0.0052) | (8.8 x | (0.0018)
FFNN; 0.714 | 0.385 | 0.458 0.416 10~ 1079)

RF 0.738 0.391 0.504 0.434 W.LL. —5.65 —1.99 —1.86 —2.56
PREVISE 0.745 | 0.400 | 0.575 0.435 LSTM (2.3 x| (0.064) | (0.082) | (0.020)
RNN 0.800 | 0.494 | 0.583 0.511 107°)

LSTM 0.802 0.496 0.590 0.513

REPLETE 0.832 0.539 0.615 0.567 Table 2: Statistical significance comparison between RE-

Table 1: Performance comparison between REPLETE and
the baselines. Parameter NN is set to be 3.

set Dyst, respectively. Finally, we train and evaluate our ap-
proach using Dy,.qin, and Dy respectively.

Baselines We compare REPLETE with the state—of—the—
art: TRACE (Rahman and Chelmis 2022) and PREVISE
(Rahman, Zois, and Chelmis 2023). TRACE and PREVISE
uses service sequences to predict the next assignment. Ad-
ditionally, following (Rahman, Zois, and Chelmis 2023),
we compare our approach with random forest (RF), logistic
regression (LR), transformer, feed forward neural network
(FFNN} ), recurrent neural network (RNN), and long short-
term memory (LSTM), which incorporate one—hot encoded
features for prediction.

Evaluation Metrics We evaluate our approach using ac-
curacy, recall, precision, and F} score.

Implementation Details All analyses were conducted in
Jupyter Notebook using Python 3 on a MacBook Air (M1
chip, 8 cores, 8 GB memory) running macOS Sonoma. The
representation learning framework ran for 500 iterations,
and the prediction model averaged 20 iterations per fold in
5-fold cross-validation.

6 Results and Analysis

Quantitative Analysis Table 1 shows that REPLETE sig-
nificantly outperforms the baselines in predicting the next
service assignment, both in terms of accuracy and F} score.
Table 2 confirms that REPLETE significantly outperforms
PREVISE (state-of-the-art) across all metrics and LSTM
(the best-performing baseline) in accuracy and F-score. This
indicates that (7) the representation learning framework ef-
fectively captures the rich relationships within the features
and instances, and (i¢) derived features based on temporal,
functional, and individual contexts, effectively carry these
relationships to the FFNN. Together, these factors lead to a
significant improvement in the performance of our approach.

To analyze the reliability of the representation learn-
ing framework, we first examine whether derived fea-
tures can effectively distinguish between labels (i.e., ser-
vices) compared to the one—hot encoded features. We utilize
the t—distributed Stochastic Neighbor Embedding (t—-SNE)
method to embed both high—dimensional features into 2—
dimensional space. Figure 2 illustrates that distinct clusters
for each label are formed using the derived features. This
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PLETE and the baselines. Parameter /N is set to be 3.
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Figure 2: Scatterplot of 2—dimensional t—-SNE embedding
for (a) one-hot encoded features and (b) derived features
from learned representations.

indicates that the derived features offer better separability
compared to the one—hot encoded features.

Next, we analyze the performance of REPLETE across
different history length N. Table 3 shows that our model’s
performance remain consistent despite variation in the
length of the individual’s history considered for prediction.
This indicates the robustness of our approach. For the rest of
our experiments, we set N = 3, as the model achieves the
highest accuracy and F} score at this value.

Ablation Study We conducted two ablation studies to
evaluate the importance of different model components, fo-
cusing on the impact of feature and instance interactions.
First, we analyze the impact of feature interactions and in-
stance interactions on model performance. Table 4 shows
that service and feature representations have the greatest im-
pact, with feature and instance interactions enhancing per-
formance when coupled with these representations.

Next, we analyse the impact of each component of the
optimization function on model performance. As shown in
Table 5, each component enhances performance, with the
best results achieved by combining all three components.

Hyperparameter Selection The joint optimization func-
tion has six hyperparameters, with optimal values being
A=0.01,aa=0.3,8=0.7,7 = 52 weeks, u = 1, k = 10.

Bias Evaluation Although our proposed approach does
not explicitly model against bias and unfairness (both critical
characteristics of a technological solution to a complex so-



N | Accuracy | Recall | Precision | F} score
2 0.828 0.517 0.644 0.547
3 0.832 0.539 0.615 0.567
4 0.809 0.499 0.571 0.517
5 0.805 0.499 0.566 0.516
6 0.811 0.548 0.607 0.561

Table 3: Performance of our approach across different his-
tory length V.

inst | rep | feat | Accuracy | F) score

v 0.625 0.208
v 0.825 0.526

v 0.614 0.144

v v 0.829 0.547

v v 0.717 0.279
v |V 0.829 0.543
v |V v 0.832 0.567

Table 4: Ablation study for key components of the derived
features, namely service and feature representations (rep),
instance interactions (inst), and feature interactions (feat).

ind | temp | func | Accuracy | F} score
v 0.798 0.450
v 0.789 0.419
v 0.714 0.398
v v 0.801 0.476
v v 0.821 0.534
v v 0.827 0.549
v v v 0.832 0.567

Table 5: Ablation study for key components of the optimiza-
tion function, namely temporal (temp), functional (func),
and individual (ind).

cial challenge, such as homelessness service provision), we
evaluate it for potential bias across three sensitive attributes,
namely race, gender, and ethnicity. We measure bias using
P(Y=a'|attr=1)
P(Y=a'|attr=0)

gzzjlzﬁzézzzj; ) (Mehrabi et al. 2021), aim-

ing for values within 80% of the group with the highest
rate (Pessach and Shmueli 2022). Figure 3 shows that our
approach mitigates bias for high—frequency services, such
as emergency shelter (denoted by 1) and day shelter (de-
noted by 11) for majority of the sensitive attributes, but
not as much for lower—frequency services, such as tran-
sitional housing (denoted by 2) and homelessness preven-
tion (denoted by 12). Moreover, the state—of—the—art method
PREVISE exhibits extreme bias for certain services and at-
tributes, where it completely fails to predict some services
for specific attributes. This underscores that our approach,
REPLETE, demonstrates a significantly lower level of bias
compared to PREVISE, ensuring a more equitable service
assignment across various attributes and services. In light of
this result, we conclude that our approach replicates the ex-

(7) demographic parity ( ) and (i7) equal op-

portunity ( IIZ

28318

14

13

12

11

11

(a) (b)
—REPLETE Demographic parity —PREVISE Demographic parity

--REPLETE Equal opportunity --PREVISE Equal opportunity

Figure 3: Demographic parity (solid line) and equal op-
portunity (dotted line) of sensitive attributes (a) gender
and (b) ethnicity for each service using REPLETE (blue)
and PREVISE (orange). Plots for the remaining attributes
are included in the Appendix of the extended version in
arXiv. Numerals are used in lieu of actual service names
(United States Department of Housing and Urban Develop-
ment 2020).

isting assignment decision—making process to a significant
extent, providing the basis for developing systems that make
“unbiased” and “fair” predictions, as well as to understand
and evaluate them ethically (i.e., in experimental settings).
We therefore plan to incorporate fairness constraints (e.g.,
(Zafar et al. 2019)) directly into our objective function, as
part of our future work.

7 Conclusion

This paper introduced a novel predictive model for homeless
service assignment based on representation learning. The
proposed approach modeled explicitly both the temporal and
functional relationships between services, and the similarity
between individuals based on their features and their prior
service assignments, to learn latent representations. Utiliz-
ing these representations, the proposed approach was shown
to outperform the state—of—the—art in the task of next service
assignment prediction, a key task in the service assignment
decision making process.

Limitations Our analysis is based on a geographically
bounded dataset, specifically limited to the Capital Region
of New York state. Additionally, the dataset does not record
the availability or capacity of services.

Future Directions Our approach serves as a foundational
building block for developing more complex service assign-
ment models. While we explored temporal and functional re-
lationships, additional dimensions remain worth investigat-
ing, potentially offering valuable insights and new research
directions. On the other hand, explicitly modeling against
bias and unfairness is necessary, as our experiments showed,
particularly if the proposed approach were to one day be
used in the real-world. Our work takes the first step in this
direction by providing a basis for developing “unbiased” and
“fair” predictive models and evaluating them ethically in ex-
perimental settings.
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