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A Additional Technical Details for MOHR

A.1 Details for the ML models.

Table [1| summarizes the features used for predicting consumer conversion, consumer re-
tention and basket value. Note that for the count-based features such as the number of
impressions/views/orders, we include both the raw count and the normalized count as
features, where the normalized count are divided by the average impression/view /order
count at the position of the event, in order to correct for the position bias as illustrated in
Fig[§in Main Appendix [B.4.1] The name/id of the source (e.g. i.e. the name of the row
or “single” if the training instance is a single restaurant recommendation) is explicitly
used as a feature.

For the gradient boosted trees as the predictive MLL model, we use learning rate of 0.1,
and maximum depth of the tree as 8, which is the same model architecture and capacity
as the latest production system at the company.

The data used to train the ML models are observational data from randomly sampled
global user logs, consisting of about 600 million impressions and 11 million orders. As an
industry-wide challenge, observational data potentially brings bias in the training data
due to their off-policy nature (Saito and Joachims|2021)). Alternatively, one could rely on
experimental data, such as the random ranking data as described in Section [5, which is
free of off-policy bias. However, experimental data are usually costly to obtain (random
ranking significantly hurt consumer experience). Therefore the platform is usually only
willing to set aside a very small percentage of sessions as experimental data. In our case,
the random ranking data we obtained from the company is only on 3% of overall sessions.
As a result, they provide poor coverage of all the consumers and all the restaurants to be
served as training data. Because of these challenges, we do not rely on random ranking
data, but rather all available observational data as the training data for the ML models.
We adopt off-policy correction techniques in training (described as part of the contextual
features in Section to alleviate the off-policy bias.

(Consumer, restaurant, source) —
(Consumer, restaurant)
(Recency) Time since last order (Consumer, source)
(Frequency) Number of past orders } for every (Restaurant, source) — in the past X (X =7, 14, 30, 60, 120) days
(Monetary value) Basket value of past orders Consumer

Restaurant

Source —

Figure A.1: RFM features in the MO-module.



Feature

Definition

a;

(Normalized) Impression/view/order count/ratio from consumer ¢ in the past T days
Average basket values from consumer ¢ in the past T days

Consumer embedding u; and 4; from matrix factorization

aj

(Normalized) Impression/view/order count/ratio on restaurant j in the past T days
Average basket values from restaurant j in the past T days

Percentage of consumers churned after ordering from restaurant j in the past T days
Restaurant embedding v; from matrix factorization

Delivery radius of restaurant j

agk

Source name (name of the row or “single” if appearing as single restaurant recommendation)
(Normalized) Impression/view/order count/ratio from source k in the past T days
Average basket values from source k in the past T days

Source embedding wj, from matrix factorization

(Normalized) Impression/view/order count/ratio between consumer 7 and restaurant j in past T days
Haversine distance between restaurant j and consumer’s delivery location

Estimated delivery time range

Delivery fee, busy area fee, service fee

“iTUjv i.e. dot product of consumer embedding and restaurant embedding from matrix factorization

T,.
U; U,

cos(ui,vj) = ‘ , i.e. cosine similarity between consumer embedding and restaurant embedding

L .
[will2*]v;1]2

Ak

(Normalized) Impression/view/order count/ratio from consumer 4 in source k in the past T days
Average basket values from consumer ¢ in source k in the past T days
U3 Ty, i.e. dot product of consumer embedding and source embedding from matrix factorization

cos(;, W), i.e. cosine similarity between consumer embedding and source embedding

ajk

(Normalized) Impression/view/order count/ratio from restaurant j in source k in the past T days

Average basket values from restaurant j in source k in the past T days

Aijk

(Normalized) Impression/view/order count/ratio from consumer 4, restaurant j, source k in the past T days

Average basket values from consumer i, restaurant j, source k in past T days

Source k (name of the row or “single restaurant”)
Vertical & horizontal position of the recommendation item
City, geolocation, language, device

Temporal features including day of week, local hour of day, meal period

Table 1: List of features for the ML models in the MO-module. T=7,14,30,60,120.



A.2 Proof of the concavity of the Pareto frontier.

Proof. Proof of the concavity of the Pareto frontier. We prove the case for the trade-off
between the conversion objective C'(x) and the basket value objective B(x). The cases
for other objectives readily follow.

Given B* is a fixed constant independent of @, we let A\ := «; B* and rewrite the

optimization problem as

max C(x)

TzEF (1)

s.t. B(x) > A
where F = {x € £ : R(x) > o, R*, E(x) > a.E*} is the feasible region for . Let x}
be the solution to Eq.(I]) which is a function of \. We would like to show that C'(x3}) is
concave in B(x}) as a function of A. We decompose the proof into two steps, which are
the two claims below.
Claim 1: z(\) := C(x}) is a concave function of .

Proof. Define the Lagrangian function as
L@, 1) = C(@) + p(B(x) = X), >0, (2)
Therefore the dual problem for Eq. can be written as

Dx(p) = max Ly (2, p) = —pA +max (C(z) + pB(z))

xeF

(3)
= —/L>\ + H(ﬂ))

where £(p) := maxger (C(x) + pB(x)). Because Eq. (1)) is a feasible linear optimization
problem, strong duality holds, i.e.

2(A) = max C(x) = min Dy (p), (4)

i
xeGy n>0

where Gy = {x € F: B(z) > A} is the feasible region for Eq.(I]). For any positive A1, Ay
and t € [0, 1], we have

2(tAr+ (1= t)Ag) = min (—p(th + (1 — t)A2) + k()

> tmin(—pAs + s(p)) + (1 = t)min(—pls + #(w)) (5)

= 1Dy, (1) + (1 = £) Dx, (1)
=tz(A) + (1 —t)z(A2), Vt € [0, 1].

Therefore by definition of concavity, z(A) is concave in .
Claim 2: B(x}) is a piecewise linear function of A. Specifically, B(x}) = Ao for
A< Ao, B(®}) = A for A > Ao,



Proof. Let

xo = argmax C(x) (6)
xcF

be the solution to a modified version of Eq. that relaxes the feasible region from G to
F. If there is more than one solution to Eq.(0)), pick zy to be the one such that B(z)
is mazimized. Let \g = B(xg). Ao can be bigger or smaller than A. We discuss the two
cases separately below.
If A < )\, then zq is also the solution to the original optimization problem in Eq..
Therefore B(x}) = A.
Otherwise, if A > Ao, next we show that B(x}) = A\. Because G C F and z} =
argmax,c; C(x), we have
O(x}) < Clao). (7)

We know that

If C(x}) = C(xo), by Eq. it contradicts with the assumption that x, is picked among
the optimal solutions such that B(z) is maximized. Therefore the inequality in Eq.(7) is
strict, i.e.

C(x3) < Clo). (9)
Note that if B(x}) > A, we have B(x}) > A > B(x). By linearity of B(-), we have that

there exists a &’ = t'xo+ (1 —t')x} such that ¢’ € (0,1) and B(2') = A. Then by linearity
of C(-) and Eq.(9)), we have

C(z') =t'C(xy) + (1 — t')C(x})
>tC(xy) + (1 —t)C(xy) (10)
= C(x}).

Because the feasible region G is convex and @’ is a linear combination of two points within
G, we have ' € G but C(a') > C(x}). This contradicts the fact that a3 is the optimal
solution for Eq.(I)). So we must have B(x}) = X for A > Xo. So B(x}) is a piecewise

linear function in .

B(x3)

Figure A.2: An illustration of a concave trade-off curve. A small sacrifice in one of the
objectives can lead to a big improvement in the other.



Finally, combining Claim 1 and 2, we arrive at the conclusion that C'(x}) is concave
in B(x}). In other words, the trade-off curve between C(x}) and B(x}) with varying
A is a concave curve. The benefit of a concave trade-off curve is illustrated in Fig[A.2]
Comparing with point A on the trade-off curve, point B achieves a big boost in B(x})

with only a small sacrifice in C(z}). O O

B Additional Details on Offline Evaluation

B.1 Stability of ML Model Performance

Figure shows the AUC (on next day’s test data) of the consumer conversion model
in the MO-module over consecutive 21 days. For a training data of 30 days, the initial
29 days are utilized for training, while the final day is reserved for validation. This
temporal split of the training and validation datasets replicates the online setting, where
models trained using data up until the previous day are deployed to handle the current
day’s traffic. Therefore the offline AUC can be viewed as a proxy metric for model
online performance (on future data that are potentially off-policy). The next-day AUC
in Fig[B.3]is stable across the 21-day period, with a maximum of 0.8640, and a minimum
of 0.8488, all within 1% change of the mean value 0.8562. In other words, the off-policy
model performance is stable over time, demonstrating that the techniques described in
Section are effective in enabling the ML models to consistently capture the evolving

dynamics of the multi-sided marketplace.
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Figure B.3: AUC of the consumer conversion model (on next-day test data) over 21 days.



B.2 Analysis of Short-Term Session-Level Bookings
B.2.1 Offline Analysis

Using the random ranking data and the offline replay methodology described in Section
5.2.1, we generated the offline predictions for conversion rates and basket values for
different values of the basket value objective weight (\y). In addition to the offline Pareto
frontiers presented in Section [5.2.2] we also present the offline results on short-term
session-level bookings here, which is computed by multiplying the conversion rate by
the basket value at each \,. Figure [B.4] shows the result of the short-term session-level
bookings. We see that as a result of the trade-off between conversion rate and basket
value presented in Fig[a] the short-term session-level bookings, which equals the product
of the two values, remains relatively flat for different )\, values. Therefore, the analysis of
offline short-term profit is not particularly helpful in selecting candidate values for A, for
online experiments. Instead, given that conversion is the most important business metric
for the company, we select candidate values for A\, so that the trade-offs lie in the “flat

region” of the Pareto frontiers in Fig[d] i.e. the drop in conversion rate is minimal.
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Figure B.4: Short-term session-level bookings from offline replay analysis. To preserve confi-
dentiality, the tick values on the y-axis represent the percentage over the maximum values.

B.2.2 Online Analysis

Figure |B.5|shows the short-term session-level bookings for varying A, values in the online
experiments described in Section We see that apart from the extreme weight A\, =
0.1 under which the basket value objective dominates the final ranking, the short-term
session-level bookings for the other \,’s are statistically indistinguishable. In particular,
they are all within 0.5% difference of each other as predicted by the offline analysis in
Fig[B.4 However, at the extreme boost A, = 0.1, there is a significant drop in short-term

session-level bookings, which is different from the offline prediction. The reason for this



is the “backfire” effect that causes consumers losing trust in the recommender system

and abandoning homepage, as described in Section and Web Appendix below.
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Figure B.5: Online short-term session-level bookings with varying Ap. To preserve confiden-
tiality, the tick values on the y-axis represent the percentage over the maximum values.

C Additional Details on Online Experiments

C.1 Results on the H-module

Table 2] and FiglC.6| presents the estimated scrolling factors in the experiment. Note that
there are at most 7 restaurants presented in every row. To see more restaurants within
the row, there is a “see all” button at the top right corner of every row. The H-module

is only applied to the top 7 positions within each row.
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Figure C.6: Estimated scrolling probabilities in the H-module.



Horizontal position | Consumer scrolling factor p;;;
0 100.00%

31.96%

6.58%

5.32%

4.65%

5.99%

0.36%

S U e W NN

Table 2: Estimated scrolling probabilities in the H-module.

C.2 Comparison with LinUCB as an Additional Baseline

We compare the performance of MOHR against an additional baseline, LinUCB. LinUCB
(Linear Upper Confidence Bound), proposed by [Li et al.| (2010)), is one of the most popular
algorithms used in bandit problems and belongs to the family of UCB (Upper Confidence
Bound) algorithms. We were unable to conduct additional live experiments due to the
constraints of the company, but luckily we were able to conduct unbiased offline evaluation
using the same random ranking data and offline replay method outlined in Section [5.2.1]

LinUCB is designed to address the exploration-exploitation trade-off by maintain-
ing estimates of the expected rewards associated with each arm a. In particular, these

rewards, 7,4, are linear functions of the features x ,:

E[Tt,a

_ T p*
ajtﬂ] - xt,aew

with some unknown coefficient vector %. The estimates of 6, denoted as éa, are up-
dated based on the agent’s interactions with the environment. The algorithm assigns a
confidence interval to each arm’s estimated reward, and the arm with the highest upper

confidence bound is chosen:

a; 2 arg max <x:£aéa + ay/ x%F,aAalvft,a) , (11)

acA

where A; is the set of actions at trial ¢. In the context of restaurant recommendation, A
is the set of restaurant candidates. A, tracks the covariance matrix of the d-dimensional
feature z; , and is updated when action a is picked. « controls the exploration-exploitation
trade-oftf and higher o values lead to more exploration. For more details of the LinUCB
algorithm see Algorithm 1 of Li et al| (2010). As LinUCB is only designed for one-
dimensional ranking, in the experiments below we compare MOHR against LinUCB with
fixed within-row ranking. Note that this does not offer MOHR more advantage, as the
with-row rankings are fixed for both MOHR and LinUCB in the offline experiments.

In our experiments, we consider LinUCB with the following objectives: (1) consumer
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conversion; (2) basket value; (3) restaurant exploration. We were unable to conduct
offline evaluation for the consumer retention objective for the same reason mentioned in
Section

An important input to the LinUCB algorithm is the feature vector z;, for every
trial ¢ and every action a. Due to the limitation of the engineering infrastructure at
the company, we were unable to extract the full feature set used by the ML models in
the MO-module. In addition, as the complexity of the LinUCB algorithm scales with
d® where d is the number of features (this is due to the inversion of A, in Eq.(L1)), an
increasing number of features will rapidly make LinUCB slower to run. Therefore, we
aim to replicate features from the feature pipeline to the maximum extent possible, while
ensuring that the running time of the LinUCB algorithm remains within acceptable time
limits. As a result, we ended up with 12 features from the top 20 features used by the ML
models in the MO-module, which are: delivery fees, average restaurant ratings in past
30 days, restaurant order count in the past 120 days, restaurant order ratio in the past
14 and 30 days, (consumer, restaurant) impression-to-order ratio in the past 14 and 60
days, (consumer, restaurant) impression-to-click ratio in the past 14 and 60 days, whether
the consumer has membership, whether the restaurant belongs to a chain, weekday vs.

weekend, and consumer order counts in the past 120 days.

C.2.1 LinUCB with conversion as the reward

Figure[6]in Section [6.4.1) of the main text shows the results from offline replay comparing
MOHR against LinUCB with various « values, on the same offline random ranking data
as described in Section £.2.Il There are about 140k matched sessions under the offline
replay methodology for both methods. Note that the MOHR trade-off curves (in blue
dashed lines) in Fig@ and are exactly those in Fig, but plotted on a much wider
x-axis and y-axis.

There are several observations from these plots. First, Fig[6a] clearly illustrates that
the counterfactual consumer conversions and basket values achieved using the LinUCB
approach are consistently dominated by those attained through MOHR, indicating the
superiority of MOHR. In particular, the objective values under LinUCB only achieves
50%-93% of those under MOHR. This can be mostly attributed to the fact that linear
reward models are expected to perform worse than ML models in their predictive powers.
LinUCB consists of two components: a reward model (z,6;) for “exploitation”, and an
uncertainty component (y/z{,Az'2,,) for “exploration”. Both components are derived
based on the assumption that the true reward model is linear in the covariates. The theo-
retical guarantees of LinUCB are also established based on the assumption that the linear
reward model is correctly specified. However, the linear assumption is quite limiting and

often unrealistic in practical scenarios, such as in real-time conversion rate prediction,
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leading to potential model misspecification. Consequently, since the exploration mech-
anism relies on the accuracy of the linear reward model, which is likely misspecified in
real-world contexts, its ability to conduct effective exploration is compromised due to the
inaccuracies in the uncertainty component. On the contrary, MOHR’s conversion model
utilizes a machine learning framework capable of identifying non-linear relationships and
interaction effects across a comprehensive set of features. Therefore, it is expected that
MOHR will more accurately estimate conversion rate than LinUCB, contributing to the
superiority of MOHR over LinUCB approaches.

Second, the trade-offs between conversion and restaurant exploration under LinUCB
is better (the colored dots in Fig. are closer to the blue curve compared with Fig
although still mostly dominated by MOHR. This is expected as LinUCB is designed for
optimizing the trade-off between exploration (y-axis in Fig and exploitation (x-axis
in F ig for improving long-term conversion, but not the trade-off between conversion
and basket value. Interestingly, the restaurant exploration objective under LinUCB can
potentially achieve even better values than those under MOHR (o = 2 and aw = 3 in Fig
result in exploration objective values exceeding 100%), probably because the restaurant
exploration objective is positively correlated with the uncertainty component in LinUCB.
However, these aggressive improvements in the exploration objective result in a 40% drop
in the consumer conversion objective. Given that consumer conversion stands as the top
business goal within the company, our focus remains only on segments of the trade-off
curve where any potential sacrifice in conversion is limited to a mere fraction (e.g., less
than 1%). Thus, in the regions where the trade-offs are practical to the company (top left
region of the Pareto frontiers), MOHR still strictly dominates all LinUCB approaches.

Third, we notice that unlike MOHR where the objective weights control the trade-off
in a monotone way (Fig, there is no monotone relationship between the o values and the
trade-off curve. This is expected as the objective weights in MOHR are designed to control
the importance of multiple objectives, while a values in LinUCB aims at controlling the
trade-off between exploration and exploitation in optimizing a single objective (Even in
Figl6h] where « is exactly expected to control the degree of exploration, the restaurant
exploration objective value we defined is on restaurant level and not the same as the
uncertainty component in the LinUCB framework, therefore we do not expect these
values to align.).

Lastly, we would like to call out the running time differences between LinUCB and
MOHR in our experiments. Assuming there are T sessions and N restaurants in total, the
complexity of MOHR over these sessions is O(NT log N), while LinUCB is O(NT log N +
NTd?). When d® > log N, which holds true in our case, the running time for LinUCB is
much longer than that of MOHR.

11



C.2.2 LinUCB with basket value or restaurant exploration as the reward

While this might not be a typical configuration for LinUCB, we also conducted exper-
iments with basket value or restaurant exploration as the single objective for LinUCB.
Figure shows the trade-off plots from these additional experiments. We see that there
are minor improvements in the corresponding objectives that are used as the LinUCB
objectives. Specifically, the basket values are improved when basket value is used as
the LinUCB objective (F ig; The restaurant exploration values are improved when
restaurant exploration is used as the LinUCB objective (Fig. This is expected as
LinUCB is designed to optimze the single objective of interest. However, MOHR still
dominates LinUCB in these trade-offs. The observations are similar to those from when
using conversion as the single objective (Fig@ and confirms the superior performance of

MOHR.
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Figure C.7: Additional experiments comparing MOHR, and LinUCB, which uses basket value
or restaurant exploration as the single objective for LinUCB. Tick values are presented as
percentages relative to the maximum values of the objectives under MOHR, while actual values
are omitted due to business compliance reasons.
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C.3 Additional Baselines for Hierarchical Ranking

The hierarchical context we are dealing with involves ranking rows of products along
with single products. To the best of our knowledge, there are no publicly available
benchmarks in these settings. Despite this, similar hierarchical settings are prevalent in
prominent content recommendation platforms like Spotify and YouTube. Unfortunately,
these platforms haven’t yet disclosed their benchmarks to the public or academia.
However, drawing from anecdotal insights, we can summarize a few practices employed
within the industry for hierarchical ranking. The main challenge is the calibration among
different levels of aggregation of products (e.g. comparing the attractiveness of a row of
products vs. individual products). To address this calibration challenge, the industry

has mainly adopted the following three approaches for ranking in hierarchical settings:

e Heuristic-Based Approach: Rows are assigned fixed positions in the feed (e.g.,

positions 2, 8, and 14 for rows), with other positions reserved for single products.

e Disjoined Systems: Rows and single products are ranked independently using
separate ML systems, with another model deciding the number of rows to display.
The production system at the company adopts this approach as described in main

Appendix [C.2] which is used as the baseline in our experiments.

e Dimension Reduction: Only the first product within each row is used in deter-
mining the ranking score for that row, as opposed to using all products available
in the row. This effectively reduces the two-dimensional ranking problem into a

one-dimensional ranking problem.

Disjoined Systems were previously shown to outperform Heuristic-Based Approaches
by the company, leading the company to adopt them as their production recommender
system. In our online experiments, we showed that MOHR outperformed the Disjoined
Systems (Section , leading us to believe that it also outperforms the Heuristic-Based
Approaches. The first ablation study in the H-module (Appendix belongs to the
Dimension Reduction approach, where the ranking score for a row equals to that of the
first restaurant within the row. Remarkably, MOHR also outperforms such Dimension
Reduction approaches. In summary, our work demonstrates that MOHR achieves superior

performances to all three recognized approaches for hierarchical ranking.

C.4 “Backfire” effects with extreme )\ values.

In this section, we provide more insights on the “backfire” effect observed in Fig[oh| at
Ay = 0.1, and why the offline Pareto frontier in Fig{da] failed to capture such events.
When the weight on the basket value objective is increasing in a reasonable range

(Ay € [0.001,0.01]), the consumers are placing more expensive orders but less likely
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to order (shown as the trade-off between “actual basket value per order” and “actual
conversion rate” in Fig.. When the weight on the basket value objective is extreme such
that the restaurants are essentially ranked by the predicted basket value, the consumers
lose trust in the recommender system. This is evidenced by the increase in search rate
and order position, and decrease in new consumer retention.

For the consumers who went to the Search tab, the search ranking algorithm used by
the platform is a single-objective ranking function based on conversion (MOHR is only
applied to the homepage), so the basket value of those orders placed from the Search tab
will look similar to when A\, = 0. For the consumers who remained on the homepage, we
looked into the past experiment results and found that there is also a significant 3.8%
increase in the vertical order position, which suggests that the consumers were scrolling
deeper down the feed and ordering from cheaper restaurants.

The fact that conversion rate does not drop under A\, = 0.1 should be because of the
switching cost in the current session: the consumer is hungry and they will place an order
even if the homepage recommendations are unsatisfactory. This explains the observation
that the data point for A\, = 0.1 has a similar conversion rate and basket value as the data
point for A\, = 0 in the short term. But the fact that retention drops for new consumers
is a sign for consumers losing trust on the recommender system and the platform overall.

Note that the observed “backfire” effect does not suggest inaccuracies in the ML
models predicting basket value or conversion rates. On the contrary, both models gen-
erate reasonable predictions, particularly in scenarios involving pricier restaurants. For
instance, as illustrated in Fig[C.8| with restaurants categorized by increasing price levels
(indicated by the number of dollar signs), there’s a notable trend: the average predicted
conversion rate decreases (Fig7 while the average predicted basket value—assuming
an order is placed—increases (Fig/C.8b|). This confirms that both models are capturing
the correct trend for pricier restaurants: consumers are less likely to order from them,
but when they do, the average basket value is higher.

Instead, we would like to call out that this “backfire effect” comes from the fact that
the recommendation framework is not explicitly modeling the “trust” component for con-
sumers. This is a limitation that is not unique to our MOHR framework, but rather, all
recommender systems. Specifically, recommender system literature assumes that the con-
sumers will make a decision based on characteristics of the individual products, not how
much they trust the recommender system or enjoyed the homepage overall. Therefore,
they are not able to capture extreme scenarios where the aggregated recommendation
results lead to a diminished trust in the system. There are mainly two reasons why trust
is not explicitly modeled in current recommender systems. First, accurately modeling
such rare and extreme events would require an extensive dataset capturing these events
across diverse contexts. For food delivery platforms, this would involve presenting ex-

clusively high-priced restaurants to a wide-ranging sample of consumers under various
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Figure C.8: Predicted conversion rate and basket value by restaurant price category. Values
are represented as percentage over the maximum values for each quantity for compliance reasons.

conditions—a dataset that would be prohibitively expensive to obtain. Second, there is
little practical meaning in modeling these extreme events where consumers lose trust in
recommender systems, as they rarely happen. Instead, a more beneficial approach for
platforms is to implement safeguards to ensure the overall quality of recommendations.
For instance, the food delivery platform we collaborate with has established a (personal-
ized) conversion rate threshold, and restaurants falling below this threshold are removed
from the ranking process. This measure effectively guarantees that consumers are un-
likely to see a recommendation list dominated by the most expensive restaurants (unless
their previous orders were exclusively from such restaurants), making specific scenarios
like the extreme test group (A, = 0.1) unlikely to happen in the real world.

Now we dive into why the offline evaluation in Fig/da] failed to capture such backfire
effects at extreme A\ values. On a high level, the mismatch between offline and online
results at the extreme weight A\, & 0.1 is because of the fundamental limitation of offline
evaluation on out-of-distribution (OOD) data. Specifically, at A = 0.1, the final ranking
function is dominated by the basket value objective (the basket value objective is about
2 to 3 orders of magnitude larger than the other three objectives) and the recommended
restaurants are exclusively more expensive ones. The offline random ranking data used
by the offline evaluation is extremely unlikely to cover such extreme ranking outcomes.
Although we cannot disclose the accurate number of restaurants available to each con-
sumer, we provide a hypothetical example here to illustrate this point. Suppose there
are 300 restaurants in total and the consumers usually browse the top 20 recommended
restaurants. In the random ranking data, all 300 restaurants are ranked completely at

random. Then the probability that the top 20 restaurants are all from the top 30 most
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expensive restaurants (i.e. top 10 percentile in terms of basket value) is equal to

P (secing exclusively expensive restaurants in top 20 positions | random ranking)

30
_ (o) 20! 2800 £x 1072,
300!

(12)
which is implying that such scenarios would basically never appear in the offline evaluation
data, i.e. they are considered as out-of-distribution. Without such data, the offline replay
method we used is unable to capture the phenomenon where consumers lose trust and
subsequently abandon the homepage when seeing an exclusive list of expensive restaurants
in the recommendation results. And this is simply because this scenario was almost never
observed in the random ranking data. As a result, the offline Pareto frontier merely
extrapolates to out-of-distribution scenarios based on existing trends. It inaccurately
predicts that a huge weight on the basket value objective will lead to a huge boost in the
actual basket value per order (Fig..

To further illustrate this point, we conducted additional simulations. We simulated

= 300 consumers and J = 500 restaurants, and generated the conversion matrix C' =
(cij) € R and the basket value matrix B = (b;;) € R™/ where ¢;; and b;; represent
the ground truth conversion and basket value between consumer ¢ and restaurant j, and
are randomly sampled from lognormal distributions with ranges similar to those from the
ML estimates (we unfortunately cannot disclose those values due to business compliance
reasons). We assume the system has perfect knowledge of the conversion rate and basket
value for every (consumer, restaurant) pair, i.e. the ML conversion model and the ML
basket value model have zero prediction errors. To explicitly incorporate the extreme
case of consumer losing trust in the homepage when seeing extreme recommendations in
the offline evaluation, we generate the consumer’s conversion behavior according to the
following mechanism: If all of the top N recommended restaurants for a consumer are
from the top = percentile in terms of the basket value, then she will abandon the homepage
and go to the Search tab, which uses the default ranking function with conversion as
the single objective (i.e. all A values are zero). In order words, consumers will lose
trust in the recommender systems when they see exclusively expensive recommendations,
and they will abandon the homepage and behave as if there were no multi-objective
recommendation.

By explicitly incorporating such out-of-distribution data of losing trust, we show that
the offline evaluation framework will now be able to predict the “backfire” effect as
observed in the online experiments. Specifically, we regenerate the offline Pareto frontier
using the simulation data with N = 10 and z = 20 (i.e. consumers are simulated to
abandon the homepage if all top 10 recommended restaurants are from the top 20%

expensive restaurants).
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Fig|C.9a) shows that the “backfire” effect indeed emerged when A\, = 0.1, effectively
closing the gap between the offline Pareto frontier and the online results originally ob-
served in Figl] and Figlf] As a sanity check, we conducted an ablation study with the
trust component removed, assuming that consumers would not abandon the homepage
even when presented with an exclusive list of expensive recommendations. The results are
shown in FigJC.9bl We see that the “backfire” effect disappears in this scenario, replicat-
ing the original offline Pareto frontier result shown in Figla] This reaffirms that trust is
indeed the underlying mechanism contributing to the observed discrepancy between the
offline Pareto frontier (Figure and the online Pareto frontier (Figure at Ay = 0.1:
Given the ML models in the simulation are designed to have perfect predictions of the
objectives, the only difference between the data used to generate FiglC.9a] and Fig|C.9h
is the presence of the trust component.

Lastly, we emphasize that the observed “backfire effect” rarely happens in practice
and is out of managerial interest. Specifically, given that conversion is the top important
business metric for the company, only the top left regions of the Pareto frontiers (where
the drop in conversion is minimal) in Fig and Fig are of practical importance to the
platform. In other words, the cases when there are aggressive boosts on other objectives
are not practically meaningful for the platform, as they would never be comfortable to

sacrifice that amount of loss in conversion in exchange for gains in other objectives.
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Figure C.9: Simulation of the offline Pareto frontier with (FiglC.9al) and without (FiglC.9b)
the trust mechanism.

C.5 Service Quality Objective

Approximately one year after the initial launch of MOHR, the company experimented
with an additional objective, called service quality. It models the probability that an

order will be successfully fulfilled in time, which is a binary outcome capturing delays,
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cancellations, courier unfulfilled orders and any customer reported issues:
S(imj: k) = E[S(Za ja ka Z)|O(Z, j7 kv Z) = ]-] - fs(aia Ajy Ay Qg y Qify Qjkey Aijles Z)) (13)

where S(i, j, k, z) is a binary random variable taking value 1 if the order from consumer
17 on restaurant j from source k is fulfilled in time without a support ticket afterwards,
and 0 otherwise. Similar to the basket value and consumer retention objective, it is a
counterfactual estimation conditioning on the consumer placing an order in the current
session. The offline AUC for the service quality model is 0.61.

The inclusion of the service quality outcome (with optimal objective weight equal
to 1.5) resulted in a 0.7% decrease in the order unfulfillment rate, without significantly
impacting other core business metrics. Considering the cost of customer support at the

company, this reduction translate to a $2.9 million decrease in support staffing cost.

C.6 Robustness Checks
C.6.1 Randomization Check.

To check if the random assignment for the online experiments truly holds, we inspect the
treatment and control consumers before the experiment start date, when they were all
receiving recommendations from the same production recommender system. This is called
A /A test in the industry. Specifically, we collect 472 metrics related to different aspects of
consumer behaviors! including the key business metrics in the results above, and conduct
hypothesis testing on whether the differences between treatment and control groups are
statistically significant before the experiment start date. Specifically, we compute the
p-values for the metric differences between treatment and control group 28 days before
the experiment start date, when both treatment and control consumers are expected to
receive recommendations generated by the same algorithm. Table |3 shows that the A/A
testing p-values are all greater than 0.05 (or 0.10 depending on the significance level of
choice), suggesting that there is no significant difference in the treatment and control

group in terms of the key business metrics, before the experiment start date.

Metric Conversion rate  Basket value per order  Retention rate  Orders per consumer  Search rate

A/A testing p-value | 0.326 0.452 0.947 0.853 0.286

Table 3: p-values for the A/A testing on key business metrics.

We further collected a comprehensive set of 472 metrics capturing various aspects
of consumer behavior on the platform and across different surfaces, and computed the
p-values for the 472 metric differences. Under the null hypothesis that treatment and con-

trol group consumers are not statistically different, the p-values should follow a uniform
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distribution. We conduct the Kolmogorov-Smirnov (KS) test on the empirical distri-
bution of those 472 p-values, and could not reject the null that they follow a uniform
distribution on [0,1] (Fig , suggesting that our randomization holds true.

KS test w. p-value = 0.11065

\
\\
\
)
-

o4 [+X a8 1.0
p-values of 28d AA test

Figure C.10: Histogram of the p-values for the 472 metric differences for A/A test.
Kolmogorov-Smirnov (KS) test which compares the empirical distribution of the p-values against
the uniform distribution on [0,1] has p-value of 0.11, which fails to reject the null hypotheses
that these metrics are not statistically significantly different during the A/A testing period.

C.6.2 Eliminating the Novelty Effects.

With the MOHR framework, rows and single restaurants are mixed together and the
homepage appears as a heterogeneous arrangement of items. One might argue that the
new display may introduce a novelty effect (Koch et al.[2018) and consumers’ engagement
levels with the platform might be higher in the beginning than when they become familiar
with the new design. We identified three pieces of evidence to counter this argument.
First, the first three days of experiment data is discarded in computing the metrics re-
ported in the previous sections, which eliminates part of the novelty effect. Second, there
is an improvement in long-term consumer retention (+0.7%) which by definition mea-
sures consumers’ future engagement with the platform after finishing the current session.
This means that the treatment effect of MOHR persists for at least 28 days. Lastly, we
measured the metrics for the new consumers during the experiment, whose first inter-
action with the platform is either always under the current production system (control
consumers) or always under the new display under the MOHR framework (treatment con-
sumers). Therefore, there is no novelty effect at play for those consumers. We observe
a significant 5.5% increase in the retention of new consumers which is even larger than
the overall retention increase. This suggests that the novelty effect, if it exists, actually
impacts the effects of the MOHR framework negatively as it introduces a “shock” to the
existing consumers with a new display, so that the positive effects on them are actually

smaller than the new consumers who have no prior experience with the platform.
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