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Abstract

In the modern attention economy, ranking is a ubiquitous task–across relevant
news feeds in social media, websites in search, products in e-commerce, music
and movies in audio and video streaming services, etc. Actions (tasks) in task-
oriented dialogue systems (TODS) can be viewed through this lens also. Current
recommender systems often deliver ranked items only and feedback comes mostly
from clicks, dwell-time, and other implicit feedback. They are therefore prone
to wasting substantial resources on ambiguous items, especially when the target
item is buried in a larger set of candidate items and the user needs to navigate
multiple slates–this scenario is expected to become more prevalent with the next
generation of resource-constrained wearable computing platforms, where TODS
will be bandwidth-constrained and users will have a low tolerance for errors. We
propose the Mixed-Slate Agent (MSA) method, which replaces the item-only slate
with a mixed-slate including either a fixed or dynamic set of binary facet or at-
tribute queries, selected by maximizing an acquisition function depending on the
joint item/response belief state. A partially observable Markov decision process
(POMDP) on the item belief-state formalises the dialog. This explicit feedback loop
is used only for immediate disambiguation and is embedded inside any existing rec-
ommender system. The resulting method is called the Hierarchical Implicit/Explicit
Feedback Recommender System (HIER). For K-element slates out of N ranked
items, our method can deliver up to a factor of O(N log2 K/K log2 N) asymptotic
improvement in scroll depth in comparison to the usual top-K approach. Numerical
experiments on a toy problem, a realistic simulated goal-space environment, and
real e-commerce and movie recommendation datasets demonstrate the impact of
the method.

1 Introduction

A typical modern recommender system involves candidate generation, ranking, and possibly several
stages of re-ranking, which may include in-session or real-time re-ranking [Covington et al., 2016,
Liu et al., 2022]. Candidate generation and ranking typically operate on an intrinsically passive
system assumption: the world-user state gives rise to the user’s preferences over items, and those are
inputs which are reflected in the output ranking, akin to a supervised learning problem. Contextual
bandit and reinforcement learning methods incorporate implicit feedback for exploration to improve
the global ranking model [Li et al., 2010, Agrawal and Goyal, 2012, Sun and Zhang, 2018]. The
output ranking from the recommender system is the starting point of the present work, and we aim to
make a case for leveraging queries from the system to the user for explicit feedback within a single
session, with the objective of disambiguating the user’s goal as swiftly as possible. It is worth noting
that active learning frameworks are also routinely applied in recommender systems [Boutilier et al.,
2003, Elahi et al., 2016], but these explicit exploration strategies are typically designed to improve the
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global ranking model, for example in the context of a cold start, rather than an immediate ephemeral
ranking. Recommender systems typically operate in a low-bandwidth interaction regime, with button
clicks being the primary mode of interaction, although they may be seeded with search text from the
user.

Task-oriented dialogue systems (TODS) [Zhang et al., 2020] on the other hand typically operate in
the high-bandwidth user response regime, for example text or voice, and are hence seeded with a
user request or command. The rest of the dialogue is about clarifying and confirming the user intent.
There has been some work incorporating further context into TODS [Kottur et al., 2021, Wu et al.,
2023], but the value added has been limited because typically (i) the space of intents and slots is
small/finite, and (ii) the user is able to explicitly specify their intent to initiate the dialogue. This is
likely to change in the future, for two primary reasons. First, 2025 has been named the year of Agents
[Barron’s, 2025], and along with multi-agentic systems [Chen et al., 2023] extensible frameworks are
emerging, like Apple Intents/Shortcuts [Apple Inc., 2025], Alexa Skills/Routines [Amazon, 2025],
Model Context Protocol [Anthropic, 2024], etc. Soon the number of intents and slots may be in
the millions or even billions, on par with modern recommender systems. Second, one can imagine
band-width constrained scenarios, for example where the interface is a wearable and voice is not
an option due to environmental circumstances, e.g. a noisy road or a quiet library. This scenario is
expected to become more prevalent with future computing platforms.

In such scenarios the goal is to formulate low-bandwidth dialogue for large goal-spaces, much like in
recommender systems, and prior context becomes crucial. Furthermore, users are much less tolerant
to errors in this scenario—it only takes a few errors for a user to stop using the new technology
and revert to classical interfaces and approaches. In the context of recommender systems more
broadly, users may often settle for a sub-optimal item, although this reduces watch-time on YouTube
[Covington et al., 2016] and monthly churn on Netflix [Gomez-Uribe and Hunt, 2015]. Therefore,
new hybrid approaches are required which blend the strengths of dialogue systems and recommender
systems. It is worth noting that Conversational Recommender Systems are picking up momentum in
this direction, but they typically intersperse individual high-bandwidth natural language queries with
recommendation streams [Sun and Zhang, 2018, Lei et al., 2020, Deng et al., 2021].

Partially observable Markov decision processes (POMDP) are a natural framework in which to
formulate both TODS [Young et al., 2013, Williams and Young, 2007, Budzianowski et al., 2018]
and Recommender Systems [Renoux et al., 2020, Araya-López et al., 2010]. The present explicit-
feedback recommender loop is built upon a POMDP model for actively inferring the item/action/task
belief distribution using a general acquisition function for the next query depending on the joint
belief distribution over items and response. Active Collaborative Filtering [Boutilier et al., 2003]
pioneered explicit query selection via expected value of information (EVOI), which is a special case
of our approach, but its item-rating questions target offline global/background improvement of the
recommender model. Our Mixed-Slate Agent (MSA) dialog instead generates queries in-session
with the objective of immediate disambiguation, updating the slate in real time and requiring only
low-bandwidth binary feedback. In the special case of expected information gain (EIG) [Lindley,
1956, Houlsby et al., 2011], the setting is similar to 20 Questions [Jedynak et al., 2012, Suresh, 2017,
Chen et al., 2018] and information pursuit for decision trees [Geman and Jedynak, 2002, Jahangiri
et al., 2017]. We will constrain our attention to binary system queries for the time being since they
equate to buttons, which we envision as a core component of the initial (G)UI design. However, this
can be arbitrarily generalized, for example to queries which are literally custom-generated multimodal
UIs. As such, the system queries will be attributes, categories, keys, or facets, associated to the items
[Hearst, 2006, Tunkelang, 2009, He et al., 2015]. They will be hard-coded and known, although
a small error may still be assigned to the binary likelihood probabilities to relieve brittleness. The
expectation is that items have been filtered by earlier stages of ranking, and the number of items
N is in the 100s or 1000s (or more). A prior probability distribution associated to these items is
assumed. If the system does not deliver probabilities by default, this can be derived either from a
Gibbs measure associated to item scores or as a ‘uniform plus epsilon’ modification in case only a
ranking is available.

The method is completed by embedding the inner explicit MSA loop inside an outer recommendation
engine such as HSTU [Zhai et al., 2024], which processes the implicit feedback logs nightly as usual.
Optionally we can include a supervised learning module to learn the attribute/item adjacency matrix.
This can be valuable for catching secondary attribute-item ambiguity which can arise when items are
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Figure 1: HIER method flowchart. The MSA explicit feedback loop is shown in red. After this
ephemeral on-device session, the observed logs are sent to the cloud for the standard implicit-feedback
recommendation system and learning the human response model.

concatenated. The full system is called the Hierarchical Implicit/Explicit Feedback Recommender
System (HIER).

2 The Mixed-Slate Agent (MSA)

The objective of the HIER system is to discover the user’s true target goal g∗ when engaged. The
inputs to the system are described as follows. The user u and the context x give rise to the space of
goals G, and a prior over those goals, p0. This occurs in the Recommender System module in the
cloud, and we can think of it as retrieval and ranking. Then the space of goals G gives rise to a space
of system queries Q, which in turn gives rise to the space of responses R (assumed to be the same for
all queries as a matter of convenience). The likelihood describes the relationship between elements
(y, a, g) ∈ R×Q× G. This may either be rule-based category facet assignment (y = 1 if the facet
applies or 0 otherwise), or learned more generally by the Human Response Model.

Given these inputs, we can now define the MSA, which is a greedy/myopic policy for the POMDP.
At each step, the input to the MSA is a belief distribution over goals and responses for any query
a′n ∈ Q

gn−1 ∼ pn−1 = p0(· | a1:n−1, y1:n−1), yn ∼ p(· | gn−1, a
′
n) .

The output is the action which maximizes the acquisition function Φn

an = arg max
a′
n∈Q

Φn(a
′
n), Φn(a

′
n) = Eyn

[
Un−1[pn−1(gn−1, yn | a′n)]

]
,

where Un−1[pn−1(gn−1, yn | a)] is a utility function of the joint goal-response belief state, whose
output depends on the response yn but not gn−1, and Eyn

denotes expectation with respect to yn.

The acquisition function itself is given by expected information gain (EIG), maximum marginal
entropy (MaxEnt), or expected maximum probability (MaxProb). These are given explicitly in
Appendix A. The action a is a slate of Q binary queries and G goals, where Q+G = K, and we let
Q = G = K/2 by default. See Appendix B for a description of the likelihood and further discussion
of batch optimization strategies.

Complexity. The complexity of the method can be understood as follows. The cognitive load
required from the user to respond to a slate of K items is log2 K, according to Hick’s law [Hick,
1952], which is identical to a classical top-K query. If we begin with N items, then the total number
of items remaining after a single slate is N −K or 1, following a top-K (G = K) slate, whereas it is
bounded below by N/(K + 1) following an all-query slate (Q = K).
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Figure 2: Toy problem, generated data, ε = 0.

Figure 3: Results associated to digital actions (left), Amazon products (middle), and movielens
(right).

The maximum number of all-query slates can be derived as follows. Suppose we have N uniformly
distributed items (up-to ε so that they have a ranking), without loss of generality. Then the starting
entropy is H0 = log2 N . If the items are not uniformly distributed, then we consider the effective
number of items as Neff = 2H0 . We can obtain a maximum expected information gain of log2 K with
each slate, and if this is achieved then the maximum number of slates is bounded by log2 N/ log2 K.
Defining ϕ(N) = N/ log2 N , the theoretical speedup is O(ϕ(N)/ϕ(K)) under this scenario. In
general, we can expect improvement from linear to logarithmic in the number of slates, similarly to a
binary search tree. See Appendix B.2 for more discussion on the outer loop(s).

3 Numerical Experiments

Figure 2 illustrates the various methods on toy generated data for N = 32, 256, 1024 items and even
mixed slates of K = 2, 4, 8. The second dataset we consider is a generated set of digital actions, built
by gpt-o3 [OpenAI, 2025] by generating domains, intents, slots, and values, as well as categories for
the resulting actions. Results are presented in the left panels of Figure 3. The middle and right panels
are for a subset of Amazon products [Leskovec et al., 2007], and Movielens movie and tag-relevance
[Vig et al., 2012] datasets.

The toy dataset is built with randomly generated Dirichlet(a) prior and Bernoulli(0.5) base likelihoods.
The actual likelihood used in practice is corrupted by a prescribed level of noise ε, so that its values
are in {ε/2, 1 − ε/2}. In Figures 2 and 5 (in the Appendix) illustrate the various methods for
N = 32, 256, 1024 items and even mixed slates of K = 2, 4, 8, and for noise levels of ε ≈ 0 and
ε = 0.25, respectively. Figure 6 compares batch oblivious (K largest top-1) with batch optimal (K
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optimal) acquisition functions for N = 32, showing similar performance. The second dataset we
consider is a generated set of digital actions, built by gpt-o3 [OpenAI, 2025] by generating domains,
intents, slots, and values, as well as categories for the resulting actions. Complete results are presented
in Figure 7 in the Appendix.

3.1 Real-world Datasets

Next, we look at 2 real-world datasets. First, we consider the Amazon Products dataset [Leskovec
et al., 2007], comprised of a set of ≈ 5e5 products, and extract categories from the meta-data. This is
far too large to consider all-at-once at the edge and should be viewed as the database from which we
retrieve a random sub-sample of N = 1024 items. Next, we look at the Movielens tag genome dataset
[Vig et al., 2012, Kotkov et al., 2021]. This provides a learned tag relevance matrix for M ≈ 1e3
tags over N ≈ 1e4 movies, which we use as the HRM/likelihood – note this is the one example with
non-trivial probabilities, i.e. not in {ε/2, 1− ε/2}. We assume no model mis-specification, i.e. the
user simulator is identical to the HRM, noting that this will be minimal once the system is running
online with large numbers of users.

3.2 Observations from the Experiments

The following are notable observations:

• MSA always wins the race to disambiguation in comparison to the baselines for ε ≈ 0
(Fig 2), while in the noisy case ε = 0.25 (Fig 5) top-K just barely wins when N = 32 and
K = 8, a nd it is competitive with K = 4.

• Between the 3 acquisition functions there is no difference beyond noise for the toy model,
but we start to see a notable distinction in Figures 7, 8, and 9.

• All methods do better with larger K, but the gain is greater for the baseline methods.
• The gain of MSA over the baselines improves with N , becoming quite huge for N = 1024;

conversely, for small N = 32 and large K, top-K may actually be better for the first few
rounds (low recall). See left panels of Figures 2 and 5.

• The noisy channel increases the required number of slates.

4 Conclusion

This work presents the Hierarchical Implicit/Explicit Recommender (HIER), in which an inner
explicit feedback loop accelerates recall of the user’s target item, without any opportunity cost to the
outer Implicit Recommender System. The inner explicit loop is governed by the Mixed-Slate Agent
(MSA), which is composed of attribute or facet queries as well as items, endowing the user with the
control to sort through items rapidly. Numerical experiments illustrate the value and impact of the
method on two synthetic data examples and two real data examples.
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A Acquisition functions

The precise form of the acquisition functions are given below.

Expected Information Gain:

Φn(a) = I(gn−1, yn | a) =
∫
G×R

pn−1(dgn−1, dyn | a) log
(

pn−1(gn−1, yn | a)
pn−1(yn | a)pn−1(gn−1 | a)

)
.

Maximum (marginal) Entropy:

Φn(a) = H(yn | a) = −
∫
R
pn−1(dyn | a) log(pn−1(yn | a)) ,

pn−1(yn | a) =
∫
G

pn−1(dgn−1, yn | a) .

Maximum Probability:

Φn(a) = Eyn

[
max

g
pn−1(g | yn, a)

]
.

Note that the first and the third acquisitions can be written as expected value of information (EVOI).
See the Appendix for derivations.

B Likelihood

As mentioned above, the queries will be slates of basic binary queries. For N queries and M goals
we can represent the goal and binary query spaces as G = {1, . . . , N} and T = {1, . . . ,M}, and the
likelihood of a positive response is represented by an N ×M matrix P such that for (g, t) ∈ G × T ,
the probability of an affirmative response is given by p(y = 1 | g, t) = P (g, t). We will select a
batch of K binary queries a = (t1, . . . , tK) at each time. Typically, we will assume a single-select
type of response so that a K-fold ‘no’ is obtained if none of the queries is selected, and otherwise a
single ‘yes’ is obtained. The response space is therefore R = {0, . . .K}, with probabilities

p(y = 0 | g, a) ∝
∏
k

(
1− P (g, tk)

)
, p(y = k | g, a) ∝ P (g, tk) .

B.1 Batch Strategies

Figure 4: An example batch of 2 binary
queries represented with R=3 buttons (2
modality options).

The space of K binary query slates has dimension
(
N
K

)
,

which quickly becomes intractable for brute force methods.
Therefore, we consider graded approximations

• Batch optimal: a maximizes AF brute force
(small N and small K).

• Batch greedy: tk maximizes AF conditioned
on (t1, . . . , tk−1 ), for k = 1, . . . ,K. Note we
still require expectation over the 2k-dimensional
response-space each time, as this is still before
any observation. 1

• Batch oblivious: top K binary queries which
maximize the single binary query AF.

For non-explicit baselines, we will also consider slates
with all items (top-K) and randomly chosen queries. In practice we select a slate of Q queries and G
goals, where Q+G = K, and we let Q = G = K/2 by default2.

1As an intermediate version between oblivious and greedy, one can artificially impose a diversity penalty as
in Santos et al. [2010], Capannini et al. [2011].

2Note that goals are trivially binary queries with P (g, g′) ≈ δg,g′ , so we can let G ⊂ T , and Q,G
can be selected automatically and dynamically. This improves algorithm performance, but there is a hidden
user-experience cost.
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Figure 5: Toy problem, generated data, ε = 0.25.

B.2 The Outer Loops: Implicit-Feedback RecSys (IFR) and Human Response Model (HRM)
Learning

The design of the full HIER method is that the MSA is embedded inside the existing IFR and reset
for each session. By decoupling the likelihood terms associated with the dialog from other factors,
online and re-ranking methods can be used in tandem within session if desired. Occasionally the
system may need to feed the context back to the higher-level ranking or candidate generation stages
(IFR) to replenish the item space, possibly prompted by a null-state indicating the probability that the
user’s goal is not in the existing set.

Let wu,vg,hu, ea, fx be learned embeddings depending on parameters θ, and let ϕ = (β, γ) be
additional parameters characterizing the effect of the world context on the respective model. In
practice, the embeddings would typically be outputs of a deep/nonlinear model applied to raw features,
as in large-scale two-tower recommenders Covington et al. [2016] or more recent transformer-based
approaches Zhai et al. [2024]. An example architecture for the prior and the likelihood may be as
follows

p(g | u, x) ∝ exp(wT
uvg + βT fx) , (1)

ℓ(y = 1 | g, a, u, x) = σ(hT
uea + eTa vg + γT fx) , (2)

where σ is a link function such as sigmoid. This is just an example and any architecture is suitable.
Similarly, any recommender system method can be used to learn p(g | u, x) ∝ ru,x(g), including
contextual bandits and reinforcement learning. Note that the score/reward ru,x(g) is often modelled
as a random variable in RecSys, in which case we use its expectation or mode as a point estimator.

HIER keeps the live assistant on task. The Inner MSA loop uses queries only for immediate
disambiguation, which is fast and effective. The Outer RecSys and HRM learners harvest both
implicit and explicit logs later, improving θ and ϕ without ever subjecting a single user to gratuitous
exploration.
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Figure 6: Toy problem (N = 32), generated data, batch oblivious vs batch optimal.

Figure 7: Generated digital actions data.

Figure 8: Amazon products data.
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Figure 9: Movielens tag-relevance data.
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