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Abstract
We address the problem of interactive text-to-
image (T2I) generation, designing a reinforce-
ment learning (RL) agent which iteratively im-
proves a set of generated images for a user through
a sequence of prompt expansions. Using human
raters, we create a novel dataset of sequential pref-
erences, which we leverage, together with large-
scale open-source (non-sequential) datasets. We
construct user-preference and user-choice mod-
els using an EM strategy and identify varying
user preference types. We then leverage a large
multimodal language model (LMM) and a value-
based RL approach to suggest an adaptive and
diverse slate of prompt expansions to the user.
Our Preference Adaptive and Sequential Text-to-
image Agent (PASTA) extends T2I models with
adaptive multi-turn capabilities, fostering collabo-
rative co-creation and addressing uncertainty or
underspecification in a user’s intent. We evaluate
PASTA using human raters, showing significant
improvement compared to baseline methods. We
also open-source our sequential rater dataset and
simulated user-rater interactions to support future
research in user-centric multi-turn T2I systems.

1. Introduction
Advances in text-to-image (T2I) generation, fueled by pow-
erful diffusion models (Croitoru et al., 2023; Gu et al., 2023;
Rombach et al., 2022; Saharia et al., 2022; Yang et al., 2023;
Yu et al., 2022; Zhang et al., 2023; Liang et al., 2024), have
unlocked unprecedented possibilities for image generation,
as users can readily translate textual descriptions into stun-
ning visuals. That said, capturing precise user intent remains
a major challenge (Wu et al., 2023; Liang et al., 2024). As
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such, single-turn T2I generation may fail to encapsulate
a user’s nuanced and evolving image conception. This is
especially true for complex or abstract concepts, where a
user’s initial prompt may not suffice in achieving a desired
visual representation.

Addressing this challenge requires moving beyond the
paradigm of one-shot T2I generation towards a more it-
erative and interactive process (von Rütte et al., 2023; Wang,
2024; Liu et al., 2024), e.g., a collaborative setting where an
assistive agent interacts with a user, guiding them through
a series of refinements of their initial prompt. This inter-
active setup could allow for a more nuanced elicitation of
the user’s intent, gradually shaping the generated images
towards a desired outcome.

To this end, we introduce a Preference Adaptive and
Sequential Text-to-image Agent (PASTA), which learns
from user preference feedback to guide the user through
a sequence of prompt expansions, iteratively refining the
generated image. This sequential approach (see Figure 1)
allows users to articulate their vision more completely by
gradually reducing uncertainty or underspecification in their
original prompt. Our framework leverages the power of
large multimodal language models (LMMs) (Gemini-Team,
2024; Achiam et al., 2023) and reinforcement learning (RL)
(Sutton, 2018; Fan et al., 2023) to facilitate user-adaptive
co-creation.

Our approach for PASTA involves a multi-stage data collec-
tion and training process. We first collect multi-turn interac-
tion data from human raters with a baseline LMM. Using
this sequential data, as well as large-scale, open source
(single-turn) preference data, we train a user simulator. Par-
ticularly, we employ an EM-strategy to train user prefer-
ence and choice models, which capture implicit user prefer-
ence types in the data. We then construct a new large-scale
dataset, which consists of interactions between a simulated
user and the LMM.1. Finally, we leverage this augmented
data, encompassing both human and simulated interactions,
to train PASTA – our value-based RL agent, which presents
a sequence of diverse slates of images to a user. PASTA

1Both human and simulation data is open-sourced to sup-
port research on multi-turn T2I generation. Link to the dataset:
https://www.kaggle.com/datasets/googleai/pasta-data.
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Figure 1: An illustration of an agent-user interaction with L = 4 prompt expansions at each step, and M = 1 images per prompt
expansion. The user selection is outlined in blue. The agent presents prompt expansions based on the user’s previous responses to
maximizes the expected cumulative user satisfaction (i.e., value). See Appendix G for additional examples using M = 4 images for
L = 4 prompt expansions.

interacts with the user and sequentially refines its generated
images to better suit their underlying preferences.

Our contributions are as follows. (1) We formulate the prob-
lem of iterative prompt expansion using LMMs and T2I
models. (2) We collect a new, large-scale user-agent inter-
action dataset for the multi-turn prompt expansion setup.
Our dataset consists of almost 40,000 interaction rollouts.
(3) We train user utility and user-choice models with this
dataset, creating a simulator that is used to generate addi-
tional simulated data. (4) Finally, we utilize our datasets
to train PASTA, our value-based RL agent, demonstrating
its effectiveness through comprehensive human evaluations,
with significant improvements in user satisfaction compared
to a baseline LMM.

2. Background and Problem Setup
We begin with a short background on diffusion models,
LMMs, and RL. We then formulate our problem setup.

2.1. Background

Diffusion models (Ho et al., 2020; Ho & Salimans, 2022;
Croitoru et al., 2023; Gu et al., 2023; Rombach et al., 2022;
Saharia et al., 2022; Yang et al., 2023; Yu et al., 2022; Zhang
et al., 2023; Liang et al., 2024) have become a prominent
approach for T2I generation. These models add Gaussian
noise to an image until it becomes pure noise, and are then
trained to reverse this process, iteratively removing noise to
reconstruct the image. This denoising process is guided by a
prompt, enabling the generation of images that semantically
align with the textual description.

Large Multimodal Models (LMMs) (Gemini-Team, 2024;
Achiam et al., 2023) use Transformer models (Vaswani,
2017), and are trained to predict the next token in a se-
quence, where tokens can represent textual or visual infor-
mation. These models learn joint representations of text and
images, making them useful for prompt engineering in in-
teractive T2I systems, as they allow us to modify generated
outputs based on previously generated responses.
Reinforcement Learning (RL) (Sutton, 2018; Fan et al.,
2023) frameworks train agents to make a sequence of de-
cisions in an environment to maximize cumulative reward.
Value-based RL methods learn a value function that esti-
mates the expected cumulative reward for taking a particular
action in a given state. In our work, an RL agent learns to
select actions (prompt expansions) that lead to higher user
satisfaction.

2.2. Problem Formulation

We consider an interactive, sequential T2I decision problem
in which a user engages with an agent, visualized in Figure 1.
At time t = 0, the user issues an initial prompt (e.g., “A
white cat”) intended to capture a target image. At each turn
t � 1 the agent proposes L prompt expansions, which are
fed to a T2I model. The T2I model then generatesM images
for each prompt. The user sees the slate of M � L images
and selects the set of M images (corresponding to one of
the prompt expansions) that best reflects their preferences.
The process repeats for up to H turns.

Formally, the problem is given by a tuple
(U ;P; I; G;C;R;H; �0), where U is a set of user
types, reflecting different preferences; P is a set of feasible
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text prompts;I is a set of feasible images;G : P 7! � I

is a T2I generative model2; C : U � P � I ML 7! � [L ] is
a user choicefunction3; R : U � P � I ML 7! � [0;1] is a
user utility function; H is the horizon; and� 0 7! � U�P

is a distribution of users and initial prompts. At time
t = 0 , a user-prompt pairu; p0 2 U � P is sam-
pled from the initial distribution� 0. At each time
1 � t � H the agent selects a slate ofL prompt ex-
pansionsPt = f p`;t 2 PgL

` =1 and feeds them to the T2I
model G, which generatesM images for each prompt,
n

f I m;`;t � G(p`;t )gM
m =1

oL

` =1
. The user observes the

slate ofM � L images, and selects a set ofM images
corresponding to one prompt, and according to the choice
function C, i.e., ct � C(u; p0; I 1;1;t ; : : : ; I M;L;t ). We
assume a (latent) rewardr t � R(u; p0; I 1;` t ;t ; : : : ; I M;` t ;t )
re�ecting useru's satisfaction with the selected images.

2.3. RL Formulation

Our problem can be formulated as alatent contextual MDP
(Hallak et al., 2015; Kwon et al., 2021), whereU is the latent
context space. The state space consists of the user-agent
interaction history, with the state (history)ht at timet given
by:

ht =

(

p0|{z}
initial prompt

;

time step1
z }| {
f p`; 1gL

` =1| {z }
agent actionA 1

; f I m;`; 1gL;M
` =1 ;m =1 ; c1

| {z }
transition

;

...
time stept

z }| {
f pi;t gL

` =1| {z }
agent actionA t

; f I m;`;t gL;M
` =1 ;m =1 ; ct

| {z }
transition

)

;

the action space is any selection ofL prompts, transitions are
induced by theuser choicemodelC and the T2I modelG,
and reward is given by auser utility functionR. See Ap-
pendix A for a full description of this latent MDP.

A stochastic policy � : H 7! � P L maps in-
teraction histories to a distribution over slates ofL
prompts. Thevalue of a policy � is its expected cu-
mulative sum of rewards over users and initial prompts,

i.e., v� = Eu� � 0

hP H
t =1 r t

�
�
� u; �

i
: An optimal pol-

icy � � 2 arg max� v� maximizes the value. Thestate-
action value functionfor any h 2 H and P 2 P L is

q�
t (h; P ) = Eu� � 0

hP H
t 0= t r t 0

�
�
� u; ht = h; Pt = P; �

i
.

2More generally,G can be a function of useru or interaction
history. Here we assumeG is anon-adaptiveT2I model.

3More generally a user choice function can also depend on
prompt expansions. In our work we assume users only view the
generated images and the initial prompt.

3. PASTA: Preference Adaptive and
Sequential Text-to-image Agent

We solve the sequential prompt expansion problem using
RL. OurPersonalizedAnd SequentialText-to-imageAgent
(PASTA) engages with a user to adapt the prompt to their
preferences, and maximize (latent) user utility. The user's
typeu 2 U is unknown to the agent and must be inferred
during the interaction. This framework is related to meta-
RL (Wang et al., 2016; Duan et al., 2016; Finn et al., 2017;
Zintgraf et al., 2020), where each episode (or meta-episode)
samples a latent MDP from a prede�ned problem distribu-
tion. In our setting, the agent must adapt withinH steps
to the unknown MDP, and optimize the reward accordingly.
This requires balancing exploration and exploitation: the
agent must take actions that, on the one hand, provide im-
ages that re�ect (its estimate of) the user's preferences, and
on the other, improving its estimate of those preferences by
exploring other types of expansions/images. This can be
viewed as an implicit form ofpreference elicitation(Keeney,
1993; Salo & Hamalainen, 2001; Chajewska et al., 2000;
Boutilier, 2002; Meshi et al., 2023).

3.1. Candidate Action Generator And Selector

The state space of user interaction histories serves as suf�-
cient statistic (i.e., belief over users' types (Aberdeen et al.,
2007)). To solve our problem effectively, each interaction
with a user should provide the agent suf�cient information
about the user (e.g., through value of information (Boutilier
et al., 2003)). This requires the action space be rich and
diverse enough to enable information gain.

A straightforward approach toaction space designuses an
LMM to construct action candidates (in our case, prompt
expansion candidates). Speci�cally, we use an LMM to
process the current interaction history and generate a broad
set ofL C � L candidate prompts from which a slate of
L prompts can be chosen. Generating a large set of can-
didates has been shown to introduce diversity and induce
exploration (Tennenholtz et al., 2024). Instead of relying on
a given LMM to directly outputL prompts, we encourage
diversity by generatingL C prompts, and then selecting the
L-subset our agent deems optimal. This, in turn, expands
the effective action space our agent can leverage during
training.

Formally, we structure our policy class using acandidate
generator policy� C : H 7! � P L C and acandidate selector
policy � S : PL C 7! � P L . We �rst sample a set ofL C can-
didatesf pi;t gL C

i =1 � � C (ht ) and then selectL prompts from

those candidates, i.e.,Pt = f pi;t gL
i =1 � � S

�
f pi;t gL C

i =1

�
.

We assume� C to be a �xed, capable LMM, and focus here
on training the candidate selector� S .
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Figure 2:Top. PASTA policy framework: The LMM is used as a
candidate generator of a candidate set, from which the candidate
selector policy is used to select a slate.Bottom. Each prompt in
the slate is evaluated individually using a prompt-value model, and
the overall slate value is calculated as the average of the individual
prompt values.

3.2. Value-Based Candidate Selector

We use a state-action value function to de�ne our selector
policy, � S . Given candidatesf pi g

L C
i =1 and a state-action

value modelq� (h; P ) parameterized by� , we de�ne the
selector policy by

� S;� (h) 2 arg max
P 2P L

�
f pi g

L C
i =1

� q� (h; P ); (1)

wherePL (X ) = f P 2 X : jP j = Lg is the set of all pos-

sible slates of sizeL . EnumeratingPL

�
f pi g

L C
i =1 )

�
is, of

course, computationally expensive whenL C is large (a detri-
ment to both training time and inference ef�ciency). In-
spired by Ie et al. (2019), we decompose the value function
into a (weighted) average of prompt-valuesf � : H�P 7! R.
Speci�cally, we compute the value of each prompt, and esti-
mate the value of a slate by:

q� (h; P ) =
1
L

X

p2 P

f � (h; p):

This approximation reduces the exponential complexity of
�nding the best slate toO(L C logL C ) (i.e., by sorting the
prompt values over the candidate set). See Figure 2 for a
schematic of the PASTA policy and value function. PASTA
�rst prompts an LMM � C (i.e., candidate generator) to
generateL C candidatesf pi g

L C
i =1 � � C (h). It then uses

its candidate selector� S to select a slateP of prompts
according to Equation (1).

We train PASTA usingimplicit Q-Learning (IQL)(Kostrikov
et al., 2021), which estimates the TD error with the Bellman
optimality operator. IQL employs a soft estimate with a
value function trained to approximate the high expectile

without assessing state-actions outside the dataset distri-
bution, and has proven effective in of�ine RL with LLMs
(Snell et al.; Zhou et al., 2024). The IQL loss is:

L (�;  ) = Eh t ;P t ;r t ;h t +1 �D

�
(q� (ht ; Pt ) � r t

� v (ht +1 ))2 + L �
2 (q�̂ (ht ; Pt ) � v (ht ))

�
;

whereL �
2 (x) =

�
�� � 1f x< 0g

�
� x2, � 2 [0:5; 1] andv is the

� -expectile value estimate. Most notably, the IQL loss does
not require searching for the best slate (which is oftentimes
out of the distribution of the training data), making it very
ef�cient for training (see Appendix E.1 for further details).

4. PASTA Dataset

Training PASTA relies on the availability ofsequential
user-agent interaction data. While single-turn T2I prefer-
ence data is readily available (Wu et al., 2023; Kirstain
et al., 2023; Pressman et al., 2022; Liang et al., 2024),
sequential datasets are not. Hence, we collect human-
rater datafor our sequential setup, and further enrich it
with simulated data. Below, we describe our data cre-
ation process. All of our datasets are open-sourced here:
https://www.kaggle.com/datasets/googleai/pasta-data.

4.1. Human Rater Sequential Data

We use human raters to gather sequential user preferences
data for preference-adaptive T2I generation.4 Participants
are tasked with interacting with an LMM agent for �ve
turns. Throughout our rater study we use a Gemini 1.5 Flash
Model (Gemini-Team, 2024) as our base LMM, which acts
as an agent. At each turn, the system presents 16 images, ar-
ranged in four columns (L = 4 ; M = 4 ), each representing
a different prompt expansion derived from the user's initial
prompt and prior interactions. Raters are shown only the
generated images, not the prompt expansions themselves.

At session start, raters are instructed to provide an initial
prompt of at most 12 words, encapsulating a speci�c vi-
sual concept. They are encouraged to provide descriptive
prompts that avoid generic terms (e.g., “an ancient Egyptian
temple with hieroglyphs”instead of “a temple”). At each
turn, raters then select the column of images preferred most
(see the UI used in Appendix B); they are instructed to se-
lect a column based on the quality of thebestimage in that
column w.r.t. their original intent. Raters may optionally
provide a free-text critique (up to 12 words) to guide sub-
sequent prompt expansions, though most raters did not use
this facility.

4Raters were paid contractors. They received their standard
contracted wage, which is above the living wage in their country
of employment.
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After �ve turns, raters enter an evaluation phase where
they answer questions about each turn, including: (1) re-
con�rmation of their preferred columns; (2) quantifying
whether the image slate in the current turn is better than the
previous; and (3) a free-text explanation for their selection.
This process yields a dataset comprising sequential interac-
tion trajectories with user preference feedback and provides
valuable insight into the dynamics of multi-turn, preference-
adaptive T2I generation. Our human rater dataset includes
over 7,000 �ve-step sequences (more than 500,000 images
total), annotated by about 100 human raters using a random
candidate selector. See Appendix B for a comprehensive
description of the rater study.

4.2. Simulated Sequential Data

Simulated data can drastically improve performance of RL
agents (Kaiser et al., 2019; Yu et al., 2021; Liu et al., 2023;
Hafner et al., 2020; Micheli et al., 2022). For this reason,
we enrich the rater data above with additionalsimulated
agent-user interaction data. To do so, we develop auser
modelthat encodes distinct usertypesthat re�ect a range
of preferences. This model has two components: (1) A
user choice modelwhich predicts the image column a user
selects; and (2) auser utility modelwhich predicts a user's
satisfaction with an image slate. We outline details of the
user model in Section 5.

We begin by sampling a user and initial prompt from a joint
prior. We use a randomized exploration policy for the agent,
encouraging diverse interactions to distinguish preferences
across user types. At each turn in a simulated trajectory, the
agent proposes a slate of prompt expansions, and the user
(via the choice model) selects their preferred prompt. The
user utility model is then used to assign a satisfaction score
for the images generated using the selected prompt. This
process is repeated for �ve turns (see Appendix C for further
details and analysis of our data generation process). The
simulated user data includes over 30,000 rollouts (exceeding
2.5 million images). Augmenting our human-rater data
with this simulated data allows for more robust training of
PASTA, as we show later in Section 6.

5. User Model

The data generation process described in Section 4.2 re-
quires a user simulator consisting of both user choice and
utility models. We leverage our sequential human-rater data
(Section 4.1), together with large-scale open-source single-
turn T2I preference data (Wu et al., 2023; Kirstain et al.,
2023; Pressman et al., 2022), to build these models.

We �rst propose a user preference model based on funda-
mentalchoice theory(Pennock et al., 2000) that mimics
user's preference behaviors in an interactive recommenda-

tion system. Speci�cally, this model takes as input a user
type u 2 U, an initial promptp 2 P , and a slate of im-
agesPt = f I m;l;t gL;M

` 6= `;m =1 and estimates the probability

thatu prefers image columnf I m;` � ;t g
M
m =1 over the others

f I m;l;t gL;M
` 6= ` � ;m =1 , i.e.,

P
�

f I m;` � ;t g
M
m =1 � f I m;l;t gL;M

` 6= ` � ;m =1 ju; p
�

: (2)

In the typicalsingle-turnsetup (Wallace et al., 2024), by
settingM = 2 , L = 1 , and not assuming any user types,
Equation (2) reduces to a probabilistic model that estimates
the “global” (non-user speci�c) pair-wise preference be-
tween two images, i.e.,

Eu� � 0 [ P(I 1 � I 2) j u; p ]:

By contrast, our model is able to capture user-speci�c pref-
erences over a generic sets of multiple images.

Our user choice modelC exploits the preference model in
Equation (2), making the usual assumption that users select
images based on their inherent preferences; i.e.,

Assumption 5.1(Choice-Preference Equivalence). Assume
C � P, whereP is the preference model in Equation (2).

While, in general, user choice may also be be biased by
other factors (e.g., previous interactions, position bias, etc.),
this idealized model proves very useful in our experiments.

To further model user utility, motivated by the axioms of ex-
pected utility theory (Von Neumann & Morgenstern, 2007),
we model user utilityR : U � P � I ML 7! R, leverag-
ing the preference model in Equation (2) to ensure a user's
utility is consistent with their preferences. Speci�cally, we
assume that a user prefers one set of images to another if
the utility of the former images is higher, as formalized by
the following assumption.

Assumption 5.2(Utility Consistency). For anyu; p, Equa-
tion (2) is satis�ed for̀ � 2 f 1; : : : ; Lg iff for all ` 6= ` �

R
�

f I ` � ;m;t gM
m =1 ju; p

�
> R

�
f I `;m;t gM

m =1 ju; p
�

:

Assumptions 5.1 and 5.2 ensure a tight coupling of our
user utility and choice models, which we leverage in model
training.

5.1. A Parametric User Model

To train our user utility and choice models, we employ a
parameterized score models� : U � I �P 7! [0; 1] to serve
as the backbone of our user simulator. We assume a discrete
set ofK (unknown) user types, i.e.,U = f 1; 2; : : : ; K g.

Exploiting Assumptions 5.1 and 5.2, we de�ne the utility of
a user typek over an arbitrary image slatef I m;`;t gM

m =1 that
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Figure 3:Score function architecture. The image and prompt are
fed into CLIP encoders followed by user encoders to generateK
user embeddings. The score for each user type is the inner product
between the corresponding user image embedding and user text
embedding.

associates to a promptp using the following model:

Rk;�
`;t := R�

�
f I m;`;t gM

m =1 ju = k; p
�

= Agg(s� (k; p; I 1;`;t ); : : : ; s� (k; p; I M;`;t )) ; (3)

whereAgg is an aggregator (e.g., average, max, Softmax
sampler) operator. User choice probabilities are given by

C� (k; p; f I m; 1;t gM
m =1 ; : : : ; f I m;L;t gM

m =1 )

= Softmax
�

� � Rk;�
1;t ; : : : ; � � Rk;�

L;t

�
; (4)

where� � = h�

�
Rk;�

1;t ; : : : ; Rk;�
L;t

�
is a parameterized tem-

perature constant which depends on the scores of different
image columns. Such a temperature parameterization en-
sures our user choice model satis�es Assumption 5.2, while
allowing for greater �exibility in modeling.

To balance model capacity and computational ef�ciency,
our score function adopts pre-trained CLIP (Radford et al.,
2021) text and image encoders, followed by user encoders (a
head for each user type). The user encoder transforms CLIP
embeddings into a user-type-speci�c representation that cap-
tures individual preferences for images and prompts. The
�nal score of an image-prompt pair is the inner product of
the (user-type-speci�c) image embedding and correspond-
ing text embedding, multiplied by a learned temperature
parameter (see a schematic of our architecture in Figure 3).

We employ an Expectation-Maximization (EM) framework
to learn a user model capable of capturing diverse pref-

erences. This model leverages the score functions� that
assesses the compatibility between image-prompt pairs and
different user types. The EM algorithm iteratively re�nes
the model parameters� and a user type prior distribution
� to maximize the likelihood of observed user feedback.
Training proceeds in two phases: a main training phase on
large-scale datasets with frozen CLIP parameters, followed
by a �ne-tuning phase on human-rated data where all param-
eters are trained. We detail the training procedure, speci�c
loss functions tailored to different data types (single-turn
preferences, relevance scores, and sequential multi-turn),
the model architecture, and hyperparameter settings in Ap-
pendix D.1.

6. Experiments

To assess the effectiveness of our approach, we conduct
two empirical evaluations. First, we evaluate the quality of
our user model and the simulated data it generated. This
involves analyzing the model's ability to accurately capture
user preferences and generate realistic interaction data. Sec-
ond, we study the performance of PASTA, our multi-turn
T2I agent, trained using our rater and simulated datasets.
We perform a comprehensive analysis at each stage to assess
the quality of the user model, the accuracy of the simulated
data, and the overall performance of the T2I agent.

6.1. Setup

The slate size, number of images per prompt, and problem
horizon are �xedL = 4 , M = 4 andH = 5 in all experi-
ments. We use Stable Diffusion XL (Podell et al., 2023) as
our T2I model and multimodal Gemini 1.5 Flash (Gemini-
Team, 2024) as our (prompt) candidate generator LMM,
with L C = 25. Our learned value function is �ne-tuned
from Gemma 2B (Gemma-Team, 2024). Our experiments
use a sparse reward, with rewards provided only in the �nal
round, as our primary interest lies in the end result of inter-
active re�nement process. We use softmax sampling for the
user model's aggregation function in Equation (3), as raters
were instructed to select a column based on the best image
from that column.

To further encourage diversity in the generation of prompt
candidates, we require the LMM prompt generator to parti-
tion the candidate set into �ve categories, with each category
focusing on a different aspect of the prompt expansion. Cat-
egories include both generic forms (e.g., rephrasing, adding
more details) as well as prompt-speci�c approaches (e.g.,
different types of dogs, cloud shapes, etc.). Moreover, we
restrict the candidate selector to select at most one prompt
from each category. This simple technique induces signi�-
cant diversity (hence implicit exploration), and is used for
data generation, policy training, and at inference time.
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Figure 4:The graphs present the performance of a trained user
model as a function of the number of user types considered.The
top row displays the model's accuracy on the Pick-a-Pic test set
(left) and its Spearman's rank correlation on the HPS test set
(right). The bottom row shows the model's choice accuracy (left)
and cross-turn preference accuracy (right), both evaluated on our
human-rated test set.

6.2. User Model Evaluation

We evaluate the quality of our user model by assessing
its ability to capture user preferences and generate realis-
tic interaction data. We train the model using large-scale
single-turn datasets (HPS V2 (Wu et al., 2023), Pick-a-Pic
(Kirstain et al., 2023), and Simulacra Aesthetic Captions
(Pressman et al., 2022)) and �ne-tune it with our human-
rater sequential data. During training, CLIP model weights
are initially frozen, focusing on learning user image and
text encoder parameters. See Appendix D for full training
details, including loss functions and architectures.

We analyze model performance in two stages. First, we
assess prediction accuracy of the and Pick-a-Pic testset
(Kirstain et al., 2023) and ranking using Spearman's rank
correlation (Spearman, 1961) on the HPS dataset (Wu et al.,
2023). Second, we evaluate prompt choice prediction accu-
racy and cross-turn preference accuracy on our human-rated
data. Results in Figure 4 indicate that increasing the number
of user types signi�cantly improves performance, plateauing
around 16 types. This highlights the importance of model-
ing diverse user preferences. Notably, even with a moderate
number of user types, our model achieves approximately
70% accuracy on the human-rated dataset metrics. A further
notable observation is the emergence of visually distinct
domain preferences for different user types; this tends to be-
come more prominent as the number of user types increases.
An illustration for the 32-type model is shown in Figure 5.

6.3. PASTA Results

Using our user model, we generate more than 30,000 simu-
lated user-agent trajectories. We also generate reward labels

Figure 5:Emergence of user-speci�c preferences:Each row
displays the top �ve images—scored by the user model, prior to
�ne-tuning—from the HPS test set for one of �ve speci�c user
types. We highlight user types where differences across the top
�ve images were especially salient. The category labels (Animals,
Food, etc.) are simply meant to be evocative on the style or content
of the most preferred images.

for our human-rater data using the user model, and train our
state-action value function in three different settings: using
only human rater data, using only simulated data, and using
both data sources. The T2I agents trained by these algo-
rithms are evaluated with human raters, for which the raters
judge whether the current turn's chosen image was better,
worse, or equally preferred to that in the previous turn. To
make PASTA more ef�cient for human-rater studies, we dis-
till the T2I agent into a single, �ne-tuned Gemini 1.5 Flash
(Gemini-Team, 2024) LMM, and serve that in real-time to
generate the proposed image slates directly (without explicit
prompt expansions). We also conduct an experiment with
simulated users, using our user model, whose results are
described in Appendix F together with other experiments
for both PASTA and the user model.

We compare our agents (each using a different state-action
value function) with an untrained multi-modal Gemini 1.5
Flash model. The results of human-rater evaluations are
shown in Figure 6. These results demonstrate that training
on real human data enhances our agents' performance over
the pre-trained LMM baseline (i.e., over the off-the shelf
Gemini 1.5 Flash), whereas training with synthetic data
alone leads to a slight decline in performance. Unsurpris-
ingly, training on both real and synthetic datasets offers the
best performance. This suggests that, while our user simula-
tion may not fully re�ect the real-world distribution of user
behaviors (partially due to its simpli�ed assumptions), the
additional data generated by our user model does capture
some key dynamics of real user interactions, yielding more
accurate user choice predictions and sequentially generated
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Figure 6:PASTA Evaluation. We ask raters to determine, for each interaction turn, whether the shown images are an improvement over
the previous turn. The raters can choose one of three options: Better, Worse, or Same. Results show percentage of raters who chose each
option. Experiments compare the base Gemini Flash model (without �ne-tuning) to PASTA (also using Gemini Flash) varied by training
on different datasets: (1) only simulated user data, (2) only real rater data, and (3) the combination of both datasets. Plots show 99%
con�dence intervals.

Figure 7:PASTA Evaluation with the Score Model. We use
our trained user model to evaluate the rollouts of real users with
different baselines.

images that are tailored to user preferences. Moreover, a
high rank correlation between real user preferences and the
predictions from our learned model over a vast number of
user types further supports this conclusion. We also present
the user model score for each step averaged over all rollouts
in Figure 7. The user type was chosen as the one that maxi-
mizes the posterior over the user's data. The results show
that PASTA monotonically improves the user score along
the rollouts and are consistent with the real users' results in
Figure 6. This evaluation further validates the correlation
between our user model and real users.

Finally, we conduct new human rater evaluations over the
�nal turn of PASTA. Particularly, we conduct a rater study
where we explicitly show raters the �nal turn images (for a
given prompt) of PASTA compared to the baseline Gemini
1.5 Flash model and ask them to compare the generated
last turn images. We �nd that PASTA receives an 85%
relative improvement over the baseline model when directly
comparing the last turn. We believe that directly comparing
the last turn emphasizes the strength of our approach and
the signi�cance of our results in terms of the outcome of
using our model.

6.4. Generalization: Flux T2I model

We use Flux.15 together with our PASTA agent and com-
pare it to the baseline Gemini 1.5 Flash. Particularly, we
do not retrain PASTA over new Flux.1 data, but rather test
PASTA's capability to generalize from the SDXL T2I model
to the Flux.1 T2I model. We present the raters the �nal
images constructed by PASTA against the �nal images gen-
erated with the Gemini baseline. Indeed, our results show
that PASTA achieves a 20% relative improvement over the
baseline without any further training over Flux data. This
highlights PASTA's ability to adapt to different T2I models.

6.5. Abstract Prompts with Simulated Users

To visualize the differences in user preferences and PASTA's
ability to adapt to them, we use PASTA with various user
types using broad, abstract prompts such as "an image of
happiness". Figure 8 shows an example of different rollouts
of three distinct user types. We observe a clear preference
emerging, favoring speci�c styles or content. All users starts
with the same prompt and initial images. We present only
the images and their corresponding prompt-expansion at the
last 5-th step. Each color represent a different user type. For
more examples, see Appendix F.2.

7. Related Work

Our work is related to recent advances in interactive and
preference-adaptive image generation. Existing methods ex-
plore iterative re�nement using visual feedback (von Rütte
et al., 2023; Wang, 2024) or leverage LLMs for prompt
engineering (Liu et al., 2024; Brade et al., 2023; Hao et al.,
2024), often focusing on optimization of perceptual qual-
ity or user satisfaction in a single interaction (Fan et al.,
2023; Chidambaram et al., 2024; Wallace et al., 2024; Wu
et al., 2023). Our PASTA framework extends this by framing
multi-turn image generation as a sequential decision-making

5https://�ux1.ai/
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Figure 8:An illustration of three different rollouts of PASTA with two different user types for the abstract initial prompt: “An image of
love". Rollouts show the �nal images in the rollout (i.e., at stept = 5 ).

problem, where an RL agent learns to extend and person-
alize a prompt through a series of expansions guided by
user feedback. This enables iterative re�nement towards
a desired visual outcome, capturing nuances in user pref-
erences across diverse user types. Notably, while many
existing methods focus on modifying internal aspects of
text-to-image (T2I) models (e.g., diffusion noise (Tang et al.,
2023), attention maps (von Rütte et al., 2023) or prompt
embeddings (Salehi et al., 2025)), PASTA operates by di-
rectly adapting the input prompt, offering a model-agnostic
approach to adaptive preference learning in T2I generation.

PASTA draws upon a rich history of preference elicita-
tion (PE) research (Boutilier, 2002; Chajewska et al., 2000;
Keeney, 1993; Salo & Hamalainen, 2001), especially that in
content-based recommender systems (Boutilier et al., 2003;
Spearman, 1961; Rashid et al., 2002; Meshi et al., 2023),
and addresses the challenge of optimizing PE for diverse
downstream tasks. Existing research highlights the impor-
tance of diversity in recommendations (Sidana et al., 2018)
and explores diversity in elicitation strategies (Parapar &
Radlinski, 2021). PASTA tackles this by training an agent
that considers both immediate user feedback and long-term
goals to generate preference-aligned images. Our novel data
collection and simulation methodology further support the
training of robust user simulators, which we show to greatly
improve policy learning.

8. Conclusion

This work introduced PASTA, a novel RL agent for
preference-adaptive and sequential T2I generation. We for-
mulated the problem of iterative prompt expansions with
LMMs and T2I models as a sequential decision-making
problem that drives a collaborative, multi-turn image gener-
ation with the user. Critically, we have produced a new
dataset that capturessequentialinteractions between an
agent and a user, which we release to support further inves-
tigation of new T2I techniques in the research community.
We developed user utility and choice models, learned from
this dataset, which we used to create a user simulator that
enabled generation of additional synthetic data (which we
release as well). Finally, we used our sequential data to
train PASTA, and demonstrated its effectiveness through
comprehensive human evaluations, showing signi�cant im-
provements in user satisfaction.

Impact Statement

This paper presents work whose goal is to advance the �eld
of Machine Learning. There are many potential societal
consequences of our work, none which we feel must be
speci�cally highlighted here.
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