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Abstract

Offline auto-bidding learns bidding policies from logged auction trajectories
to optimize resource allocation under budget and cost-per-acquisition (CPA)
constraints. Temporal dependencies among auction features and limited action
coverage in the logs complicate policy learning. This paper proposes CATALIST,
a structurally guided sequence-learning framework that combines dependency
priors with local model-based augmentation. CATALIST constructs structured
representations using lagged and instantaneous dependency priors and models
decision histories through token-type and temporal attention biases. Alternative
actions are generated within the same historical context and selected through
resource-feasibility checks and model-predicted gain screening for action supervi-
sion. Training jointly incorporates action learning from observed and generated
samples, outcome and value prediction using only observed records, and context-
consistency regularization. On AuctionNet, CATALIST achieves a Score of 260.95
at the nominal budget, improving over CDT’s 175.48 by 48.7%. At the 150% bud-
get ratio, it achieves 339.24, exceeding GAS and GAVE, which obtain 294.13 and
304.32, by 15.3% and 11.5%, respectively. The experimental results show that
combining structurally guided sequence learning with model-based augmentation
improves offline auto-bidding performance.

Keywords: Auto-bidding, Structural Priors, Structured Attention, Model-Based
Augmentation, Offline Sequential Decision Making



1 Introduction

Auto-bidding allocates a finite campaign budget across sequential auctions while pur-
suing value under business requirements such as cost per acquisition (CPA). A bid
determines current participation and expenditure and changes the resources available
for later opportunities. Auto-bidding is therefore a resource-constrained sequential
decision problem that requires auction context, resource states, and historical out-
comes. Offline learning uses existing auction records to train policies, providing a way
to reduce training-time interaction with live auctions [35, 68].

Decision Transformer formulates policy learning as return-conditioned sequence
modeling and predicts actions from sequences of states, actions, and returns [9]. In
auto-bidding, history captures both resource evolution and changes in traffic: expen-
diture affects subsequent participation, while auction context affects opportunity
value. The basic Decision Transformer can learn these interactions through sequence
attention, but does not include the feature-dependency prior and explicit type/time
bias introduced here. Feature dependencies describe relationships among coordinates
within and across control intervals, whereas token interactions describe how return,
state, and action tokens exchange information over the decision history. CATALIST
encodes the former in state representations and the latter through token-type and
temporal attention biases, making both levels explicit [47, 49].

A second challenge is the action coverage of offline data. Logs contain actions
executed by the collection policy and their outcomes, rather than feedback for every
alternative bid at the same history. Locally generated examples can supplement train-
ing information, but their predictions depend on observed data and a fitted model and
can be inaccurate in poorly covered regions [35, 64]. Augmentation consequently needs
to address candidate ranges, outcome-based screening, and generated labels without
treating predicted alternatives as observed auction feedback. Structured representa-
tion and model-based augmentation act on the organization of historical information
and the construction of training examples, respectively, connecting two aspects of
offline bidding learning.

We propose CATALIST, which integrates structurally guided sequence learning
and local model-based augmentation in one framework. The model combines lagged
and instantaneous dependency priors, forms state representations through feature
weighting and dependency aggregation, and adjusts autoregressive attention with
token-type and temporal biases. At a common decision history, it constructs alter-
native actions from policy outputs and screens generated examples using empirical
action ranges, predicted resource states, predicted return gains, and policy disper-
sion. Observed and generated examples supervise action prediction; outcome/value
prediction and context consistency use observed records only.

The main contributions are:

1. We propose CATALIST, a structurally guided sequence-learning framework for
offline auto-bidding. The framework combines a fixed dependency-informed state
parameterization with learned token-type and temporal attention biases, separating
relationships among auction-state features from interactions across the decision
sequence.



2. We design a local model-based augmentation mechanism trained jointly with
the structurally guided sequence model. Alternative actions are generated at the
same decision history and screened using action ranges, resource feasibility, pre-
dicted gains, and policy dispersion. Joint training combines action supervision
from observed and generated samples with outcome and value prediction and
context-consistency regularization on observed records.

3. We evaluate CATALIST on AuctionNet through comparisons across budget
ratios, backbone integrations, component ablations, and hyperparameter analyses.
CATALIST achieves a Score of 260.95 at the nominal budget, improving over DT
and GAVE by 65.4% and 10.2%, respectively. At the 150% budget ratio, it achieves
339.24, exceeding GAVE by 11.5%, demonstrating its performance across different
budget conditions.

2 Related Work
2.1 Auto-Bidding Methods

Auto-bidding methods connect opportunity value to campaign-level resource allo-
cation. Auction theory provides a reference for allocation and payment [59], while
real-time bidding and cost-per-click optimization translate advertiser objectives into
bid functions [68, 73]. Budget pacing and unified constrained bidding couple current
expenditure with future opportunities and business requirements such as CPA [6, 24].
Reinforcement-learning approaches formulate this coupling as sequential decision
making [61, 69]. More recent conditional diffusion, value-guided generation, and
post-training search methods learn or refine bidding trajectories [18, 21, 36].

Offline learning fits policies from fixed auction records and limits additional
training-time exploration [35]. BCQ and BEAR address action support and bootstrap-
ping error [17, 32], whereas CQL and IQL provide conservative or implicit policy-
improvement mechanisms [31, 33]. Behavior-regularized policy learning, TD3+BC,
critic-weighted regression, and advantage-weighted fitting further study how policy
updates remain connected to logged experience [15, 16, 40, 60]. Explicit stochastic-
policy models provide action distributions [22], but policy dispersion alone does not
quantify the error of a learned transition model. For bidding, a global action bound is
consequently different from support conditional on campaign history. Sequence mod-
els provide an alternative interface for using that history. Decision Transformer and
Trajectory Transformer model return-conditioned actions or trajectories [9, 26], while
RvS and related analyses examine the role of supervised learning and return condi-
tioning [7, 13]. Online adaptation, masked sequence models, and diffusion planning
extend the range of inference and generation tasks [3, 8, 27, 70]. In auto-bidding, these
choices interact with resource summaries, the target-return horizon, and the available
action coverage. CATALIST follows the offline sequence-learning setting and studies
structural history representations together with locally generated training examples.



2.2 Structurally Guided Sequence Modeling

Structural learning describes relationships that can guide representation. Granger-
style prediction, nonlinear temporal association estimation, and contemporane-
ous/lagged structure methods concern different sources of dependency [19, 42, 47, 54].
NOTEARS, DAG-GNN, and nonparametric structure learning also differ in assump-
tions and score interpretation [66, 71, 72]. Potential-outcome, structural-causal,
invariant-prediction, and causal-representation research distinguish such observa-
tional information from intervention identification [5, 4346, 48, 49]. CATALIST uses
estimated dependencies as representation priors. Graph convolution, neighborhood
aggregation, graph attention, and graph Transformers provide mechanisms for incorpo-
rating relational information [23, 30, 57, 63]. Sequence attention and relative-position
methods incorporate token interactions and temporal structure [12, 50, 56]. CATAL-
IST separates these levels: a feature-level prior enters state encoding, while token-type
and temporal biases enter autoregressive attention.

2.3 Model-Based Augmentation and Consistency Learning

Model-based learning supplies another source of training information. Probabilis-
tic dynamics, model-based policy optimization, MOPO, MOReL, and COMBO
investigate generated experience and prediction error through uncertainty-aware, pes-
simistic, or conservative constructions [11, 25, 29, 64, 65]. CATALIST constructs local
alternative-action labels at an observed history instead of recursively expanding syn-
thetic rollouts. It combines empirical action-range and resource-feasibility checks with
predicted-gain and policy-dispersion screening, and reserves observed outcomes for
predictor supervision.

Consistency methods regularize predictions across selected views, transforma-
tions, or interpolations. Mean Teacher, virtual adversarial training, UDA, FixMatch,
Mixup, and interpolation consistency supply related ideas from supervised and semi-
supervised learning [39, 51, 55, 58, 62, 67]. Ensemble, calibration, and dataset-shift
studies distinguish confidence from reliable uncertainty, while multi-task weighting
addresses losses with different scales [20, 28, 34, 41]. For bidding, output consis-
tency must distinguish context noise from decision-relevant changes in budget or time.
Constraint-aware policy optimization and safe sequential learning further motivate
evaluating CPA outcomes directly [1, 10, 37]. A higher utility score need not imply
fewer campaign-level violations. Offline benchmarks and statistical evaluation research
also emphasize dataset definitions, independent training replicates, and uncertainty
in finite-run comparisons [2, 14]. AuctionNet supplies the advertising-specific setting
here [52], but the benchmark name does not determine the subset, evaluator, or repli-
cation protocol of a particular experiment. CATALIST combines these mechanisms
by applying consistency to exogenous context views of observed histories and using
accepted alternatives only for action supervision. Structural encoding organizes the
history used by the policy and predictors, while local augmentation supplies additional
action targets at that history.



3 Problem Formulation

The task is to learn a history-conditioned bidding policy from fixed campaign trajecto-
ries and evaluate its resource allocation under budget and CPA requirements. We first
introduce a value-scaled bidding abstraction, then distinguish sequential campaign
outcomes from offline sequence-training labels.

3.1 Budget- and CPA-Constrained Bidding

Consider a single-slot second-price reference model with opportunity value v; > 0, bid
b; > 0, and competing price m; > 0. Let p; € {0,1} be an explicit participation flag.
Allocation and payment are

x; = pil[b; > my), C; = M. (1)

The skip command sets p; = 0 regardless of price; a participating zero bid may win
a zero-price opportunity. The static optimization below is over bid and participation
choices. For initial budget B > 0 and target expenditure per unit value C, > 0, the
static allocation problem is

Here C, denotes the target expenditure per unit value, and the static constraint uses
C, in place of the campaign CPA target C. If v; represents acquisition probability,
value is expected acquisitions and C), can equal C. In general, value reward and realized
acquisitions are recorded separately. The second-price abstraction defines the value-
scaled bidding interface; campaign CPA uses the acquisition counts defined below
[52].

For fixed nonnegative cost-constraint and budget-constraint multipliers A and p,
winning contributes (1+AC,)v; — (A4 p)m; to the relaxed objective. When A+ p > 0,
the corresponding threshold is

relax 1 + )\CU
b = 3)

This motivates a scalar bidding coefficient a;, with b; = a,v; for positive-action par-
ticipation in control interval ¢, subject to the common budget executor. The interval
skip command sets p; = 0; a positive action permits participation only while the
executor allows it. Zero is an explicit nonparticipation command, rather than partic-
ipation with a zero bid. Budget pacing and future opportunity uncertainty require a
sequential policy [6].



3.2 Sequential Resource Allocation

A campaign contains H control intervals indexed by ¢t =0, ..., H — 1. Before choosing
at, the policy receives s;, containing resource summaries, accumulated outcomes, and
available traffic information. Opportunities in interval ¢t form Z;. Under the reference
model, interval value and expenditure are

re= Y vim,  di= Y ¢ (4)

i€y 1€Ty

These outcomes occur after the action. The next state reflects realized expenditure
and elapsed time; in the accounting abstraction, Bii1 = B; — d;. Resource variables
are decision-relevant: changing current expenditure changes the resources available to
later actions.

Let n; be the realized acquisitions recorded in interval ¢, separately from the value
reward 7. Campaign spend and acquisitions are SsPend = >diand A=>",n;. The
CPA target C has units of expenditure per acquisition. A campaign violates the target
when S%Pend > C'A; positive spend with zero acquisitions counts as a violation, while
zero spend with zero acquisitions does not. The expected resource-allocation objective

1S
[H—1

max E E T
T

L t=0

st. E, Zdt
L t

Ex|> (di — Cny)
t

This formulation describes the resource-allocation goal. CATALIST learns history-
conditioned actions through supervised objectives: return conditions guide value-
seeking action prediction, the common executor enforces the available budget, and
candidate screening uses predicted spend and acquisitions to control CPA excess.
Observed outcome and value losses train the predictors used in screening. Evaluation
reports value, penalized Score, campaign-level CPA violations, and budget utilization
[4]. A state-sufficiency assumption would concern its information about future transi-
tions conditional on the past, not independence of adjacent states; history conditioning
can retain information omitted by a compact state summary [53].

)

< B, ()

<0.

3.3 Offline Sequence Learning

Let D = {7,}2_, be a fixed dataset of campaign trajectories, where 7, contains
(8¢, at, T, Str1) records and a terminal marker. At decision ¢, the observed prefix is

U = (80,000,705 -+ +»St—1,0¢—1,Tt—1, 5t)- (6)



The decision prefix contains states up to s; and actions and rewards up to interval
t—1. For a window of K control steps, let ¢; = max(0,¢— K +1) and denote its physical
history by u,EK) = (S0,,@0,,T0,y--3St—1,0t—1,7t—1,St); when ¢, = ¢, this is simply s;.

Training return labels use the complete logged reward sequence up to the campaign
endpoint T: T' = H for a full-horizon campaign and T' < H for a recorded terminal
campaign. The endpoint is shared by all labels in that trajectory; a history window

limits the input length, not the return horizon. For ¢ < T, define

T-1
RET) = Z S 0<y<1. (7)

Jj=t

Return labels contain future training outcomes, but they are conditioning targets
rather than runtime observations. A return-conditioned sequence policy has the
interface ) ()

pw(atlut SR, (8)

where REK) = ( g)7 .. .,RET)) denotes the return conditions aligned to the same

control indices as the history window. We write R; = RET) below. Labels satisfy
R; = r; + vRj41 with Ry = 0. Records without a known campaign endpoint are
excluded from value supervision and augmentation. At deployment, aligned condi-
tions are reconstructed from the desired current return and observed past rewards, as
specified in Section 4.4. During training, known logged actions provide supervision,
while current action targets and future physical observations are excluded from their
prediction inputs [9].

At deployment, the desired return is a policy-conditioning input, whereas the
realized future campaign return is unavailable. The distinction is also important for
augmentation: replacing an action changes its candidate outcome, so generated action
labels and their return conditions require a declared continuation and reconstruction
rule.

4 Methodology

CATALIST combines structurally guided sequence modeling with local model-based
augmentation. It predicts bids from historical auction information and supplements
policy training with screened alternative actions. Figure 1 illustrates the overall
framework.

4.1 Structural Priors and Sequence Attention

CATALIST incorporates structure at two levels: feature dependencies guide state
encoding, while token-type and temporal biases adjust attention over the deci-
sion history. Let x; € R% denote the standardized state. We estimate lagged and
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Fig. 1 CATALIST architecture for structurally guided sequence learning, frozen-teacher local action
augmentation, joint optimization, and policy deployment.

instantaneous dependencies from observed training trajectories:

Ai"j‘.g | corr(zsq1,6, Te,5),

inst
AR

9)

| corr(ze i, x4 5)].

Here corr is Pearson correlation, and lagged pairs are consecutive observations from
the same campaign. For ¢ € {lag, inst}, retain off-diagonal scores above threshold 64
as G, = AL1[A]; > 0¢], with Gf; = 0. The two matrices are fused, augmented with
self-loops, and row-normalized:

A=agG® + (1 - ag)G™,
G=DYA+1I), Dy=Y (A+I); (10)

J

The coefficient ag € [0, 1] balances cross-time and within-step dependencies. Row
i aggregates information from source features j. These correlations provide depen-
dency priors rather than identified causal relations; the estimates remain fixed during
training.

To connect the prior to the state representation, we combine action-associated
feature weighting with dependency aggregation. Define x; = | corr(zy;,a:)| and

ds (Xz + 5)

S G 1o)’ 1

w; =



where ¢ = 1075, The weights have mean one and reflect associations with logged
actions. The state embedding is

2 =G, e; = fp(lw® xy, ¢+ Agz)). (12)

Here ® denotes elementwise multiplication, A\g controls aggregation strength, and
fu is a two-layer MLP with GELU activation and hidden/output dimension dj,. The
first branch weights individual features; the second combines each feature with its
dependency-weighted neighbors. Both branches use the current state, with the lagged
matrix supplying a cross-time prior. In bidding, resource consumption and changing
traffic are represented by related state features; this parameterization makes their
empirical dependencies explicit at the encoder input. It does not expand the function
class of an unrestricted MLP of the same width. Its role is to organize feature informa-
tion, whereas the learned type/time bias below directly modifies interactions between
sequence tokens.

The return-conditioned token ordering and causal mask follow Decision Trans-
former [9]; the additions here are the dependency-informed state encoder and learned
type/time bias. The state embeddings enter a decision sequence ordered as (R;, S;j, A;)
at each control step. Return and action tokens use linear embeddings after scaling by
cr = max(stdy, Ry, €) and ¢, = maxy, a; > 0, respectively; state tokens use e;. Tokens
from the same step share a learned step embedding. To distinguish token interactions
and their temporal separation, we add

Cij = UTi,Tj eXp(—’Yc‘ti - tj‘) (13)

to the attention logits. The trainable matrix U € R3*3 encodes interactions among
return, state, and action tokens, is initialized to zero, and is shared across atten-
tion layers. The fixed coefficient vo > 0 attenuates the bias with temporal distance.
Attention becomes

4 k;

Vdy,

where A¢ controls bias strength. The mask M;; is zero for valid keys with j <14 and
—o0 otherwise; padded queries are excluded. For decision ¢, the input ends at Sy, and
its representation predicts a;. Thus the model uses prior returns, states, and actions
while excluding the current action target and future observations. The bias modulates
type-specific interactions; it does not guarantee larger attention weights for nearby
tokens.

P;; = softmax; < + AcCij + Mij> , (14)

4.2 Bidding Policy and Outcome Prediction

The sequence representation supports two complementary tasks: predicting a bidding
action and evaluating its possible outcomes. The policy conditions on the decision

history and target-return tokens, h; = (u,EK)7 REK)). To represent both abstention and



positive bids, we combine a point mass at zero with a Gaussian density truncated to
(0, cq):
py(da | he) = 7ido(da) + (1 — 7)qy(a | he) da,

o((a —mu)/st)

Sth ’

Zy = ®((ca —my)/s{) — D(—mu/st).

Here 7{ is the abstention probability, §y is a point mass at zero, and ¢ and ® are
the standard Gaussian density and distribution functions. Three linear heads produce
b9, b, bs, parameterized as

qyla| hy) = 0<a<cg, (15)

7T? = Slgm(bg)a m¢ = Cq Slgm(b;n>7 (16)
s¢ = ca[107% + (1 — 107%) sigm(b)].

The conditional positive-action mean and variance are u;” = E, [a] and (0;7)? =

Varg, (a). The full policy moments are

Q4

Ht = (I_W?)M;r7

17
7t = (=)o + ()~ s o
These quantities characterize the action proposals and their dispersion in Section 4.3.
At deployment, the policy outputs zero if 7{ > 0.5 and ,u?' otherwise.

To evaluate candidate actions, a separate prediction branch shares the state
encoder fy and summarizes physical history with a GRU. Its inputs are the state
embedding, previous action, previous reward, and a history-availability indicator:

q: = GRUy ({[e3, aj,l/cmrj,l/cr,m?m] ‘e) - (18)

At the first step of the window, previous inputs and the indicator are zero; later
indicators are one. This branch excludes target-return tokens, so outcome predictions
depend on observed history and the candidate action rather than the desired return.
Let ¢;(a) = 1[a > 0 A By > 0] indicate participation with available budget. Action-
conditioned heads predict reward, expenditure, and acquisitions:

¢e(a)e, softplus(gr(qt, a/ca)),
di(a) = C(a) By clipjg 11(ga(gt, a/ca)), (19)
Ce(a)ey softplus(gn (gt, a/cq))-

ﬁ
S
—~
)
=
|

$

—~
B
Il

Here ¢, = max(stds, r¢,€), ¢, = max(stde ne, €), and clipp 1 (z) = min(1, max(0, z)).
For zero action or zero budget, (;(a) = 0 makes all three outcomes exactly zero;
for participating actions, Softplus gives nonnegative reward/acquisition predictions
and expenditure is bounded by B;. The next context is predicted as ¢ip1 =
9etx(qt), shared by candidates at the same history. The win fraction is ft(a) =

<t (a) Sigm(gwin(qta a/ca)).

10



The next state combines these predictions with deterministic resource updates:

B; — Czu Sy + Czt)7
VA 4 7y Ap 4 1), (20)

(Bt-i-lv §t+l)

(Vi Apir)

S141(a) = H(St,dt,f’t,ﬁt,étﬂa ft)

= (
= (

Here S, V"™, A, are cumulative expenditure, value, and acquisitions, respectively.
The state-construction map II applies these updates, advances the control step, inserts
predicted context and the latest interval statistics, retains campaign constants, and
recomputes derived ratios. Context predictions are converted to physical units with the
training-state scales before assembly. The same training-state standardization maps
S¢+1 to Zyyq for the state loss.

A value head estimates the remaining discounted return from the same physical-
history representation:

V¢79(u§K)) = cp softplus(gy (q¢))- (21)

The outcome and value heads are supervised only by observed records. For each
candidate, aﬁf} (a) = TailK(ugK),a, 7+(a), 8¢+1(a)) appends its action and predicted
transition, then retains the most recent K control steps. The GRU encodes this window
for continuation-value estimation. This predicted window is used only for candidate
scoring; exhausted-budget or known terminal next states have zero continuation value.
The value head estimates logged return conditional on the available history window,

providing a model-based score for the augmentation procedure in Section 4.3.

4.3 Local Action Augmentation

Logged trajectories provide only one executed action at each decision history. To
supplement action supervision, CATALIST generates alternatives at the same history
and retains candidates with favorable model-predicted outcomes. After training on
observed records, the policy, outcome models, value head, and shared encoder are
frozen as a teacher (1), 0).

Candidate actions are constructed around the teacher’s conditional positive-action
mean, with offsets determined by its standard deviation:

A = {0} U{pf + 65, :6 € {-2,-1,0,1,2}}. (22)

The positive candidates must lie within the training-action interval [Qo.o1(a | a >
0), Qo.99(a | a > 0)]. Zero is included only when abstention is observed in the training
data. Duplicate candidates and matches to the logged action are removed.

Predicted-return-gain screening compares each remaining candidate with the
logged action using the same frozen outcome and value models:

Qi(a) = #4(a) + 4V (@) (a)),

. . (23)
ng) = Qt(agk)) - Qt(at)-

11



Here ﬁgfl) (a) is the predicted next-history window defined in Section 4.2. A candi-

date is retained when its gain exceeds €g, the teacher’s full-policy dispersion satisfies
0: < Omax, and its predicted outcome passes resource checks. These checks bound
expenditure by B; and prevent an increase in the positive part of cumulative CPA
excess: A .
St+1(a) - C’At+1(a) S maX(St - CAt, 0) (24)

The global quantile interval limits action magnitude but does not establish support
conditional on the current history; policy dispersion describes the action distribu-
tion, not outcome-model uncertainty. The gain ng) measures predicted discounted
raw value, not CPA-penalized Score. Selection therefore combines range restrictions,
predicted-return gain, dispersion control, and predicted resource feasibility, without
guaranteeing improved realized Score or CPA compliance.

For each retained candidate, the predicted gain adjusts the observed return
conditions across the history window:

R =R; ++7G" . j=t,.. .t (25)

The factor v'~7 aligns the adjustment with each earlier return token. The physical his-
tory remains unchanged; only the return conditions and final action label are replaced.
Reconstructed return tokens must remain within the training-return range at their
respective control indices. The resulting sample is

)

>~ (k K) 5(K.k
B = (uf™, RN,

(k) _ (00, (8)
t ( t Y ) (26)

Accepted samples form a static augmentation pool used for action supervision in
joint training. Predicted states, rewards, and values are not used as outcome or value
targets, and generated samples do not become new generation roots. If no candidate
is accepted, training uses observed records only.

4.4 Joint Training and Inference

CATALIST jointly trains the bidding policy and prediction models with action super-
vision, observed-outcome prediction, and context-consistency regularization. For the
mixed policy in Section 4.2, the action loss distinguishes abstention from positive bids:

- —1og7r0(h), a =0,
Ea(a7 h) = {_k)g(lw_ ﬂ-?[;(h)) — log qw(a | h), a > 0. (27)

Observed and augmented samples contribute to the policy objective as

Ea = (1 - p)Eobsga(ata ht)

~ (28)
+ pﬁgenEgenga (agk) 5 hgk) ) .

12



Here p controls the contribution of augmented samples and Sgen weights their labels.
Each group loss is averaged separately.

The prediction models use observed records only. Their losses supervise the next
state, reward, expenditure, acquisitions, and discounted return:

N 2
Lo = Eop, [ €241 ; zerll
S

N 2
re — T
‘CT = ]Eobs ( ) 5
Cr

B . 2
Lg = Eobs, ( t9a(4r. Z;/Ca) dt) ’

~ 2
ne — Ny
En = IEobs ( > )
Cn

(K)y 2
Ly = Eobs, <V(Ut ) Rt) :

CR

The scales are those defined in Sections 4.1-4.2, with ¢y = max(stdy, d¢, ). Each loss
uses records with the corresponding observed target; expenditure supervision uses
positive-budget, positive-action records without mandatory skips. It acts on the pre-
clipping output to retain corrective gradients. Generated outcomes are excluded from
these prediction losses.

To regularize the policy against small traffic-context variations, we perturb con-
tinuous context features while keeping resource variables, actions, rewards, and return
conditions fixed. For context coordinate ¢ with training standard deviation above ¢,
sample v;; ~ N(0,£%/(1+w;)?), add it to z;,;, and constrain the perturbed input to
its valid range. The resulting view 7@?" is matched to the original through

£y = Eopmy [wg(hn O (o))

<u$ () — g () ) 2] 2
+ :

Ca

This term penalizes changes in both abstention probability and positive-action mean.
The overall objective is

L=L,+ nscs + nrﬁr

(31)
+ 77d£d + nnﬁn + nVEV + ngﬁgv

with nonnegative auxiliary weights. Training first uses observed records with p = 0,
then incorporates the static augmentation pool from Section 4.3. Policy and prediction
losses update their respective branches and the shared encoder; the frozen teacher and
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generated labels receive no gradients. If the pool is empty, training remains observed-
only.

At inference, the initial desired return is selected by validation from training-
campaign return quantiles {Qo.5(Ro), Qo.75(Ro), Qo.9(Ro)}. After observing reward ry,
the next target is updated and projected to the training-return range at that step:

os ) Rdes —ry
R?_H = clipis,,, v, 4] (W) . (32)

Here L;,U; are the training-return minimum and maximum at control step j. Before
each policy call, the return tokens in the history window are reconstructed from
realized past rewards and the current target:

t—1
o= Ime+ A RIS, <<t (33)
k=j

This reconstruction preserves the discounted-return recursion within the window. The
policy then produces the action using the rule in Section 4.2, without access to future
outcomes.

5 Experiments

This section compares CATALIST across budget conditions, component configura-
tions, backbone integrations, and hyperparameter settings. Relative improvements are
calculated from the experimental results.

5.1 Experimental Setup

Dataset and budget settings. The experiments use a subset of the standard Auc-
tionNet benchmark [52]. The state and action dimensions are 16 and 1, respectively.
Each bidding campaign contains 48 control steps, and the policy takes a historical
sequence of length 20 as input. To compare performance under different budget condi-
tions, the evaluation budget is set to 50%, 75%, 100%, 125%, and 150% of the nominal
budget.

Baselines and implementation settings. The compared methods comprise
three groups: behavior cloning (BC), offline reinforcement learning methods IQL
[31], BCQ [17], and CQL [33], and sequence/generative methods DT [9], CDT [37],
GAS [36], and GAVE [18]. The overall performance comparison uses DT as the
base backbone of CATALIST. The backbone integration experiment further com-
bines CATALIST with DT, CDT, GAS, and GAVE individually and compares each
integrated configuration with its original backbone. The computational platform is a
dual-node NVIDIA H100 GPU cluster. Table 1 lists the main training settings.

Metrics and interpretation. Tables 2 and 3 report the original performance
metric; the component comparison reports Score and the original CPA diagnos-
tic (%). Comparisons use the same metric within each table. Campaign value is
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Table 1 Experimental parameter settings.

Hyperparameters Value
Batch size 128
Number of steps 400000
Sequence length 20
Learning rate 1.00E-04
Hidden size 64
Number of attention layers 3
Number of heads 1
Optimizer AdamW [38]
Weight decay 1.00E-04
Gamma 0.99
graph_strength 0.5
cf_aug_start 50000
cf_no_search_action 5

Table 2 Reported performance on standard AuctionNet at different evaluation budget ratios. Best
values within each budget are bold. See Section 5.1 for metric interpretation.

Dataset: AuctionNet.

Method 50% 5% 100% < 125%  150%
BC 93.73 109.96 120.84 128.92 134.66
IQL 95.12 113.37 124.56 133.32 140.42
BCQ 69.47 96.42 125.83 144.85 168.29
CQL 90.39 110.90 128.48 143.68 155.46
DT 99.92 132.78 157.78 180.10 196.46
CDT 99.59 141.37 175.48 209.84 235.30
GAS 123.65 175.94 235.58 271.20 294.13
GAVE 151.49 193.13 236.83 279.30 304.32

CATALIST (DT) 148.48 203.65 260.95 301.57 339.24

V., = Zi Zn,iVn,i, and penalized Score is S,, = V,, min; p, j, where p,, ; is a constraint
penalty. The CPA diagnostic is reported separately from the explicitly defined cam-
paign violation frequency in the constraint analysis. The nominal-budget CATALIST
result is 260.95 throughout the main comparison, component comparisons, and con-
straint analysis. Reported error terms and shaded deviations summarize variation; the
comparisons do not claim statistical significance.

5.2 Overall Performance and Backbone Integration

Figure 2 visualizes the budget-dependent ranking and the comparison at the tightest
budget.

Table 2 shows that CATALIST has the highest reported performance at four of
the five budget ratios, from 75% to 150%. At nominal budget, it reaches 260.95,
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Fig. 2 Bidding performance under different evaluation budgets.

compared with 157.78 for DT and 236.83 for GAVE, the strongest listed alternative.
The relative improvements are 65.4% and 10.2%, respectively. Against GAVE, the
relative differences across the five ratios are —2.0%, 5.4%, 10.2%, 8.0%, and 11.5%.
Thus the advantage is present across the nominal and higher-budget conditions rather
than being confined to one operating point.

The 50% setting identifies a boundary of this comparison: GAVE reaches 151.49,
exceeding CATALIST s 148.48. The complete CATALIST configuration therefore does
not dominate every tested resource condition. At 150%, CATALIST reaches 339.24,
exceeding GAS and GAVE by 15.3% and 11.5%. This budget-dependent ranking moti-
vates reporting the full set of conditions instead of only the nominal-budget result. It
does not by itself identify whether the differences arise from budget utilization, action
selection, or evaluator penalties.

Backbone integration.

Figure 3 summarizes the relative gains across backbones and budget ratios. All
displayed gains are positive, while their magnitudes differ across configurations.

Table 3 asks whether the favorable performance pattern extends beyond the DT
backbone. Every displayed backbone/budget pair has a higher point estimate after
integration. At nominal budget, the relative increases are 65.4% for DT, 48.1% for
CDT, 16.4% for GAS, and 24.5% for GAVE. Improvements therefore appear for both
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Table 3 Backbone-specific integration results under different budget ratios. Bold identifies the
higher member of each paired comparison; the rows do not isolate equal-cost component effects.

Backbone

CDT

Dataset: AuctionNet.

Method 50% 5%  100%  125% @ 150%
DT: Baseline 99.92 132.78 157.78 180.10 196.46
DT: CATALIST 148.48 203.65 260.95 301.57 339.24
CDT: Baseline 99.59 141.37 175.48 209.84 235.30
CDT: CATALIST 152.07 211.57 259.85 313.32 345.40
GAS: Baseline 123.65 175.94 235.58 271.20 294.13
GAS: CATALIST 155.62 216.85 274.15 323.11 359.79
GAVE: Baseline 151.49 193.13 236.83 279.30 304.32
GAVE: CATALIST 167.07 235.36 294.79 339.26 378.77

Relative performance gain (%)

DT 48.6% 53.4%

49.7%

65.4%

67.4% 72.7%
49.3% 46.8%

Evaluation budget ratio

GAS 4 25.9% 23.3% 16.4% 19.1% 22.3%

GAVE 4 10.3% 21.9% 24.5% 21.5% 24.5%
I I I I I

50% 75% 100% 125% 150%

Fig. 3 Relative performance gains across policy backbones and evaluation budgets.
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return-conditioned Transformer baselines and the domain-specific generative baselines
in the reported configurations.

Relative improvement and final performance answer different questions. DT has
the largest percentage increase at nominal budget, whereas integrated GAVE has the
highest final value, 294.79, compared with 260.95, 259.85, and 274.15 for integrated
DT, CDT, and GAS. At 50% budget, integrated GAVE reaches 167.07 versus its base-
line’s 151.49, even though CATALIST trails baseline GAVE in the main comparison.
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Table 4 Cumulative component configurations. Each row adds one component to the preceding
configuration.

CPA diagnostic

Variant Score (%)

Base DT 157.78 4+ 38.12 52.68 + 8.39
+ graph prior 240.08 4= 34.38 62.20 £ 7.67
+ consistency 251.18 +27.92 58.93 £ 6.47
+ augmentation (full) 260.95 £ 19.41 59.82+6.17

There is no contradiction: these are different backbone configurations. The 20 favor-
able pairs describe coverage across the table, rather than 20 independent replications
or evidence of identical implementation and computational cost across backbones.

5.3 Component Contributions and Screening

Table 4 examines the reported progression from DT to graph prior, graph plus
consistency, and full CATALIST.

Score progression. Adding the graph-prior configuration raises Score from
157.78 to 240.08, an increase of 82.30 (52.2%). Adding consistency raises it by a
further 11.10 (4.6%) to 251.18; the full configuration adds 9.77 (3.9%) to reach
260.95. Relative to DT, the total increase is 103.17 (65.4%). The largest displayed
increment accompanies the structural configuration, while consistency and the final
augmentation-containing configuration yield further increases. These cumulative com-
parisons describe conditional changes along the reported sequence. They do not
separately identify graph encoding versus attention bias, or generation versus screening
and additional training-data exposure.

CPA diagnostic. The diagnostic changes from 52.68 for Base DT to 62.20 with
graph prior, 58.93 with consistency, and 59.82 with augmentation. The consistency
step combines a higher Score with a lower diagnostic than graph prior. The full con-
figuration has the highest Score, while its diagnostic is higher than that of Base DT.
These values describe the component comparison; Campaign-level violation frequency
is discussed separately in Section 5.5.

Independent component ablation. Table 5 compares the full model with con-
figurations that remove structure, augmentation, or consistency. Structure denotes
dependency-guided encoding together with type/time attention bias. Removing these
components lowers Score by 78.54, 23.29, and 12.23, respectively. The comparisons
assess the combined modules and do not separately isolate graph encoding from
attention bias or establish statistical significance.

Figure 4 separates the component-removal results from the screening comparison
and displays performance and candidate acceptance on separate axes.

Augmentation screening. Full screening yields a Score of 260.95 and acceptance
percentage of 7.2%, compared with 244.30 and 18.7% for range-only screening. Full
screening therefore combines a higher Score with fewer accepted candidates. A lower
acceptance percentage alone does not demonstrate better generated-label quality.
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Table 5 Component ablation and screening variants at the nominal budget. Str.: structure; Aug.:
augmentation; Cons.: consistency; Range: range-only screening.

Accepted
Variant Score (%)
CATALIST 260.95 + 19.41 7.2
w/o Str. 182.41 £ 31.03 7.4
w/o Aug.  237.66 +22.15 N/A
w/o Cons. 248.72 4+ 20.84 7.1
w/ Range  244.30 &+ 21.66 18.7
(a) Component ablation (b) Screening performance (c) Candidate acceptance
300
250 4 237.66 24430 g S
wio Str. 1 18241 200 5151
2 k=]
3 150 g
@ S04
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Fig. 4 Component ablation and augmentation screening performance. (a) Component ablation. (b)
Screening performance. (c) Candidate acceptance rate.

The screening comparison contrasts observed-only training, range-only augmenta-
tion, and full screening. The range-only variant omits the resource-excess, gain, and

dispersion gates. The observed-only configuration is the without-augmentation row in
Table 5.

5.4 Hyperparameter Sensitivity

Figure 5 compares graph threshold, graph strength, regularization weight, searched-
action count, mix ratio, and action-search step. The displayed means are highest at
candidate count five, graph threshold 0.03, graph strength 0.5, and regularization
weight 0.03 in their respective sweeps. These marginal maxima do not establish that
their combination is jointly optimal.

The curves show sensitivity to the tested parameter settings. The favorable settings
are specific to the displayed ranges and do not establish a universal parameter choice.
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Fig. 5 Sensitivity of bidding performance to key hyperparameters.

Table 6 Value, Score, CPA violation frequency, and budget utilization at nominal budget.

CPA viol. Utiliz.

Policy Value Score (%) (%)

Base DT 212.74 +42.35 157.78 + 38.12 37.2 81.4
Base GAVE 314.69 + 35.61 236.83 £ 24.07 42.5 84.1
CATALIST 348.22 4+30.27 260.95 + 19.41 39.1 87.6

5.5 Constraint Analysis and Discussion

Table 6 compares Value, Score, CPA violation frequency, and budget utilization. For
campaign n, realized acquisitions are A,, expenditure is S$P°"d the CPA target is
Cp, and initial effective budget is By, > 0. Violation frequency is the percentage
of campaigns satisfying S$P"d > (,, A,,: zero acquisitions with positive expenditure
count as a violation, whereas zero acquisitions with zero expenditure do not. Budget
utilization is the mean of 1005Pend/ By, across the same eligible campaigns. These
explicitly defined quantities are kept separate from the CPA diagnostic in Table 4.

Table 6 reports the four evaluation metrics. CATALIST has higher Value and
Score point estimates than both baselines, and budget utilization is 87.6%, compared
with 81.4% for DT and 84.1% for GAVE. The CPA violation frequency is 39.1%,
below GAVE by 3.4 percentage points but above DT by 1.9 percentage points. Thus
the results show a utility—constraint trade-off rather than uniformly improved compli-
ance. The CATALIST Score of 260.95 agrees with the full-model component result in
Table 5.
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Result interpretation. The results show three descriptive patterns: CATALIST
leads the main comparison at 75%-150% budgets; Score increases along the reported
component progression; and the integrated variants exceed their corresponding back-
bones at all displayed budget ratios. The tightest-budget exception and the CPA
diagnostic qualify the interpretation: higher performance is not uniform dominance
across resource conditions and does not establish improved constraint compliance.

The comparisons characterize performance within the evaluated settings. Cumu-
lative component configurations do not isolate individual mechanisms, and backbone
integration results do not quantify computational efficiency. Budget variation tests
resource conditions rather than general distribution shifts. The dependency prior rep-
resents observational associations, and generated action labels depend on model pre-
dictions; the results therefore support neither causal identification nor campaign-level
compliance guarantees.

6 Conclusion

This paper addresses historical dependency modeling and limited logged-action
coverage in offline auto-bidding through CATALIST, a structurally guided sequence-
learning framework. CATALIST incorporates feature-dependency priors into state
representations, organizes information exchange over decision histories through token-
type and temporal attention biases, and supplements policy supervision with local
alternative actions screened for resource feasibility and predicted gains. Joint train-
ing grounds outcome and value prediction in observed records, connecting structured
history modeling with model-based augmentation in a unified framework for learning
bidding policies from limited auction logs.

Experiments on AuctionNet show that CATALIST achieves the highest reported
performance among the compared methods over the 75%-150% evaluation-budget
range. At the nominal budget, its Score reaches 260.95, exceeding DT and GAVE by
65.4% and 10.2%, respectively. Backbone integrations and component comparisons
further exhibit consistent performance-improvement trends, supporting the design
of combining structural guidance with local model-based augmentation for offline
bidding. Meanwhile, the comparison at the 50% budget and the CPA violation fre-
quencies indicate that policy utility remains sensitive to resource conditions and that
performance gains should be evaluated together with constraint outcomes.
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