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Abstract—Online decision refers to making sequential choices
without future information, which is widely applied in real
world scenarios such as dynamic resource allocation, scheduling
and online advertising. Motivated by the remarkable reasoning
and planning capabilities of Large Language Model (LLM),
researchers have applied these models to such online problems.
However, existing LLM-based approaches primarily rely on
parameter-frozen LLM, which often exhibit weak performance in
complex, non-stationary and long-horizon environment. Although
fine-tuning LLM for online decision making is a promising
direction, this remains challenging due to the lack of supervision
labels and effective training mechanisms for online scenarios.
To address this, we propose the FLOOD framework (Fine-
tuning LLM for Online decision via Oracle Distillation), which
distills the capabilities of an offline optimal oracle into an
online decision LLM. Specifically, our framework leverages an
offline optimal oracle (with full information access) to generate
optimal decision trajectories. These trajectories are then distilled
into an online LLM via fine-tuning. Crucially, to adapt to the
characteristics of online decision making, we design Decision
Period Aligned Gradient Accumulation (DPAGA) strategy where
gradients are accumulated to match the granularity of decision
periods. We train FLOOD solely on synthetically generated oracle
trajectories, and evaluate its performance on both synthetic data
and a real world sequential emergency dataset. These experi-
ments demonstrate that FLOOD generalizes effectively, achieving
competitive performance compared to existing baselines. Further
experiment confirms that the DPAGA strategy is essential for the
distillation process.

Index Terms—Online Decision Making, Large Language
Model, Fine-tuning via LoRA

I. INTRODUCTION

Online decision making is an important problem in real-
world applications like dynamic resource allocation, schedul-
ing and online advertising, focusing on sequential choices
under uncertainty [1], [2]. In each round, the decision-maker
selects an irrevocable decision based on historical and cur-
rent information, and the reward revealed after the decision
is committed. The ultimate goal is to minimize regret, the
performance gap between the online policy and an optimal
offline oracle that has full access to future information.

Despite its broad applicability, online decision faces two key
challenges. First, decisions are made without access to future
information, making the design of effective online algorithms
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Fig. 1. Compared with parameter-frozen methods (left) and overview of
FLOOD (right). FLOOD relaxes the online problem to an offline version
to compute optimal decision trajectories, then distills them into LLM by fine-
tuning with DPAGA strategy.

inherently difficult. Second, traditional approaches rely on
hand-crafted heuristics, which often lead to poor performance
in complex settings where environments are highly dynamic or
non-stationary [3]. These challenges motivate more effective
approaches to online decision making.

Large Language Model (LLM) have recently revealed re-
markable capabilities in reasoning and planning [4]-[6], mo-
tivating their application to online decision making. Existing
studies address online problems with parameter-frozen LLM
[7]-[10], relying mainly on general capabilities and prompting.
However, without parameter updates, these approaches often
struggle in complex, non-stationary, and long-horizon envi-
ronments [7], [8]. Moreover, training LLM to enhance online
decision ability of LLM remains challenging due to the lack
of effective mechanisms and supervision label.

To address this challenge, we propose Fine-tuning LLM for
Online decision via Oracle Distillation (FLOOD), a method



that distills an offline optimal oracle into an online decision
LLM (as shown in Fig.1). Specifically, we leverage an offline
optimal oracle by relaxing online constraints to allow full
information access to generate optimal decision trajectories,
which serve as supervision to fine-tune the LLM. Crucially,
to adapt to the characteristics of online decision, we design
a Decision Period Aligned Gradient Accumulation (DPAGA)
strategy, where gradients are accumulated to match the granu-
larity of decision period. This transforms intractable online
algorithm design into a tractable offline decision problem
and general oracle distillation pipeline. This addresses the
lack of supervision labels and provides an effective training
mechanism. Experiments on both synthetic environments and
a real-world sequential emergency dataset demonstrate that
FLOOD achieves superior performance. Further experiment
confirms that the proposed DPAGA strategy is essential for
the distillation process.
Our main contributions are as follows:

e We propose a method to fine-tune LLM for online
decision making, transforming the task of designing
intractable online algorithms into the task of solving a
relaxed offline version of the problem.

o We design a decision period aligned gradient accumula-
tion strategy that accumulates gradients at the granularity
of decision periods. This makes the parameter updates
during fine-tuning aligned with the objectives of online
decision making.

e We demonstrate that FLOOD trained by synthetic data
can be deployed online and perform well under a real-
world dataset, validating its effectiveness.

II. RELATED WORK

A. Online Decision Making

Online decision making studies sequential decision under
uncertainty, where decisions are irrevocable and rewards are
revealed after commitment. The main goal of these problems
is minimize regret, defined as the performance gap against
an optimal offline oracle [11]. Alternatively, the competitive
ratio (CR) is also used in the online algorithms literature
[12]. Andrew et al. [13] established a fundamental theoretical
limit, proving that sublinear regret and constant CR cannot
be achieved simultaneously. These problems are widely ap-
plicable, including dynamic resource allocation [14], online
scheduling [15] and recommendation systems [16].

Regarding algorithmic development, extensive research has
been conducted to address these problems under various
settings, ranging from stochastic input models to adversar-
ial worst-case scenarios [12], [17], [18]. However, many
traditional methods rely on rigid mathematical formulations
and structured numerical inputs, and often require substantial
redesign when constraints or problem variants change. This
limitation motivates the exploration of LLM-based agents
capable of understanding complex environments and gener-
alizing across tasks [6]-[8], [19].

B. LLM for Online Decision Making

Existing research on applying LLM to online decision
making typically follows two paradigms. (i) The first relies on
in-context learning with frozen models. For instance, Yao et
al. proposed the ReAct framework, integrating reasoning and
action generation to interact with environments via prompting
[20], and Park et al. demonstrated that LLM agents can exhibit
no-regret behaviors on simple tasks through chain-of-thought
prompting [7]. However, this paradigm faces limitations. As
demonstrated by Krishnamurthy et al., parameter-frozen LLM
struggles in complex bandit instances, indicating that prompt
engineering alone is insufficient for complex online settings
[8]. (i) The second paradigm employs hybrid architectures,
where the LLM serves as an assistant within a traditional
algorithmic framework. In this paradigm, LLM is relegated to
a support role: acting as a reward predictor [19], a preference
interpreter [9], or a generator of prior knowledge to start
contextual bandits [21]. While these methods leverage LLM
capabilities, the final decision is still governed by a traditional
online algorithm. As a result, their performance and applica-
bility remain constrained by traditional online algorithms.

These limitations motivate a direct approach: enabling the
LLM itself to function as an online decision maker through
fine-tuning. However, the primary obstacle to this path is
the lack of supervision mechanisms in partial-feedback en-
vironments, few works have successfully trained LLM for
this purpose. FLOOD addresses this gap by using an offline
optimization oracle to generate supervision and distilling it
into an online LLM.

C. Imitation Learning and Distillation

Our approach Oracle Distillation is inspired by Imitation
Learning (IL), specifically the paradigm of learning from an
oracle. Standard IL typically treats imitation as supervised
learning on state-action pairs [22], [23]. This setting involves
an oracle who possesses access to extra information that is
unavailable to the “student” during inference. This paradigm
has been widely applied in reinforcement learning, such as
Hindsight Experience Replay (HER) [24], to accelerate policy
learning by leveraging teachers during training.

In the context of LLM, knowledge distillation is widely em-
ployed, typically to transfer reasoning capabilities from larger
models (e.g., GPT-4) to smaller ones for model compression or
to enforce chain-of-thought consistency [25]-[27]. We utilize
this teacher—student paradigm along a different dimension: dis-
tilling the online decision logic in oracle-generated trajectories.

III. METHOD

In this section, we present FLOOD, an oracle distillation
framework designed to transform LLM into online decision
makers. The core philosophy of FLOOD is to convert offline
optimal solutions into sequential training signals, allowing the
LLM to learn implicit decision policies that can be executed
in online setting. As illustrated in Fig. 2, the framework
comprises two primary stages: (i) Offline Oracle Construction,
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Fig. 2. FLOOD framework for online decision via oracle distillation: (A) a deployed LLM makes sequential decisions; (B) an offline oracle with full
information to produce optimal labels; (C) a dataset builder constructs prompts paired with oracle decisions; (D) the LLM is fine-tuned with LoRA and

decision-period-aligned gradient accumulation.

and (ii) Online Policy Distillation through decision period
aligned fine-tuning.

A. Problem Formulation

We instantiate FLOOD on an online resource allocation
problem with T steps. At each step ¢ € {1,...,T}, a re-
quest tuple (w;, c;,7¢) arrives, denoting the resource demand,
transportation cost and potential reward. Besides current infor-
mation, decision maker has access to the historical trajectory
H;_1, defined as:

Hy = (ijwJ"Cj?Ij);;lr (D

Based on H;_; and the current input (w, ¢, ), the deci-
sion maker make an irrevocable decision x; without knowl-
edge of future arrivals:

xp = T(We, e, 7, Heo1), )

where x; = 1 denotes fulfill request and x; = 0 denotes
rejection. If the request is fulfilled, the decision maker suffers
consume w; of the limited rescue resource and transportation
cost ¢, while yielding reward r;. The goal is to maximize the
total cumulative reward with a budget constraints for resources
b1 and transportation costs by. The challenge is to dynamically
satisfy these global constraints under uncertainty, balancing the
immediate reward of the current request against the potential

value of saving budget for unknown future demands. In
essence, solving the online problem is to find a policy .

B. Offline Oracle Construction

The first step of FLOOD is constructing the oracle and it
relies on the fact that online problems can be relaxed into
tractable offline versions with full information. As shown
in Fig. 2(B), we produce the optimal trajectory xj.,- with
hindsight information.

Given the sequence of all requests and total budgets, the Of-
fline Oracle is formulated as a binary Integer Linear Program
(ILP):

T
maxz T+t
t=1
T
Zwtﬂﬁt <h
t=1 @)
st.¢ T
thxt < b2
t=1
xtE{O,l}, t=1,...,T

Following [28], it can be proven that the oracle decision
vector x* = [z},...,zk] is the optimal trajectory. In the
FLOOD npipeline, the oracle serves two essential roles: (i)
generating training label for fine-tuning, and (ii) providing



a baseline for evaluating online performance via competitive
ratio and regret.

C. Training via Oracle Distillation

The goal of oracle distillation is to learn 7 in (2) so that
the LLM can execute decisions under online setting.

Utilizing oracle to get fine-tuning data. To distill the
oracle via fine-tuning, we construct the training data in a
prompt-based format. Moreover, to distill the oracle into an
online policy, we generate the training instances following
the online decision setting. While the oracle produce optimal
decisions x* using the full information, the online policy infers
x; solely from the observable history, as illustrated in Fig. 3.
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Fig. 3. Utilizing oracle to build fine-tuning data The offline ILP oracle
computes the optimal decision sequence x*. The dataset builder then iterates
over t = 1..T" and constructs each prompt under online setting (history Hy_1
and current request (we, c¢,7¢)) while using the oracle decision xy as the
supervised label.

For each time step ¢, we construct a training pair (p, ;)

as follows:

o Prompt Construction (p;): We serialize the observable
state into a textual instruction. This state includes the his-
torical context H;_1, the current information (ws, c¢, 7).
Crucially, all future information are masked.

e Oracle Annotation (z}): The supervised target is directly
derived from the offline oracle’s decision at step .

Through this process, the offline optimal trajectory is con-

verted into a online format dataset D = {(ps,z})}7_;. By
distilling on this dataset, the complex neural network of the

LLM learns to characterize the implicit decision patterns
embedded in the data.

Decision Period Aligned Gradient Accumulation. Stan-
dard fine-tuning typically treats training samples as indepen-
dent and identically distributed (i.i.d.), minimizing loss on a
per-sample or random-batch basis. However, online decision
making is inherently sequential, aiming to maximize cumu-
lative rewards over a period T'. To bridge this gap, we align
the gradient optimization step with the problem’s structure.
Specifically, we adopt a decision period aligned gradient
accumulation strategy where gradients are accumulated over
the entire decision period before updating parameter. Mathe-
matically, while this resembles using a batch size of 7', the key
distinction lies in the data sampling strategy. Standard training
shuffles samples randomly, breaking temporal dependencies.
DPAGA treats the entire trajectory as a single atomic sample,
ensuring that parameter updates reflect the global objective
of the entire period. The procedure is formally detailed in
Algorithm 1.

Algorithm 1 Decision-Period-Aligned Gradient Accumulation

Input: Training dataset D; Period length T'; Initial parameters
0; Learning rate 7
Output: Optimized parameters 6*

1: Initialize gaec < 0 > Initialize gradient accumulator
2: Set step counter k < 0

3: for each trajectory 7 = {(p¢, z;)}{_, in D do

4: fort=1to T do

5: k+—k+1

6: Forward: Compute Z; < mp(p:)

7: Loss: ¢ + L(Z4,x})

8: Backward: g; < Vy/;

9: Accumulate: g < Gace + 79t
10: if £ mod T = 0 then > End of a decision period
11: Update: 6 < 0 — 1 - gace

12: Reset: g,.c < 0

13: end if
14: end for
15: end for

16: return 6

Parameter-efficient fine-tuning with LoRA. We apply
LoRA [29] to adapt the pretrained LLM efficiently. LoRA
rewrites the pretrained weight matrix W, € R as W, +
AW = Wy + BA, where B € R¥>*" A ¢ R"™*F, and
r < min(d, k). This constrains updates to a low-dimensional
subspace and reduces training cost. In implementation, LoORA
inject these low-rank adapters into the transformer attention
weights (e.g., @, K, and V) while freezing the remaining
parameters.

Overall, FLOOD follows a two-stage pipeline: (1) construct
an offline oracle to obtain optimal decision trajectories from
an all-knowing perspective, and (2) distill these trajectories
into an online LLM policy using DPAGA and LoRA-based
fine-tuning. This design turns online algorithm design into a
tractable framework.



IV. EXPERIMENTS

In this section, we evaluate the proposed FLOOD frame-
work in synthetic and real world datasets. We first detail the
experimental setup and baseline comparisons, followed by a
comprehensive analysis of the results. The code is available at
https://github.com/qiutao20/FLOOD.

A. Experiment Setup

Implementation Details. All experiments were conducted
on a server with a NVIDIA A100 GPU and 220GB RAM.
We employed ChatGLM3-6B [30] as the backbone LLM. The
model was fine-tuned via LoRA for 20 epochs with a learning
rate of 6 x 1076,

Training data construction. We synthesize raw training
data of 200 decision periods, each consisting of 7' = 60 time
steps, resulting in 12,000 step-level samples. For each period,
we build request tuples (wy,cy,r¢) as follows: the resource
requests w; is simulated to model different demand situa-
tions, while the transportation cost and reward are generated
randomly and kept fixed. Specifically, we simulated resource
requests using a normal distribution with a mean of p = 10
and a standard deviation of ¢ = 3. And budgets are calculated
based on scarcity ratios w; = 0.5 and wy = 0.4 (as analyzed
in IV-G). For each decision period, the offline oracle (Section
III-B) was executed to generate the optimal decision zj as
the optimal label. Finally, we hold out 5% of the synthetic
samples as the synthetic test set.

Real-World Benchmark. To evaluate the model’s robust-
ness to distribution shifts and real-world complexity, we uti-
lized the 2020 Ebola Outbreak Dataset [31]. Derived from
actual logistics logs in the Congo, this dataset features non-
stationary demand patterns and authentic constrains. Crucially,
to evaluate the generalization capability of FLOOD, we do not
use this real world dataset for training.

B. Baselines

To validate the effectiveness of our oracle distillation frame-

work, we compare FLOOD against three baselines:

o« MonERP [28]: A specialized online algorithm designed
for the online resource allocation problem. It is the state-
of-the-art (SOTA) traditional algorithm on this problem.

o Base LLLM [30] : The base model operating via prompt-
ing without fine-tuning. This baseline assesses the inher-
ent reasoning capability of the base model and highlights
the necessity of oracle distillation. The Base LLM uses
the same prompt and input fields as FLOOD.

« RanDM [32]: A naive policy that makes random deci-
sions when lack information, mimicking human intuition.

It is important to clarify the distinction between the online

resouce allocation formulation and Reinforcement Learning
(RL). In this setting, the arrival of future requests (wj;, ¢;, 7;):
is independent of the decision maker’s historical actions. This
lacks the state transition dynamics (Syy1 ~ P(S, A¢)) char-
acteristic of Markov Decision Processes (MDPs). Therefore,
we compare against OLP-based algorithm rather than RL
algorithms.

C. Evaluation Metrics

To provide a holistic view of performance, we employ four
metrics covering accuracy, optimality, and feasibility.

Accuracy (Acc). The offline oracle decisions are optimal
labels. Accuracy measures the proportion of time steps where
the online policy’s decision x; matches the oracle’s decision
Ty

1 I
Accuracy = T Zl(a@t =) 4)
t=1

Note: Accuracy measures local alignment with the oracle’s
specific trajectory. However, as the ultimate objective is max-
imizing cumulative reward, alternative paths may exist that
yield comparable performance.

Competitive Ratio (CR). CR is a standard metric in online
algorithms, evaluating the ratio of the cumulative reward
obtained by the online algorithm (Rarg) to that of the offline
global optimal oracle (Ropr):

R
CR — JALG

&)

~ Ropr’
where CR € [0, 1], with higher values indicating performance
closer to the optimal upper bound.

Regret. Regret quantifies the difference in cumulative re-
ward up to time 7"

T T
Regret(T) = Z Ty — Z T, (6)
t=1 t=1

where r* is the reward of the offline optimal solution. Since
the oracle is globally optimal over the entire horizon 7,
intermediate regret at step ¢ < 71" can be positive or negative.

Over Ratio (OR). To assess the feasibility of LLM’s
decisions, we define the Over Ratio(OR), which measures the
extent to which the planned resource usage exceeds the global
budget constraint B:

)

OR = max (0’ R‘*S“‘_B) ’

B

where Rysq is the total resource consumed by the policy.
Crucially, when testing other metrics, any decision violating
the budget is strictly executed as invalid, ensuring performance
scores are not inflated by infeasible decisions.

D. Main Results

Trained on synthetic data, Table I summarizes the perfor-
mance of FLOOD against the baselines on both the synthetic
and real world test sets.

Superiority over LLM. The comparison between FLOOD
and the base LLM highlights a critical insight: foundation
models alone are insufficient for complex online decision.
The base baseline struggles to outperform the random policy
RanDM in terms of CR and OR. This failure stems from the
inability of base model to comprehend the trade-offs between
immediate gratification and long-term budget conservation
without specific training. In contrast, FLOOD achieves a
substantial improvement (+12.8% Accuracy and +10.7% CR



TABLE I

RESULTS ON BOTH SYNTHETIC AND REAL WORLD DATA

CR 1

OR |

0.7746 (0.0856)
0.7614 (£0.1419)
08013 ( - )
0.8429 (£0.0417)

0.4009 (0.1037)
0.1851 (0.2112)
0(-)
0.1293 (0.2743)

Dataset Method Acc T
RanDM 0.4970 (£0.0697)
Synthetic baseLLM 0.4965 (£0.0542)
¥ MonERP 05271 ( - )
FLOOD 0.6027 (£0.0471)
RanDM 0.5048 (£0.0634)
baseLLM 0.4817 (£0.0624)
Real World MonERP 05667 ( — )
FLOOD 0.6075 (£0.0522)

0.7253 (£0.1201)
0.6776 (£0.0519)
0.8029 ( - )
0.7413 (40.1051)

0.4172 (0.1542)
0.2417 (0.2208)
0(-)
0.1819 (0.2917)

* MonERP produces identical results, hence standard deviation is not reported.
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Fig. 4. Cumulative Regret over time. FLOOD demonstrates low regret
compared to the static linear growth of RanDM.

on simulation data), demonstrating that our oracle distillation
framework successfully transfers decision logic to the LLM.

Comparison with Specialized algorithm. When compared
to MonERP, a SOTA algorithm specifically hand-crafted for
this problem, FLOOD demonstrates competitive performance.
Notably, FLOOD achieves higher Accuracy (Oracle Align-
ment) on both datasets, indicating a stronger ability to learn
the oracle’s decision patterns. In terms of CR, FLOOD
outperforms MonERP on the synthetic test set (0.8429 vs.
0.8013). On the real-world dataset, FLOOD exhibits a slight
performance gap compared to MonERP. We attribute this to
the inherent trade-off between generality and specialization:
MonERP relies on conservative, hard-coded rules that guaran-
tee safety, whereas FLOOD learns decision intelligence from
oracle. While slightly less robust to extreme distribution shifts,
FLOOQOD achieves this performance without manual engineer-
ing, highlighting its potential as a more general framework.

These results are particularly significant given that FLOOD
has never seen the real-world data nor fine-tuned on specific
distribution. It successfully extrapolates the learned policy to
a completely real-world environment.

E. Analysis of FLOOD Behavior

To deeply understand how FLOOD makes decisions, we
analyze how the FLOOD decides through regret curve and
metric divergence.

Regret Analysis. To analyze the stability of the learned
policy, we visualize the cumulative regret trajectories in Fig. 4.
The RanDM baseline exhibits a steep linear growth, indicating
a consistent failure to secure high-value requests. In contrast,
FLOOD successfully suppresses the regret growth, maintain-
ing a flattened trajectory. Flood achieves a final cumulative
regret of approximately 40, which is comparable to the spe-
cialized algorithm MonERP. Notice that the regret temporarily
drop below zero at intermediate steps. This is because the
Oracle could preserves budget for future high-reward requests,
while online policy prefer capturing immediate rewards. How-
ever, at the final step 7', the Oracle always achieves superior
or equal performance, consistent with its global optimality.
The curves indicates distinct behavioral signatures: MonERP
follows a smooth, conservative path derived from fixed rules,
whereas FLOOD displays slight fluctuations. These fluctua-
tions indicate that the LLM is actively trading off between
immediate greedy decisions and long-term planning, proving
that it has learned policy of the optimization problem rather
than merely memorizing static labels.

The Accuracy-Optimality Gap. A key observation is that
FLOOD achieves higher accuracy than MonERP but occa-
sionally lower CR. This corroborates our statement in Section
IV-C: high local accuracy does not strictly guarantee global
optimality. MonERP utilizes conservative thresholds to avoid
“fatal” errors (e.g., early resource depletion), ensuring a decent
baseline CR. In contrast, FLOOD, distilled from the oracle,
may learn aggressive strategies. A single wrong decision in
a critical high-value resource scenario can disproportionately
impact the cumulative reward, even when the model main-
tains 99% accuracy in other cases. This suggests that future
work could benefit from incorporating reward-weighted loss
functions to prioritize critical decision steps.

Feasibility and Resource Management. The OR reflects
the model’s ability to respect global constraints. As expected,
MonERP achieves a 0% violation rate due to its hard con-
straints. Unlike such deterministic heuristics, probabilistic er-
rors are inherent to neural networks. However, FLOOD signif-
icantly mitigates this issue, drastically reducing OR compared
to baselines. This indicates that FLOOD has implicitly learned
to model resource scarcity solely from the oracle’s labels,
effectively internalizing the concept of a budge without explicit
constraint programming.



TABLE 11
ABLATION ANALYSIS: EFFECTIVENESS OF THE DPAGA STRATEGY

Decision Period

Model Aligned Update Acc CR

RanDM - 0.4970  0.7746
Base LLM - 0.4965 0.7614
FLOOD w/o DPAGA X 0.4666  0.7219
FLOOD (Ours) v 0.6027  0.8429

F. Ablation Studies

Effectiveness of DPAGA. A pivotal contribution of FLOOD
is the DPAGA strategy. Table II presents an ablation analysis
comparing our method against a standard fine-tuned variant
and baselines.

The results demonstrate the critical role of this strategy. As
shown in the table, removing the DPAGA strategy (FLOOD
w/o DPAGA) results in a sharp performance degradation, with
the Competitive Ratio (CR) dropping from 0.8429 to 0.7219.
Notably, this lower performance is comparable to the non-fine-
tuned base LLM, suggesting that standard fine-tuning fails to
capture the long-term objectives inherent in online decision
making. Consequently, these results confirm that the DPAGA
strategy is an essential mechanism for effective online decision
fine-tuning.

G. Parameter analysis

In online resource allocation problem, the decision difficulty
is linked to the scarcity of total resources b; and transporta-
tion budgets be. Tighter constraints lead lower tolerance for
errors, demanding more precise decision-making. To quantify
this, we define the resource scarcity coefficient w1 and the
transportation budget scarcity coefficient wy as:

b1 b2
= Ny = —04—m8
S Demand’ > S Total_distance

where wq,ws € (0, 1]. Lower values indicate higher scarcity.

Sensitivity Analysis of Scarcity Parameters. We first
analyze how these constraints impact the upper bound of
performance (offline optimal) to identify critical decision
regions. We varied w; and wy at intervals of 0.1 to generate
100 parameter combinations. Figure 5 illustrates the impact of
these coefficients on total satisfied demand.

The heatmap indicates three circumstances:

o Resource Bottleneck Segment (w; < 0.3): As shown in
the bottom red region, when total resources are critically
scarce, the satisfied demand remains consistently low
regardless of the transportation budget ws. This indicates
that resource availability is the dominant hard constraint
in this region.

o Budget-Constrained Segment (w; > 0.6,ws < 0.4): In
the top-left region, although resources are abundant, the
low transportation budget limits the distribution, prevent-
ing high demand satisfaction.

o Sensitive Transition Segment : The region around w; =
0.5 and wy = 0.4 (indicated by the yellow-green tran-
sition) represents both constraints are binding. In this

®)

wq

Resource Scarcity Coefficient (w;)
Offline Optimal Demand Satisfaction

01 02 03 04 05
Budget Scarcity Coefficient (w;)

06 07 08 09 1.0

Fig. 5. Sensitivity analysis of resource and budget scarcity coefficients on
demand satisfaction (Offline Optimal).

TABLE III
IMPACT OF TRAINING DATA DISTRIBUTION ON
GENERALIZATION (FIXED VS. VARIABLE SCARCITY)

Dataset Model Acc 1 CR 1 OR |
Svnthetic FLOOD-Fixed 0.6027 0.8429 0.1293
¥ FLOOD-Var 0.5876 0.8029 0.1095
Real-world FLOOD-Fixed 0.5973 0.7413 0.2119
cal-wo FLOOD-Var 0.6075 0.7632 0.1928

region, increasing either resource or budget yields sig-
nificant improvements, but neither is abundant.
Based on this analysis, we selected w; = 0.5 and wy = 0.4
for our primary dataset construction. This parameter combi-
nation ensures the decision environment is neither trivially
easy (purple region) nor impossibly constrained (red region),
providing a challenging benchmark to rigorously evaluate the
model’s allocation capabilities.
Impact of Scarcity in Training. Finally, we investigated
whether training on diverse scarcity levels improves robust-
ness. We compared two training strategies:
1) FLOOD-Fixed: Trained on data with fixed scarcity
coefficients (wy; = 0.5, wqy = 0.4).

2) FLOOD-Var: Trained on data with dynamic scarcity
coefficients sampled randomly from a moderate range
(wy € [0.4,0.65], ws € [0.3,0.7)).

Table III reports the performance on both the Synthetic
Test Set (same distribution as Fixed) and the Real-world Data
(out-of-distribution). The results suggest an interesting trade-
off between specialization and generalization. FLOOD-Fixed
outperforms FLOOD-Var on the Synthetic Data, because the
test set parameters align perfectly with its training distribution.
However, on Real-world Data, the trend reverses: FLOOD-
Var achieves higher Accuracy and CR with lower OR. This
suggests that exposing the model to varying degrees of re-
source scarcity during training prevents overfitting to specific
constraint ratios. The dynamic training environment forces the
model to learn a more robust policy, thereby enhancing its
capability to extrapolate to unseen, real-world scenarios.



V. CONCLUSIONS

In this work, we introduced FLOOD, a framework that
transforms the challenge of online algorithm design into a
tractable offline decision problem. By leveraging offline oracle
to generate optimal trajectories, FLOOD provides a general
oracle distillation paradigm. The main findings are as follows:

« Feasibility of FLOOD: Through designed fine-tuning

strategy, a general LLM acquires specialized online deci-
sion capabilities, significantly outperforming base LLM
and achieving parity with domain-specific algorithms.
Importance of Temporal Alignment: The Decision
Period Aligned Gradient Update strategy is a structural
necessity when fine-tuning online decision LLM. It is cru-
cial for capturing the long-horizon temporal dependencies
inherent in sequential decision-making, which standard
fine-tuning fails to address.

The Accuracy-Optimality Gap: Our analysis indicates
a critical insight: high local alignment with oracle actions
does not strictly guarantee global optimality.

Despite the promising results, our study also revealed some
possible directions. Building on the observed inconsistency
between accuracy and other performance, it is worth studying
objectives that directly optimize regret or competitive ratio,
as well as feasibility mechanisms to better satisfy resource
constraints in safety-critical deployments.
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