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Abstract

Epidemic LLM forecasters are usually trained
and evaluated as static supervised models,
whereas operational pandemic forecasting is
a streaming process in which labels arrive af-
ter predictions and disease regimes shift over
time. We study this mismatch in weekly
COVID-19 hospitalization trend forecasting
across five variant regimes. We introduce
EpiEvolve, a self-evolving agent that wraps an
LLM forecaster trained on the warm-start pe-
riod and keeps its weights fixed during stream-
ing. EpiEvolve adapts by storing forecast out-
comes in a hierarchical episodic memory, re-
flecting on delayed labels, retrieving cases rel-
evant to the current regime, and distilling re-
curring errors into strategic rules. The result-
ing context lets the forecaster reuse its own
past predictions and outcomes in later weeks
while following a chronological protocol that
prevents future leakage. On the streaming
dataset, EpiEvolve reaches 0.629 average accu-
racy, compared with 0.561 for the static back-
bone and 0.325 for the external CDC ensemble,
and reduces recovery lag after regime shifts
from 5 to 2 weeks. Ablations show that re-
flection, strategic memory, and regime-aware
retrieval each contribute to the gains.

1 Introduction

Infectious disease forecasting is central to the re-
sponse to pandemics, where decisions are made
under tight time and resource constraints. Useful
forecasts must connect epidemiological trajectories
with contextual signals about geography, policy,
and viral evolution. Recent epidemic LLM fore-
casters demonstrate that language models are a
promising reasoning interface for this setting, ca-
pable of representing both numerical trends and
unstructured textual evidence within a unified pre-
diction pipeline (Du et al., 2025; Gong et al., 2025;
Li et al., 2025). However, while these systems
establish that LLMs can be adapted to epidemic

forecasting, they are usually trained and evaluated
as static supervised models.

This static evaluation paradigm misses the cen-
tral property of real-world forecasting that the en-
vironment changes after deployment. Public health
forecasts are issued iteratively, ground truth arrives
only after the predictions are fixed, and the data
generating process can shift when new pathogen
lineages, immunity profiles, or policy conditions
emerge (Cramer et al., 2022; Reich et al., 2022).
COVID-19 made this instability visible as succes-
sive variants altered transmission and immune es-
cape across regions, so evidence that was predic-
tive in one period could become less reliable in
the next (Pham et al., 2025; Wang et al., 2023).
Consequently, a static model trained on a histor-
ical window can fail even when it receives rich
inputs. Without mechanisms to adapt to or learn
from the errors, these failures may persist. The
critical question is whether an LLM forecaster can
recover once the epidemic enters a shifted epidemi-
ological regime.

Answering this question requires changes to both
evaluation and modeling. On the evaluation side,
delayed labels impose a strict chronological pro-
tocol. A method must issue forecasts using only
information available at that week, and it may up-
date its state after the corresponding labels arrive.
This constraint prevents future leakage and makes
post-shift performance recovery measurable. On
the modeling side, regime shifts change the rele-
vance of historical evidence. Recent errors may be
informative after a shift, while older examples can
mislead even when they appear superficially rele-
vant. Streaming fine-tuning can update parameters,
and retrieval can surface past cases, but neither by
itself specifies how forecast outcomes should be
organized, reflected on, and converted into reusable
strategies. This motivates an agentic structure that
remembers past forecasts, interprets outcome feed-
back, and chooses evidence for the next prediction.



To address these challenges, we propose
EpiEvolve, a self-evolving agent for streaming epi-
demic forecasting. EpiEvolve treats delayed fore-
cast errors after deployment as the primary signal
for adaptation. Instead of updating model parame-
ters, it enables a frozen epidemic LLM backbone
to adapt through hierarchical episodic memory, re-
trieval conditioned on epidemic regimes, and lesson
distillation from outcomes. This design converts
forecast errors into reusable lessons, allowing the
agent to recover from distribution shifts without
costly gradient updates.

We evaluate EpiEvolve on weekly COVID hos-
pitalization trend forecasting across five COVID
variant regimes, using a chronological streaming
setup that reflects delayed outcome feedback in
real deployment. To our knowledge, EpiEvolve
is the first self-evolving LLM agent for streaming
epidemic forecasting under regime shifts. Our con-
tributions are:
• A self-evolving epidemic forecasting agent. We

introduce EpiEvolve, a streaming LLM agent
that adapts after deployment through hierarchical
episodic memory, regime-conditioned retrieval,
and outcome-informed lesson distillation while
keeping the forecasting backbone frozen.

• A streaming evaluation with delayed feedback.
We formulate COVID hospitalization trend fore-
casting as a chronological prediction problem
across recurring variant regimes, measured by
both average accuracy and performance recovery
after distribution shifts.

• An empirical analysis of adaptation mecha-
nisms. We compare EpiEvolve with static fore-
casting, retrieval-based memory, reflection-based
memory, external LLM in context forecasting,
and streaming fine-tuning. EpiEvolve improves
average accuracy from 0.561 to 0.629 over a
static frozen backbone and reduces recovery lag
from 5 to 2 weeks, while ablations isolate the
contribution of memory-based self-evolution.

2 Related Work

Epidemic Forecasting, Pandemic LLMs, and
Regime Shifts. Operational epidemic forecasting
combines iterative prediction with delayed scoring,
while the biological, behavioral, and policy context
shifts between cycles. The U.S. COVID-19 Fore-
cast Hub and collaborative hubs document both
the value of ensembles and the instability of indi-
vidual models (Cramer et al., 2022; Reich et al.,

2022; Howerton et al., 2023). This is a form of
concept drift (Gama et al., 2014) now flagged from
neural-representation statistics (Greco et al., 2025;
Ayers et al., 2025), yet in epidemic streams the cues
often surface first in text, such as variant announce-
ments and policy updates. Recent epidemic LLM
forecasters unify these signals in a single language
interface (Du et al., 2025; Gong et al., 2025; Li
et al., 2025), and a parallel line uses LLM agents
as planning or policymaking assistants under out-
break scenarios (Mao et al., 2025; Shi et al., 2026;
Aoki and Ghaffarzadegan, 2026). Across these set-
tings, however, methods are trained or prompted
on a historical window or operate inside a simula-
tor, leaving open how a deployed forecaster should
adapt to its own delayed errors across regime shifts.
Self-Evolving LLM Agents and Memory. An
emerging line of LLM agent research treats accu-
mulated experience as the unit of adaptation, re-
placing test-time parameter updates (Wang et al.,
2025a; Hu et al., 2025; Chen et al., 2026; Zheng
et al., 2025) with memory of past outcomes. Recent
systems consolidate verbal reflections into reusable
rules (Wu et al., 2025a), distill agent trajectories
into retrievable principles (Wu et al., 2025b), and
benchmark such memory under continuous test-
time streams (Wei et al., 2025). A parallel direc-
tion treats the memory store itself as the object of
learning (Zhang et al., 2025a,b), including procedu-
ral memory from long-horizon trajectories (Wang
et al., 2025b) and shared experience across coop-
erating agents (Weng et al., 2026). These systems
mostly target episodic tasks with immediate ground
truth; temporal forecasting under delayed labels
(Csaba et al., 2024) and recurring regime shifts
(Wu et al., 2024) lie outside their evaluation scope,
yet the design pattern of a frozen backbone with
evolving memory transfers naturally to it.
LLMs and Foundation Models for Time Series.
A complementary direction adapts LLM and trans-
former architectures directly to numerical time-
series prediction, either by reprogramming con-
tinuous inputs for a frozen language backbone (Jin
et al., 2023), tokenizing the series into a completion
vocabulary (Ansari et al., 2024), or augmenting se-
quence modeling with spatial-aware reinforcement
learning (Ni et al., 2026) and epidemiology-aware
neural ODE dynamics (Wan et al., 2025). This
line designs the backbone and representation rather
than post-deployment adaptation; the resulting fore-
casters are precisely the kind of frozen backbone
that a self-evolving agent can wrap.



3 Problem Setting

3.1 Streaming Forecasting Task

We study epidemic forecasting as a streaming clas-
sification problem over geographical regions. Let S
denote the set of regions and let t = 1, . . . , T index
weekly forecasting rounds. For each region s ∈ S
and week t, the model observes xs,t, which con-
tains only information available before the forecast
is issued, including recent epidemic time series,
surveillance signals, policy text, and regional con-
text. The target is a trend label ys,t ∈ Y from a
finite ordinal label set.

At week t, the forecaster uses a deployment
memoryMt containing only information available
before week t, such as past cases, textual reflec-
tions, or distilled lessons. For state s, a retrieval
operator R converts this memory and the current
input xs,t into a non-parametric context

rs,t = R(Mt, xs,t).

The forecast is then produced as

ŷs,t = fθt(xs,t, rs,t) , ŷs,t ∈ Y. (1)

This notation covers three cases: static baselines,
where both θt and rs,t are fixed; memory-based
agents, where adaptation occurs through updates
to Mt and retrieval context; and streaming fine-
tuning baselines, where adaptation occurs through
updates to θt.

The defining constraint is the delayed feedback.
At week t, forecasts for all regions must be gener-
ated using only current parameters θt and deploy-
ment memoryMt. Labels are revealed only after
the entire weekly batch has been fixed:

Bt = {(xs,t, ŷs,t, ys,t) : s ∈ S} . (2)

The method may update its state for the next round:

(θt+1,Mt+1) = U(θt,Mt,Bt) . (3)

This ordering prevents leakage within the week
by ensuring that the results of week t cannot in-
form the predictions of other regions in the same
week. EpiEvolve satisfies this constraint with a pre-
trained backbone, θt+1 = θt, and adapts through
non-parametric updates to memory, retrieval, and
lessons. Streaming fine-tuning baselines may in-
stead update θt after the weekly batch is complete.

3.2 Regime Evaluation and Data Instantiation
We instantiate this streaming strategy on weekly
COVID-19 hospitalization trend forecasting across
the 50 U.S. states. Before streaming begins, each
method receives a warm-start period for offline
preparation, such as training or initializing the back-
bone model. Each weekly state-level example com-
bines spatial attributes, epidemiological time se-
ries, public health policy text, vaccination signals,
and genomic surveillance information (Du et al.,
2025). The prediction target is a five-class ordinal
hospitalization trend label: substantial decreasing,
moderate decreasing, stable, moderate increasing,
or substantial increasing. The details of implemen-
tation are provided in Section 5.1.

To assess adaptation under the distribution shift,
we partition the streaming period into contiguous
regimes, such as dominant variant eras. Let Tr
denote the set of weeks in regime r. We report
regime-level accuracy:

Acc(r) =
1

|Tr| |S|
∑
t∈Tr

∑
s∈S

1[ŷs,t = ys,t] . (4)

These regimes are post-hoc partitions used only
for reporting and are never supplied to the fore-
caster. The variant text that appears in xs,t is part
of the observable input at forecast time, sourced
from public surveillance. We additionally examine
recovery around regime transitions, since aggregate
accuracy may obscure whether a method adapts
quickly after a distributional shift.

4 Method: EpiEvolve

We introduce EpiEvolve, a self-evolving agent with
external memory for epidemic forecasting. Figure 1
illustrates the overall framework. We organize the
discussion as follows: Section 4.1 introduces the
forecasting backbone. Sections 4.2 through 4.4
detail the hierarchical episodic memory, the reflec-
tion module responsible for memory updates, and
the strategic distillation process. Section 4.5 de-
scribes the drift detector and the retrieval policy.
Finally, Section 4.6 integrates these components
into a complete streaming pipeline.

4.1 Forecasting Backbone
EpiEvolve instantiates the streaming protocol of
Section 3 by fixing the backbone parameters and
routing all adaptation through the deployment
memory Mt. We fine-tune an LLM-based fore-
caster fθ on the warm-start period and keep its
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Figure 1: Overview of EpiEvolve Pipeline. Each week t, (1) state-level features (epi trends, policy, genomic
surveillance) drive (2) regime-conditioned retrieval over episodic memory (state, regional, national), (3) feeding the
retrieved cases, distilled lessons, and current context to a pre-trained LLM backbone for (4) hospitalization trend
class forecasts. (5) When delayed truth yt arrives, (6) reflection writes a new episodic entry and triggers lesson
distillation. Recovery after regime shifts comes entirely from memory and rule updates.

parameters fixed throughout streaming evaluation,
so θt+1 = θt at every cycle of Equation 3; the ar-
chitecture and training procedure are described in
Section 5.1. Withholding gradient updates at de-
ployment is a deliberate design choice. It isolates
memory adaptation as the sole driver of the im-
provement we report, and matches scenarios where
backbone weights cannot be touched after release.

Therefore, all adaptation enters fθ through the
prompt. We extend the prompt template with two
structured slots, <MEMORY> and <RULES>, whose
contents constitute the retrieved context rs,t. When
both slots are empty, fθ reduces to a static baseline;
when populated, it conditions on retrieved evidence
without changing its parameters.

4.2 Hierarchical Episodic Memory

The deployment memoryMt = (Et, Lt, ρt) com-
bines a hierarchical episodic store of past forecast
outcomes, a strategic memory of distilled rules,
and a regime indicator from the drift detector. This
subsection describes Et and the part of the retrieval
operator R that draws from it; Sections 4.4 and 4.5
describe Lt and ρt.

After a regime shift, errors arrive faster than gra-
dients can absorb them, yet cluster systematically
across regions with similar epidemiological con-
text. EpiEvolve records each forecast outcome as

an episodic entry

e = (s, t, ϕs,t, ŷs,t, ys,t, ℓs,t, ρt), (5)

where ϕs,t embeds recent hospitalization and case
trends, vaccination summary, dominant-variant in-
dicator, and policy text. The term ℓs,t is a one-
sentence reflection from Section 4.3, and ρt is the
regime indicator at write time. Relative to a query
at state s, Et partitions into a state view ESt (s) (en-
tries about s), a regional view ERt (s) (other states in
the same HHS region), and a national view ENt (s)
(other HHS regions).

Retrieval pulls the top-N entries from Et under
a regime-aware similarity score

score(e, s, t) = cos(ϕs,t, ϕe) · w(ρt, ρe), (6)

where w(ρt, ρe) = 1 if ρt = ρe and α otherwise,
with α = 0.5 fixed throughout. The selected en-
tries are rendered into the <MEMORY> slot. The three
scopes define how the store is organized, not sep-
arate retrieval quotas. Early in a new regime, for
example, the current state may have no entries from
the same regime, so the ranking can fall back to
broader regional or national cases that still match
the current features. Section 5.4 ablates this design
by restricting retrieval to a single tier.



Method Adaptation strategy Delta / early BA.1 BA.2 BA.5 BQ.1 Avg. Recovery lag

CDC ensemble None (external) 0.393 0.458 0.469 0.139 0.165 0.325 N/A
PandemicLLM None 0.587 0.713 0.642 0.431 0.456 0.561 5
Streaming fine-tune Gradient update 0.587 0.700 0.625 0.460 0.490 0.566 5
Claude-ICL In-context only 0.563 0.624 0.561 0.479 0.447 0.557 5
Retrieval-only Episodic retrieval 0.602 0.718 0.663 0.488 0.512 0.591 4
Reflection + episodic Reflection memory 0.611 0.728 0.672 0.523 0.541 0.604 3
EpiEvolve Reflection + strategic memory 0.624 0.751 0.687 0.563 0.582 0.629 2

Table 1: Main regime-wise streaming forecasting results. Regime columns report hospitalization trend classifica-
tion accuracy for each variant-era slice; Avg. aggregates across the full period; Recovery lag measures how quickly
each method recovers after regime transitions. Lower recovery lag is better.

4.3 Reflection-Driven Memory Writing
Episodic entries are useful only when their content
is selective and labeled with the correct correction
signal. Once the labels for week t arrive in Bt, a
reflection module takes (xs,t, ŷs,t, ys,t) as input
and emits both the one-sentence reflection ℓs,t and
a candidate rule fragment. The reflection prompt
asks the model to identify which features supported
the forecast, which should have shifted it toward
the true class, and which regime-conditioned cue
the error coincides with. The new entry is appended
once to Et , and the candidate rule is queued for
the strategic distiller. The fixed schema keeps the
memory store compact and prevents reflection text
from dominating later prompts as the stream grows.

4.4 Strategic Lesson Distillation
Episodic entries are concrete but fragile because a
single trajectory may not transfer across regions or
regimes. We promote recurrent reflection patterns
into a strategic memory Lt of predicate-form rules

λ = (preconds, consequent, c, n, ρλ), (7)

where the preconditions are a conjunction of fea-
ture predicates and the consequent names a tar-
get class shift. The support count n is the num-
ber of forecast weeks in which the preconditions
have matched a region-week observation, and the
confidence c ∈ [0, 1] is the empirical fraction
of those weeks in which the consequent agreed
with the truth, updated on each new match as
c ← (nc + 1[consequent matched truth])/(n+1).
The regime tag ρλ records the regime in which the
rule was first distilled. New rules enter Lt with
n initialized to the number of distillation-window
entries that satisfied the preconditions and c to the
corresponding in-window precision. The distiller
runs on a sliding window of recent episodic en-
tries every K weeks and on every drift event from
Section 4.5. At each forecast call, rules whose

preconditions match xs,t with confidence above a
threshold are rendered into the <RULES> slot. Par-
tially matched rules appear as soft hints.

4.5 Drift Detector and Retrieval

Adaptation must respond when the environment
changes faster than memory accumulates new evi-
dence. In the post-batch update step, the drift de-
tector evaluates two triggers: (i) the weekly cross-
region average ordinal error from Bt exceeds the
warm-start baseline mean by more than τσ standard
deviations, or (ii) the dominant-variant field in xs,t,
observable from public surveillance, names a new
variant relative to the previous week. Neither trig-
ger reads the evaluation regime labels of Section 3.
On a drift event, the regime indicator advances
from ρt to ρt+1 and strategic distillation runs on
the most recent entries of the previous regime. The
new ρt+1 biases the retrieval score in Equation 6
for the next forecast cycle and gates Lt so that
obsolete rules are demoted but not deleted.

4.6 Streaming Agent Loop

The week-t procedure ties the components together.
EpiEvolve enters the week with deployment mem-
ory Mt. For every region s ∈ S, the retrieval
operator R assembles rs,t from Et and Lt under ρt,
the backbone produces ŷs,t = fθ(xs,t, rs,t), and
forecasts for the entire week are emitted before any
label is observed, which prevents one region’s truth
from leaking into another region’s prediction in
the same week. Once the batched labels Bt arrive,
the reflection module writes new episodic entries,
the strategic distiller (if triggered) updates Lt, and
the drift detector decides whether to advance the
regime indicator from ρt to ρt+1, yieldingMt+1.

5 Experiments

We evaluate EpiEvolve as a deployment-time adap-
tation method for streaming epidemic forecasting.
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Figure 2: Adaptation behavior across the variant-era stream. (a) Rolling 4-week accuracy across the evaluation
period for four representative methods; the static backbone collapses at BA.5 and stays depressed through BQ.1,
while EpiEvolve dips less at every boundary and returns to its new-regime steady-state level fastest. (b) Boundary-
centered recovery: weekly accuracy aligned by weeks since each transition and averaged across the four boundaries;
shaded bands show across-boundary standard deviation.

The experiments are organized around three ques-
tions: whether memory-based self-evolution im-
proves forecasting under the same chronological in-
formation constraint, whether it improves recovery
after variant regime transitions, and which mecha-
nisms are responsible for the gains.

5.1 Experimental Setup

Data stream. We use a weekly COVID-19
stream that forecasts hospitalization-trend classes
for 50 U.S. states. The warm-start period cov-
ers data through 2021-05-31 and is used for fine-
tuning the backbone. Streaming evaluation runs
from 2021-06-07 to 2022-12-19, giving 81 weekly
rounds and 4,050 state-week forecasts. The stream
is partitioned into five variant regimes: Late-Alpha
to Delta, Omicron BA.1, BA.2, BA.5, and BQ.1.

Metrics. The primary metric is hospitalization-
trend classification accuracy over the full stream
and within each regime. We additionally report
mean squared error on the ordinal label space, a
boundary recovery curve, and the recovery lag. For
each variant boundary at week t, let Ār denote
the method’s mid-regime steady-state accuracy in
the new regime r, computed as the mean weekly
accuracy from week t+ 4 to the regime end (after
the boundary dip has subsided). Recovery lag is the
smallest k ≥ 1 for which the weekly accuracy first
reaches Ār. We report the average across the four
variant boundaries and mark a method N/A when
the new regime exhibits sustained collapse rather
than a transient dip, defined as Ār falling below
half of the pre-transition rolling 4-week accuracy

at any boundary.

Methods. All methods obey the delayed feed-
back protocol and share the same backbone (except
Claude-ICL and CDC) fine-tuned on the warm-
start period following the PandemicLLM setup
of Du et al. (2025). Baselines include Pandemi-
cLLM without streaming updates, a streaming fine-
tuning baseline with periodic gradient updates, an
in-context learning forecaster using Claude, the
COVID-19 Forecast Hub ensemble of Cramer et al.
(2022) mapped to our five-class hospitalization-
trend target, and the retrieval-only and reflection-
only variants of EpiEvolve. We evaluate the back-
bone with Qwen3-14B-Base (Appendix A).

5.2 Main Results

Table 1 presents the performance comparison.
EpiEvolve outperforms all baselines on both av-
erage accuracy and the post-shift regimes where
forecasting is hardest. Table 1 reports regime-wise
accuracy and recovery lag for each method. Pan-
demicLLM is strong through Delta and BA.1 but
collapses when BA.5 emerges in mid-2022, drop-
ping from 0.713 at BA.1 to 0.431 at BA.5 and
staying below 0.46 through BQ.1. The external
CDC ensemble baseline trails all LLM-based meth-
ods, averaging 0.325 and collapsing below 0.17
on BA.5 and BQ.1. EpiEvolve attains the highest
average accuracy (0.629 vs. 0.561) and the lowest
recovery lag (2 vs. 5 weeks), with its largest margin
in the BA.5 and BQ.1 regimes where every other
method also struggles. Claude-ICL is comparable
to PandemicLLM but below EpiEvolve, indicating
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EpiEvolve’s gain comes from the memory architec-
ture rather than the access to the proprietary LLM.

5.3 Regime Recovery Analysis

The time view confirms that EpiEvolve’s gains
come from post-shift behavior, not from averaging
across uneventful weeks. Figure 2a plots rolling
4-week accuracy across the streaming weeks: Pan-
demicLLM tracks BA.1 and BA.2 well but drops
at BA.5 and never recovers within the BA.5 or
BQ.1 windows, while EpiEvolve dips less at ev-
ery boundary and rises back within two weeks.
Figure 2b aligns predictions by weeks since each
boundary and averages across the transitions; Pan-
demicLLM falls to roughly 0.45 and barely moves
over the next six weeks, while EpiEvolve drops to
about 0.58 and stabilizes at its new-regime steady-
state level by week +2. Streaming fine-tuning and
reflection-only memory sit between these extremes,
consistent with their partial gains in Table 1.

5.4 Ablation Study

Table 2 reports two kinds of ablations: removing
one component of EpiEvolve at a time, and restrict-
ing episodic retrieval to a single tier. The largest
accuracy drop comes from removing reflection,
which leaves no textual lesson to retrieve and also
disables the strategic distiller, collapsing the con-
figuration to a retrieval-only baseline; ordinal MSE
rises by 0.14, indicating that the missing reflection
also lets the remaining errors land further from
ground truth. Decomposing against the −0.025
from removing only strategic memory isolates the

Configuration Acc. ↑ MSE ↓ Lag ↓

EpiEvolve (full) 0.629 0.65 2

Component ablations
− strategic memory 0.604 0.71 3
− reflection (retrieval only) 0.591 0.79 4
− drift detector 0.612 0.68 3
− regime-aware retrieval 0.604 0.73 3

Memory scope (single tier)
state only 0.598 0.74 4
regional only 0.602 0.70 3
national only 0.589 0.78 4

Table 2: Component and memory scope ablations.
Each configuration removes or replaces one piece of
EpiEvolve while keeping the same backbone and de-
layed feedback protocol.

reflection text’s own contribution to−0.013; strate-
gic rules and reflection text therefore split the joint
mechanism’s gain roughly 2/3 to 1/3. Removing
strategic memory or restricting retrieval to flat top-
N (no regime-aware weighting) each cost between
0.02 and 0.03 in accuracy and similar amounts in
MSE. The drift detector is different: removing it
shifts recovery lag by one week but barely moves
MSE, since the agent eventually adapts to the new
regime. The matched comparison against stream-
ing fine-tuning under the same delayed feedback
constraint shows that prompt and memory adapta-
tion can match or exceed explicit parameter updates
while leaving the backbone weights immutable.

Restricting episodic retrieval to a single mem-
ory tier costs between −0.028 and −0.041 in aver-
age accuracy, and an MSE penalty of similar mag-



Case study: Florida, week of 2022-06-13 (second week of the BA.5 regime).

Input (excerpts; full template in Appendix F).
Variant: “BA.5 emerging since 2022-06-06, rapidly displacing BA.2, with higher antibody evasion than prior subvariants.”
Trend (last five weeks): stable, stable, moderate decreasing, stable, stable.
Dynamic: Vaccination 67%; no statewide mask mandate.
<MEMORY> (3 of N=8 entries retrieved by regime-aware score)

• FL, 2021-12-20 (ρ= BA.1; cross-regime same state): stable → moderate increasing. “BA.1 emergence + vaccination
plateau; hospitalizations rose despite two stable weeks.”

• GA, 2022-06-06 (ρ= BA.5; regional analogue, HHS-4): moderate increasing → truth confirmed. “HHS-4 neighbor;
BA.5 uptick matched the variant-emergence cue.”

• National, 2022-02-21 (ρ= BA.2; cross-regime cross-state): stable → moderate increasing.
<RULES> (1 of 2 matched rules)

• IF the variant text mentions “emerging” AND ≥ 2 stable weeks in the last five AND vaccination < 75% THEN
moderate increasing. (c=0.71, n=14, regime: variant-shift)

Forecast. ŷs,t = moderate increasing (p=0.62); truth: moderate increasing. Backbone (with empty <MEMORY> and
<RULES>): stable (incorrect).

Reflection. “BA.5 emergence with vaccination near 67% and two prior stable weeks confirmed the variant-shift uptick.”
Rule update. Matched rule’s confidence and support: c: 0.71 → 0.73, n: 14 → 15.

Figure 4: One forecasting cycle of EpiEvolve walked end to end. Top block: the model’s actual input slots (variant
text, recent trend, dynamic features) together with the <MEMORY> and <RULES> populated by hierarchical retrieval and
rule matching. Middle block: the model’s prediction and a counterfactual from the backbone with empty memory
and rules. Bottom block: the agent’s writeback for this week, comprising a one-sentence reflection appended to Et
and accessible to all three memory scopes and the quantitative update to the matched rule’s confidence and support.

nitude: state-local retrieval misses cross-regional
patterns, regional retrieval loses fine-grained lo-
cal signal, and national retrieval loses geographic
specificity. The full hierarchical configuration out-
performs every single tier variant on all metrics.

Figure 3 shows how retrieval and drift detection
evolve during the stream. In Panel (a), state-level
entries become more common as a regime matures,
since the memory accumulates recent outcomes
for the same state. After a transition, those lo-
cal entries are sparse, and retrieval shifts toward
regional and national cases with similar features.
Panel (b) shows that the detector combines two
kinds of signals. Four events follow changes in
the dominant variant field of xs,t, while three addi-
tional events are triggered by spikes in rolling ordi-
nal error. These statistical triggers occur at weeks
26, 51, and 60, capturing disruptions that the vari-
ant field alone does not mark. This pattern explains
why removing the drift detector mainly increases
recovery lag in Table 2. The agent still adapts from
later feedback, but it reacts less quickly.

5.5 Case Study

Figure 4 demonstrates the synergy of our method
components (Section 4) at a variant boundary. Hi-
erarchical retrieval extracts same-state, regional,
and national cross-regime exemplars to capture the
“variant emergence + vaccination plateau→ hos-

pitalizations rise” pattern, successfully overriding
recent local stability. The matched strategic rule
reinforces this forecast, while the agent’s reflection
generates a new insight to inform future retrievals.

6 Conclusion

In this paper, we propose EpiEvolve, a self-
evolving agent for streaming epidemic forecast-
ing under variant regime shifts that wraps a pre-
trained LLM and turns each week’s delayed errors
into reusable knowledge for the next forecast. The
agent uses a hierarchical episodic memory at state,
regional, and national scopes, distills recurring pat-
terns into predicate-form rules, and gates retrieval
on a regime indicator from a drift detector. Exper-
iments on a multi-regime COVID hospitalization-
trend stream show that this self-evolution improves
average accuracy and shortens post-shift recovery
over baselines, with the largest gains in the most
out-of-distribution regimes. Organizing a system’s
own past errors can therefore substitute for retrain-
ing the backbone in this streaming hospitalization-
trend setting, suggesting that this style of adapta-
tion may transfer to other forecasting deployments
where model weights cannot be touched.



Limitations

This work is limited by the scope and granular-
ity of the processed COVID dataset, the unavoid-
able ambiguity of hard regime boundaries, and the
fact that hospitalization trend classification is not a
full epidemiological forecasting task. The memory
and reflection components may also be sensitive
to prompt design, retrieval budget, and the qual-
ity of generated strategic lessons. External LLM
baselines may introduce cost and reproducibility
concerns.
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A EpiEvolve Implementation Details

We instantiate the backbone with Qwen3-14B-
Base, adapted to the streaming task on the warm-
start period; backbone training and checkpoint se-
lection are described in Section 5.1. The agent
retrieves N=8 episodic entries per forecast call
from Et, ranked by the regime-aware score in Equa-
tion 6 with cross-regime weight fixed at α=0.5; the
embedding ϕ is a 256-dimensional vector from a
frozen sentence encoder applied to a structured
rendering of xs,t. Reflection runs every week;
strategic distillation runs every K=4 weeks and
on every drift event; the drift threshold is τσ=2.
Et is capped and trimmed by a salience score that
combines entry recency with the magnitude of the
ordinal forecast error, so that informative mistakes
are retained longer than uneventful correct predic-
tions. Strategic-rule preconditions are conjunctions
of feature comparisons over xs,t fields (numeric
thresholds, substring presence, categorical equal-
ity). New rules enter Lt with n and c initialized
to the in-window match count and precision over
the distillation window, and are pruned when sup-
port, confidence, or recency falls below configured
thresholds. Episodic entries and rules are persisted
as JSON-Lines under runs/epievolve/memory/

so that runs are restartable and ablations can re-
play or perturb the memory state. Sensitivity to N ,
K, and τσ is reported in the robustness analysis of
Section C.

B Additional Baseline Details

CDC ensemble. The COVID-19 Forecast Hub
ensemble (Cramer et al., 2022) aggregates proba-
bilistic weekly hospitalization forecasts from ap-
proximately forty independent teams into a con-
sensus distribution of twenty-three quantile values
per (state, week). We use the publicly archived
COVIDhub-ensemble forecasts for the streaming
window 2021-06-07 to 2022-12-19, restricted to
issued dates that precede the corresponding truth
week to satisfy the delayed-feedback protocol of
Section 3. Each quantile is mapped to a five-class
hospitalization-trend label by computing the per-
100k weekly rate change against the same 3-week-
smoothed baseline used for the ground-truth labels
and binning with the fixed thresholds of Du et al.
(2025); the final label for each (state, week) is the
mode across the twenty-three binned quantiles.

C Robustness

Configuration Avg. Acc. Rec. lag

N = 4 0.612 2
N = 8 (default) 0.629 2
N = 12 0.616 2

K = 2 0.622 2
K = 4 (default) 0.629 2
K = 8 0.618 3

τσ = 1 0.620 2
τσ = 2 (default) 0.629 2
τσ = 3 0.625 3

Table 3: Hyperparameter sensitivity. Each block varies
one parameter while others remain the default. N : total
retrieval budget across the three memory tiers. K: distil-
lation cadence in weeks. τσ: drift threshold in standard
deviations. Recovery lag is in weeks; lower is better.

Table 3 varies the three hyperparameters while
holding the rest fixed. The results are stable across
these settings. Average accuracy ranges from 0.612
to 0.629, and recovery lag changes by at most one
week. The default values give the best overall trade-
off among the tested settings. Smaller retrieval bud-
gets leave too little evidence in the prompt, less
frequent distillation slows rule updates, and stricter
drift thresholds delay regime detection. We ob-
serve similar stability when shifting each evalua-
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Figure 5: Per-state EpiEvolve gain over the backbone. Each cell is the accuracy of EpiEvolve minus the backbone
for one state in one regime; states are grouped by HHS region. Gains concentrate in the BA.5 and BQ.1 rows where
the backbone is furthest from its training distribution, and they correlate within HHS regions, since states that share
federal coordination structure also share evidence available to EpiEvolve’s regional memory tier.

tion regime boundary by one or two weeks; regime
accuracy and recovery lag remain unchanged.

D Qualitative Analysis

Figure 5 complements the ablations by breaking
the EpiEvolve gain down per (state, regime) cell.
The BA.5 and BQ.1 rows are systematically the
brightest, with per state improvement averaging
around 0.13. Within HHS correlation reflects the
regional memory ERt pooling evidence across states
that share a federal coordination structure. A hand-
ful of cells are slightly negative, mostly in early
regimes where the backbone already does well and
the additional memory context offers little upside.

E Per-Class Behavior

To verify that EpiEvolve’s gains are broad rather
than concentrated in the majority class, Figure 6
reports the row-normalized confusion matrix. The
truth label distribution in our streaming window
is moderately imbalanced: stable 29%, moderate
increasing 20%, substantial increasing 18%, sub-
stantial decreasing 17%, moderate decreasing 16%.
The matrix is diagonal-dominant with off-diagonal
mass concentrated on adjacent ordinal classes, and
per-class recall stays above 0.55 on every class;
the dominant stable class is only slightly easier
(0.75) than the harder transition classes (moderate
increasing and decreasing at 0.55), indicating that
the memory architecture helps the harder classes
as much as the easy ones.

F Prompt Templates

EpiEvolve issues three types of LLM calls per
week. The backbone fθ is fine-tuned on the warm-
start period and answers each (state, week) forecast
call. Once the delayed labels for week t arrive, the
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Figure 6: EpiEvolve confusion matrix (normalized).
Rows are truth classes, columns are predictions.

reflection module emits a one-sentence lesson and
a candidate rule per (state, week), and the strate-
gic distiller consolidates the most recent reflections
into new strategic rules every K=4 weeks and on
each drift event. Bracketed fields are substituted
from the agent state at call time.

The lesson is appended to the new episodic entry
e of Equation 5; the candidate rule is queued for
the next distillation pass.



Backbone forecasting prompt: one call per (state, week)

You are an epidemic forecaster. Predict the next week’s hospitalization-trend class for one US
state.

[State]: <state> (FIPS <fips>, HHS region <hhs>)
[Week of]: <target_date>; population <pop>
[Variant]: "<variant_text>"
[Trend] last 5 weeks (oldest first):
<c_{t-4}>, <c_{t-3}>, <c_{t-2}>, <c_{t-1}>, <c_{t}>

[Dynamic]: vaccinated <vax>%; <policy_text>

<MEMORY> top-N retrieved episodic entries (regime-aware similarity)
- <state_e>, <date_e> (rho=<regime_e>; <scope>):
<y_hat_e> -> <y_e>. "<reflection_text>"

... (N entries)

<RULES> matched strategic rules; (c, n) = confidence, support
- IF <precond_conjunction> THEN <class>. (c=<c>, n=<n>, regime=<rho_lambda>)
...

OUTPUT
forecast: <one of: substantial decreasing | moderate decreasing |

stable | moderate increasing | substantial increasing>
prob: <float in [0,1]>
why: <one sentence, <= 25 words>

Reflection prompt: one call per (state, week) after labels arrive

You are reviewing one weekly forecast post-hoc to extract a reusable lesson.

[State]: <state>; [Week of]: <date>; [Regime]: <rho_t>
[Variant]: "<variant_text>"
[Trend used]: <c_{t-4}>, ..., <c_{t}>
[Dynamic]: vaccinated <vax>%; <policy_text>

[Forecast]: <y_hat> (prob <p>) -> [Truth]: <y_true>
[Outcome]: <correct | incorrect, ordinal offset <k>>

Write a one-sentence lesson (<= 30 words) that:
(1) names features that supported the forecast,
(2) names features that should have shifted it toward the truth,
(3) identifies the regime-conditioned cue the error coincides with.

Also propose a candidate rule whose preconditions are a conjunction of 1-4 predicates over {
variant text contains "<keyword>", trend pattern, vaccination<%>, policy mention}.

OUTPUT
lesson: <sentence>
candidate_rule: IF <conjunction> THEN <class>



Strategic distillation prompt: every K=4 weeks and on each drift event

You are distilling a sliding window of weekly reflections into strategic rules.

[Window]: weeks <t-K+1>..<t> (K=<K>); regime <rho_t>
[Episodic entries] (state, date, forecast -> truth, lesson):
- <state_1>, <date_1>: <y_hat_1> -> <y_1>. "<lesson_1>"
- ...
(<M> total)

[Existing rules in regime <rho_t>] (do not repeat):
- IF <preconds> THEN <class>. (c=<c>, n=<n>)
...

Propose 0 to 3 NEW strategic rules. Each rule must:
- have 1-4 precondition predicates;
- be supported by >= 3 entries in the window;
- differ from every existing rule by >= 1 predicate.

OUTPUT (one per line, or "no_new_rules"):
- IF <conjunction> THEN <class>.
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