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ABSTRACT
This paper explores Hybrid systems that combine large language
models (LLMs) with classical decision theoretic algorithms. Such
systems are often assumed to offer complementary strengths in iter-
ative reasoning tasks, yet little empirical work examines how such
components should be composed. We used Wordle as a controlled
testbed for iterative reasoning under deterministic feedback. Build-
ing on prior results showing that while standalone LLMs achieve
high task success they also exhibit higher constraint violations and
slower convergence than classical algorithms. Our evaluated hy-
brid configurations vary handoff direction, alternation frequency,
and LLM involvement. Our findings show that hybridization does
not improve performance over strong classical baselines. Instead,
alternating control introduces systematic degradation, slower con-
vergence rate, and higher constraint violations. This occurs despite
full information sharing, as after each guess the LLM receives the
full guess history and remaining candidates.The resulting context
switching cost reflects difficulty maintaining coherent reasoning
when continuing from externally chosen actions rather than an
information deficit. These findings suggest that naive hybridiza-
tion can undermine iterative reasoning, and that effective hybrid
agent design depends critically on control flow, state ownership,
and minimizing mid-episode handoffs.
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1 INTRODUCTION
Hybrid agent architectures that combine large language models
(LLMs) with classical decision theoretic methods are increasingly
proposed for iterative AI systems, motivated by the belief that
learned language priors and principled reasoning offer comple-
mentary strengths [2, 6, 12]. However, how such heterogeneous
components should be composed remains poorly understood, and
it is unclear whether hybridization improves iterative reasoning or
introduces new failure modes [7, 15].

We study this question using Wordle [20] as a controlled testbed
for iterative reasoning under deterministic constraints, where agents
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Figure 1: Wordle as a minimal diagnostic for iterative rea-
soning: each guess yields deterministic, position wise feedback
(green/yellow/gray) that induces constraints and progressively re-
duces the candidate set until the target word (here, PANTS) is identi-
fied.

must maintain consistency with accumulated feedback and progres-
sively reduce uncertainty, making failures in state tracking directly
observable.

In prior work, we evaluated standalone LLM agents on this task
and found that, while they achieve high win rates comparable to
classical strategies, they converge more slowly and exhibit sub-
stantially higher constraint violation rates (see Appendix A). These
standalone results are summarized in Appendix A for context; here,
we focus on hybrid designs.

This workshop paper examines agents that combine LLM based
and algorithmic reasoning within a single decision process. We
compare pure classical strategies with hybrid configurations that
vary handoff direction and alternation frequency. Our results show
that hybrid performance depends critically on control structure:
single handoff hybrids where an LLM initializes and a classical strat-
egy completes the task achieve near optimal performance, while
reverse and alternating handoffs perform substantially worse and
incur significantly higher constraint violations, revealing a context
switching cost when control shifts between reasoning modes.

Overall, we find no empirical evidence that hybridization im-
proves performance over strong pure baselines. Instead, naive in-
terleaving of learned and algorithmic reasoning degrades iterative
behavior, even under full information sharing, highlighting the
importance of control flow and state ownership in hybrid agent
design.

Contributions. This paper (1) provides a focused empirical eval-
uation of hybrid LLM–algorithm agents in an iterative reasoning
task, (2) identifies context switching costs as a primary source of hy-
brid degradation, and (3) demonstrates asymmetric handoff effects
that inform practical hybrid design principles.



2 BACKGROUND
2.1 Iterative Reasoning
Iterative reasoning refers to a sequential decision making process in
which an agent maintains and updates an internal representation of
the environment as new information becomes available over time.
Rather than solving a problem in a single step, the agent repeatedly
selects actions, observes feedback, updates its state or beliefs, and
uses this updated information to guide future decisions [11]. This
paradigm is central to many areas of artificial intelligence involv-
ing uncertainty and incomplete information, including decision
analysis, Bayesian inference, planning, negotiation, and preference
elicitation. Classical approaches formalize this process using ex-
plicit representations of belief, utility, and information value, en-
abling agents to systematically reduce uncertainty and improve
decision quality across interaction rounds [16, 17]. In domains such
as automated negotiation and preference elicitation, agents itera-
tively refine models of hidden preferences using Bayesian updates,
value-of-information criteria, or regret based decision rules [3, 4].
These approaches are explicitly designed to maintain coherent state
representations and to select actions that improve future decisions.

Large language models are increasingly deployed in similar iter-
ative roles, including negotiation support, recommendation, and
advisory systems. Unlike classical methods, however, LLMs typ-
ically encode state implicitly within textual context rather than
maintaining explicit belief representations. Prior work has shown
that this implicit state tracking can be brittle in multi-turn settings,
with evidence of state drift and inconsistency across interaction
rounds [1, 21]. This raises a fundamental question for iterative AI
design: how should learned and formal reasoning components be
combined when reliable state tracking is required?

2.2 Games as Diagnostic Benchmarks
Games provide controlled environments with explicit rules, struc-
tured feedback, and clear success criteria, making them useful for
evaluating sequential decision making behavior [8, 19]. However,
outcome based metrics alone can obscure important differences in
reasoning processes. Agents may achieve similar win rates while
employing qualitatively different strategies or levels of internal
consistency [14]. As a result, recent work emphasizes the use of
process level metrics such as convergence behavior, constraint ad-
herence, and belief refinement—to characterize how agents reason
over time rather than only whether they succeed.

2.3 Wordle as a Testbed for Hybrid Reasoning
We use Wordle as a minimal diagnostic testbed for iterative reason-
ing and hybrid agent design. An agent must infer a hidden five letter
word through successive guesses, receiving deterministic, position
wise feedback that induces logical constraints and progressively
reduces a finite hypothesis space of 5,629 valid words.

Wordle’s partial observability, enumerable state space, and unam-
biguous feedback make failures in state tracking directly observable,
enabling fine grained analysis of convergence, search space prun-
ing, and constraint violations, especially when control alternates
between learned and algorithmic components.

This setting allows us to ask a precise question: under what
conditions does combining LLM-based and classical decision theoretic
reasoning help or hinder iterative performance?

3 EXPERIMENTAL DESIGN
3.1 Baselines
We first established baseline performance using classical decision
theoretic approaches on a shared set of 100 target words. Classical
strategies achieved win rates of 96% (CSS) and 99% (VOI). LLM
agents across three size tiers achieved similar win rates (93–97%),
with no significant differences between tiers.

Given this comparable baseline performance, we ask whether
hybrid agent designs—combining LLM and algorithmic reasoning
within a single decision process—can improve performance or in-
stead introduce new failure modes. To preserve behavioral fidelity,
we disabled fallback mechanisms that would replace invalid LLM
outputs, ensuring that observed violations reflect internal state
tracking rather than external correction.

3.2 Hybrid Design Space
We explore a structured hybrid design space spanning 38 configu-
rations and ≈ 29,000 games. Each configuration combines an LLM
with a classical solver (CSS or VOI), varying how and when control
transfers between components. Configurations differ across factors
including handoff direction, alternation frequency, round allocation,
repair mechanisms, and model selection.

Handoff Patterns (Group A).We test single handoff designs
(LLM first, then classical), reverse handoffs (classical first, then
LLM), and multi-stage handoffs, isolating the effect of handoff di-
rection.

Round Allocation (Group B).We vary the number of rounds
(𝑘 ∈ {1, 2, 3}) each component controls before handoff, testing
whether increased LLM involvement improves or degrades out-
comes.

Alternation Frequency (Group C).We evaluate designs that
alternate control every round between LLM and classical, probing
the impact of repeated context switching.

Repair Architectures (Group D). We test hybrids where al-
gorithms constrain rather than replace LLM outputs, including
constraint filtering and reranking, to assess whether lightweight
safeguards improve reliability.

3.3 Models and Algorithms
Experiments use 8 LLMs (see Table 1) spanning small (7–8B), mid-
sized (22–27B), and frontier (70B) scales. Algorithmic components
include CSS, which minimizes worst-case remaining candidates via
minimax regret [13], and VOI, which balances information gain and
solution probability [5, 10]. Zero-shot prompting is used through-
out unless otherwise noted; chain-of-thought (COT) variants are
evaluated in Groups C and D. However as CoT did not alter any
qualitative trends, it is omitted from this short paper for brevity.

3.4 Metrics
Performance was evaluated using six metrics: (1) win rate, which
measures how often an agent successfully identifies the target word



Model Parameters

mistral-7b-instruct 7B (small)
llama-3.1-8b-instruct 8B (small)
granite-3.3-8b-instruct 8B (small)
llama-3.1-nemotron-nano-8B-v1 8B (small)
codestral-22b 22B (mid)
gemma-3-27b-it 27B (mid)
llama-3.1-70b-instruct 70B (frontier)
llama-3.3-70b-instruct 70B (frontier)

Table 1: Models evaluated and parameter scales.

within the allowed guesses; (2) attempts to win, capturing effi-
ciency via the average number of guesses required; (3) constraint
violations, which count guesses that contradict earlier feedback
(e.g., reusing gray letters, misplacing yellow letters, or violating
confirmed green positions), indicating breakdowns in iterative rea-
soning; (4) search space reduction, measuring how effectively
guesses eliminate impossible words and reflect information seek-
ing behavior; (5) Hamming distance [9, 18], which tracks how
many letter positions differ from the target word and how quickly
guesses improve; and (6) convergence rate, describing how rapidly
an agent’s guesses move toward the correct solution over successive
rounds.

4 RESULTS
4.0.1 Win Rate Analysis. Win rates were high across all approaches
(93.7–99%), and although the effect of approach was statistically
significant (𝐹 (4, 21395) = 20.74, 𝑝 < .001), the effect size was small
(𝜂2𝑝 = .004). Significant differences arose only within hybrid vari-
ants. HybridLLMFirst (96.7%) outperformed both HybridAlternating
(95.6%, 𝑝 = .017) and HybridAlgoFirst (93.7%, 𝑝 < .001), while
HybridAlternating also outperformed HybridAlgoFirst. This order-
ing indicates a strong handoff asymmetry: algorithms can recover
from noisy LLM initial guesses, whereas LLMs struggle to continue
coherent reasoning from algorithm-selected moves.

4.0.2 Attempts to Solve. The effect of approach on attempts was
statistically significant (𝐹 (4, 20489) = 14.22, 𝑝 < .001), though the
effect size was small (𝜂2𝑝 = .003). Pure algorithms required the
fewest guesses, with CSS (3.85) and VOI (3.93) performing equiva-
lently and outperforming algorithm-first hybrids. Among hybrid
designs, a clear ordering emerged: HybridLLMFirst (4.10) required
fewer attempts than HybridAlternating (4.15), which outperformed
HybridAlgoFirst (4.21). Neither HybridLLMFirst nor HybridAlter-
nating differed significantly from pure algorithms. Overall, these
results indicate that minimizing LLM involvement, especially avoid-
ing algorithm-to-LLM handoffs, yields more efficient solving.

4.0.3 Constraint Violation Analysis. Constraint violations varied
sharply by approach (𝐹 (4, 21395) = 295.49, 𝑝 < .001, 𝜂2𝑝 = .052), the
largest effect across all metrics. Pure algorithms (CSS, VOI ) incurred
zero violations by design. Among hybrids, violations increased with
context switching: HybridLLMFirst showed the fewest (0.19 per
game), followed by HybridAlgoFirst (0.59) and HybridAlternating
(0.91). HybridAlternating violated constraints significantly more
than all others (all 𝑝 < .001), providing direct evidence that repeated
control switching disrupts state tracking in hybrid agents.
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Figure 2: AverageHamming distance to the target word across rounds
(lower is better).

4.0.4 Search Space Reduction. The effect of approach on first round
search space reduction was statistically significant (𝐹 (4, 18195)
= 63.87, 𝑝 < .001, 𝜂2𝑝 = .014). HybridAlternating (96.7%) and CSS
(96.6%) achieved the strongest initial pruning and did not differ sig-
nificantly from each other, while both significantly outperformed all
other approaches. However, this early advantage did not translate
into higher win rates or greater efficiency, indicating that aggres-
sive first round pruning does not compensate for the downstream
reasoning disruptions introduced by subsequent context switches.

4.0.5 Hamming Distance. Average Hamming distance differed sig-
nificantly across approaches (𝐹 (4, 21395) = 11.56, 𝑝 < .001, 𝜂2𝑝 =

.002), indicating differences in how quickly agents’ guesses con-
verged toward the target word over successive rounds. Pure al-
gorithmic approaches remained consistently closer to the target
throughout gameplay, with CSS achieving the lowest average Ham-
ming distance overall. In contrast, HybridAlgoFirst maintained the
largest distance from the target across rounds, suggesting weaker
refinement after control transferred from the algorithm to the LLM.
Alternating hybrids also converged more slowly than pure algo-
rithms, though the overall effect size was small. Together, these
results suggest that repeated or reverse-direction handoffs disrupt
steady iterative refinement even when overall win rates remain
high.

4.0.6 Convergence Rate. Convergence rate differed significantly by
approach (𝐹 (4, 21394) = 24.64, 𝑝 < .001,𝜂2𝑝 = .005). Pure algorithms
(VOI, CSS) and HybridLLMFirst converged fastest, while HybridAl-
ternating and HybridAlgoFirst converged more slowly. This pattern
again indicates that context-switching, particularly algorithm-to-
LLM or alternating control—impedes steady progress toward the
target.

5 DISCUSSION
5.1 Context-Switching as the Primary

Degradation Mechanism
Hybrid approaches incur substantially more constraint violations
(0.28 per game) than pure LLM agents (0.04–0.16), despite pure algo-
rithms producing zero violations, since candidate filtering explicitly
prevents guesses that contradict prior feedback. This provides direct
evidence of state inconsistency under alternating control: LLMs



Approach Metrics

Win Rate Avg Attempts to Win Constraints Violations Search Space Reduction Convergence Rate

VOI 96.0% 3.85 0.00 96.6% 1.13

CSS 99.0% 3.93 0.00 92.7% 1.16

Hybrid LLM-First 96.7% 4.10 0.19 93.8% 1.11

Hybrid Algo-First 93.7% 4.21 0.59 94.2% 1.08

Hybrid Alternating 95.5% 4.15 0.91 96.7% 1.07

Table 2: Performance of five Wordle solving strategies under deterministic position wise feedback. We report win rate (%), average number of
attempts on successful games, mean constraint violations (invalid guesses or inconsistencies with revealed feedback), the average fraction of
the candidate lexicon eliminated per episode (search space reduction), and a convergence rate summarizing how quickly the hypothesis set
collapses across guesses. Higher is better for win rate, search space reduction, and convergence; lower is better for attempts and violations.

fail to fully incorporate constraints implied by algorithmically cho-
sen guesses. Critically, this degradation occurs despite full state
sharing between components. After each guess, the candidate set is
filtered using identical constraint logic, and the LLM receives both
the updated candidates and complete guess history in its prompt.
The resulting context-switching cost therefore reflects not an in-
formation deficit, but difficulty maintaining coherent reasoning
when continuing from an externally chosen action the LLM did not
generate.

This interpretation is reinforced by a strong handoff asymmetry.
LLM-first hybrids achieve approximately 97% win rates, whereas
algorithm-first hybrids drop to 91%. Algorithms readily recover
from noisy LLM openings because feedback fully specifies con-
straints, but LLMs struggle to continue coherent reasoning from
algorithm generated moves. This suggests that LLM state tracking
depends on having generated prior actions itself.

5.2 Dose Response Relationship
In the hybrid design space, across Groups A and B, increased LLM
involvement consistently correlates with worse performance, in-
dicating that each context switch carries an accumulating cost.
Single-handoff designs (L1 → CSS, 97.1%) outperform multi-round
LLM involvement (L3 → CSS, 95.6%) and fully alternating designs
(∼95.5%). Some algorithm→LLM configurations with smaller mod-
els failed to complete due to instability when assuming control
mid-game; these were excluded from aggregate metrics. These fail-
ures align with the broader handoff asymmetry and further support
the claim that LLMs struggle to recover coherent state after mid-
game control transfers.

5.3 Repair Architectures: Necessary but
Insufficient

Repair hybrids perform better than alternating designs, with the
best configuration (rerank + CSS, CoT) reaching 96.9% win rate.
However, this still falls short of pure VOI (99%). Moreover, 45–
100% of guesses in these hybrids required algorithmic intervention,
indicating that when repair is frequent, hybrids offer little benefit
over pure algorithmic play while adding complexity and latency.

5.4 Implications for Hybrid System Design
Overall, hybrid effectiveness depends on compatible state represen-
tations across components. Algorithms robustly enforce constraints
regardless of prior guesses, while LLMs struggle to reconstruct state
they did not generate. This asymmetry favors designs that either (1)
use LLMs only for initialization followed by algorithmic control, or
(2) avoid hybridization entirely when strong pure methods suffice.
More broadly, these results caution against assuming complemen-
tary gains from hybridization: in domains with explicit constraints,
context-switching costs can outweigh any benefits of combining
learned and formal reasoning.

6 CONCLUSION
We evaluated hybrid LLM–algorithm systems on an iterative rea-
soning task across 38 configurations and approximately 29,000
games. No hybrid design outperformed the best pure algorithmic
approach (VOI, 99% win rate), and most hybrids underperformed
pure LLM agents. Performance degradation is driven by a context
switching cost: alternating control disrupts LLM state tracking
and substantially increases constraint violations, with more fre-
quent handoffs leading to worse outcomes. Single handoff designs,
where an LLM provides initialization and an algorithm completes
the task—consistently outperform alternating hybrids. These find-
ings suggest a clear design principle: limiting control handoffs
matters more than balancing reasoning components. More
broadly, comparable win rates can mask meaningful differences in
reasoning quality that only emerge through process-level metrics
such as constraint adherence and convergence behavior.

7 FUTUREWORK
Future work should investigate the mechanisms underlying con-
text switching costs in hybrid LLM–algorithm systems. Although
hybrids share identical candidate sets and histories, LLMs seem
to struggle to maintain coherent constraint reasoning after mid
episode handoffs, suggesting failures in implicit state reconstruction
rather than information loss. Techniques such as representation sim-
ilarity analysis, attention inspection, and activation patching may
help identify how externally generated state is processed across
turns. Future work should also explore structured state sharing
mechanisms, such as explicit constraint sets or symbolic memory



buffers, instead of relying solely on text based prompts. Finally, it
remains important to test whether the observed handoff asymmetry
generalizes beyondWordle to iterative domains such as negotiation,
planning, and scheduling.



A STANDALONE LLM PERFORMANCE ONWORDLE

Approach Metrics

Win Rate Avg Attempts to Win Constraints Violations Search Space Reduction Convergence Rate

Small (< 10B) 94.3% 4.35 0.12 91.5% 1.066

Mid (10–30B) 96.5% 4.32 0.16 92.0% 1.039

Frontier (> 30B) 93.4% 4.31 0.04 92.8% 1.048

Table 3: Standalone LLM performance on Wordle (companion study). We report win rate (%), average attempts on successful games, mean
constraint violations, search space reduction, and convergence rate. Higher is better for win rate, search space reduction, and convergence;
lower is better for attempts and violations.

This appendix summarizes results from a companion study evalu-
ating standalone large language model (LLM) agents on the Wordle
task. These results are included for context and are not the pri-
mary focus of the present workshop paper, which examines hybrid
LLM–algorithm systems.

A.1 Experimental Setup
Standalone LLM agents were evaluated on the same Wordle envi-
ronment, target-word set, and deterministic feedback rules used
throughout this paper. Agents generated guesses directly without
algorithmic filtering, repair, or fallback mechanisms. All constraints
were communicated solely through the standard Wordle feedback
channel, requiring the model to maintain consistency implicitly via
textual context.

A.2 Performance Summary
Across model sizes, standalone LLM agents achieved high win rates
comparable to classical decision-theoretic strategies. Specifically,
LLMs achieved win rates of 94.3% (small, ≤10B), 96.5% (mid-sized,
10–30B), and 93.4% (frontier, >30B), with no statistically signifi-
cant differences across tiers (𝑝 > .5). Thus, when evaluated inde-
pendently, both algorithmic (96–99%) and LLM-based approaches
(93–97%) solved Wordle at high rates.

However, despite high task success, standalone LLMs required
more attempts to solve the task, averaging 4.03–4.47 guesses com-
pared to 3.85–3.96 for classical algorithms, and produced higher
rates of constraint violations (0.04–0.16 per game versus 0.00 for al-
gorithms). These results indicate difficulty maintaining a consistent
internal state across rounds rather than a failure of local reasoning.

A.3 Implications for Hybrid Design
Taken together, these findings indicate that standalone LLMs are
capable of strong local inference and information-seeking behavior
but exhibit weaknesses in maintaining and applying accumulated
constraints over multiple rounds. The hybrid experiments in the
main paper build directly on this observation, investigating whether
algorithmic components can compensate for these limitations when
control is shared or transferred between reasoning systems.
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