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Abstract: Multi-agent large language model systems have demonstrated remarkable capability in
solving complex, multi-step tasks through collaborative reasoning. However, their practical
deployment is hindered by escalating token consumption and latency-particularly from continuous
verification cycles and unbounded growth of shared memory. Building directly on the established
Planner-Executor-Verifier architecture, this work introduces a token-efficient framework that
preserves functional integrity while fundamentally rethinking when and what to verify. We
propose an adaptive verification trigger that dynamically suppresses redundant verifier invocations
based on execution confidence thresholds derived from the original system's internal state logic.
Concurrently, we design a memory compression unit that selectively prunes semantically
overlapping typed records from the shared memory graph without degrading dependency
resolution. Empirical evaluation shows our approach retains 95 percent of the base system's task
completion accuracy and error reduction efficacy, while cutting total API token usage by thirty-five
to fifty percent and reducing end-to-end latency by over forty percent. This advances the Pareto
frontier between reliability and efficiency in agent-based reasoning systems.
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1. Introduction
1.1. The Efficiency-Accuracy Tradeoff in Collaborative Reasoning

Contemporary multi-agent LLM frameworks, such as the collaborative reasoning
and task planning architecture, achieve high task fidelity through tightly coupled Planner-
Executor-Verifier coordination and typed-record shared memory [1]. However, they incur
substantial token overhead from continuous verification cycles and semantic retrieval
over unpruned memory. While this architecture delivers robust accuracy-reducing tool
errors by 31.5% and improving task completion by 27.3%-it operates far from the Pareto
frontier of efficiency and correctness, a limitation our work directly addresses. We embed
an Adaptive Verification Trigger that leverages the base architecture’s native confidence
state ¢; to invoke the Verifier only when ¢; < 75 , where 7, is a dynamically adjusted
safety boundary calibrated per node type and execution history. Concurrently, a Memory
Compression Unit applies semantic deduplication and temporal decay to prune
redundant typed records in shared memory. Empirical evaluation shows our framework
retains approximately 95% of the base architecture’s accuracy gains while reducing total
API token consumption by 35-50%, directly addressing the growing tension between
verifiability and scalability in collaborative reasoning systems [2, 3].

1.2. Limitations of Continuous Verification and Unconstrained Memory
While the Base Paper establishes a robust multi-agent architecture grounded in
explicit Planner-Executor-Verifier roles and typed-record shared memory, its design

prioritizes accuracy at the expense of token efficiency [2, 4]. Continuous activation of the
Verifier agent-regardless of execution confidence-and unconstrained growth of the shared
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memory induce disproportionate token overhead and latency [5, 6]. Specifically,
redundant verification cycles amplify API call volume, while semantic retrieval over
unpruned typed records increases both input context length and computational load per
step. These inefficiencies persist even when node-level confidence pe,.. exceeds safety
thresholds, revealing a misalignment between verification frequency and actual
uncertainty [7, 8]. Moreover, overlapping or semantically redundant records accumulate
without decay, inflating memory footprint without commensurate reasoning benefit.
Consequently, the system operates far from the Pareto frontier between accuracy and
resource cost. Our analysis confirms that up to 42% of Verifier invocations and 38% of
typed records contribute negligibly to final task correctness. This structural inefficiency
motivates our Token-Efficient Multi-Agent Framework, which re-engineers verification
scheduling and memory management while preserving the Base Paper’s functional
architecture and correctness guarantees.

1.3. Our Contribution: Selective Verification and Structured Memory Pruning

While the foundational architecture establishes a robust Planner-Executor-Verifier
paradigm with dependency-aware graphs and typed-record shared memory, its
continuous verification cycles and semantic memory retrieval incur substantial token
overhead. Our contribution introduces a Token-Efficient Multi-Agent Framework that
refines this architecture along the Pareto frontier of accuracy and computational cost. We
propose an Adaptive Verification Trigger that leverages the existing confidence state
formulas-specifically invoking the Verifier only when peyec < Toatety » Where Tgugr, adapts
dynamically to task complexity and historical error patterns [1, 9]. Concurrently, the
Memory Compression Unit applies dependency-preserving pruning to typed records,
eliminating redundancy while retaining critical inter-node constraints [10, 11]. This dual
mechanism reduces overall API token consumption by 35-50% relative to the unpruned
baseline, while maintaining 95% of the original accuracy gains in complex task completion
and tool error _ [12]. Crucially, both innovations are architecturally embedded-
not layered-ensuring seamless integration with the underlying role-based coordination
logic and typed memory interface. The result is a latency-aware, resource-conscious
extension that sustains high-fidelity reasoning without compromising structural integrity
or compositional expressivity [7].

2. Literature Review
2.1. Foundations of Multi-Agent Task Planning

The evolution of multi-agent task planning has progressed from monolithic
architectures toward role-decomposed systems, with the Planner-Executor-Verifier
paradigm now serving as the functional benchmark for complex reasoning [8, 13]. This
paradigm leverages explicit agent specialization, dependency-aware task graphs, and
typed-record shared memory to achieve high accuracy in tool-mediated execution [10].
While this architecture significantly reduces tool error rates and improves task completion,
its continuous interaction loops and semantic retrieval over unpruned memory introduce
substantial token overhead and latency [7, 8]. Our work builds directly upon this
foundation, targeting the Pareto frontier between accuracy and computational efficiency.
We retain the core functional decomposition but introduce two orthogonal optimizations:
an Adaptive Verification Trigger that invokes the Verifier only when node-level
confidence falls below a dynamic safety boundary-computed via the base framework’s
existing confidence state formulas-and a Memory Compression Unit that selectively
prunes redundant typed records from shared memory [11]. These mechanisms preserve
structural integrity while enabling measurable reductions in API call volume and token
consumption, without compromising the architectural guarantees of correctness or
composability [14].

2.2. Verification Strategies in Agent Coordination
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Prior verification strategies in agent coordination have largely followed static
paradigms-either rule-based validation at fixed pipeline stages or uniform post-hoc self-
reflection across all execution nodes. These approaches lack adaptivity: they neither
modulate verification intensity based on real-time confidence estimates nor account for
semantic redundancy in shared memory states. The Base Paper advances this landscape
by introducing an explicit Verifier agent operating within a typed-record shared memory
and dependency-aware graph structure, achieving substantial gains in accuracy and task
completion [10]. However, its design mandates continuous verification loops and
exhaustive semantic retrieval from unpruned memory, resulting in significant token
overhead and latency. Our work directly extends this architecture by reparameterizing
verification as a conditional operation governed by the Base Paper’s native confidence
state formulas. Specifically, we define an adaptive trigger that invokes the Verifier only
when peon < Tarety » Where Tgypeqy is dynamically adjusted per node type and historical
error profile. Concurrently, our Memory Compression Unit applies semantic
deduplication over typed records, preserving only non-redundant, high-impact state
representations. This dual mechanism shifts the optimization objective from maximal
accuracy alone toward the Pareto frontier of accuracy, token efficiency, and latency [2].

2.3. Memory Management in Collaborative Reasoning Systems

Shared memory in collaborative reasoning systems frequently suffers from semantic
redundancy, particularly within typed-record architectures where execution traces
accumulate without explicit pruning policies [4, 9]. Prior work establishes typed records
as a robust mechanism for inter-agent state coordination, yet fails to address the
compounding token overhead induced by unfiltered record retention across iterative
planning cycles. This redundancy directly inflates both API latency and computational
cost, undermining scalability in long-horizon task execution. Our analysis reveals that
over 68% of stored records exhibit near-identical semantic signatures relative to recent
execution contexts, suggesting substantial compressibility without fidelity loss [2]. The
absence of adaptive memory lifecycle management thus represents a critical bottleneck-
not in functional correctness, but in operational efficiency [5]. We observe that confidence
decay patterns across node executions correlate strongly with record relevance entropy,
enabling principled compression thresholds [11]. By integrating memory state dynamics
into the verification decision pipeline, we align pruning frequency with epistemic
uncertainty rather than fixed temporal or structural heuristics. This co-design of
verification triggering and memory compression ensures that token expenditure remains
proportional to actual information gain, not merely architectural verbosity.

3. Materials and Methods
3.1. Architectural Foundation: Extending the Base Framework

We build directly upon the established Planner-Executor-Verifier architecture,
preserving its dependency-aware graph structure and typed-record shared memory as
foundational components. As illustrated in Figure 1, our extension introduces two tightly
coupled modules: an Adaptive Verification Trigger positioned between Executor output
and Verifier input, and a Memory Compression Unit interfacing with shared memory.
The Trigger leverages the base framework’s confidence state formulas-specifically cegee =
0(WThg) -to dynamically compare execution confidence against a safety boundary
Thoundary that adapts per task complexity [1]. Verification is invoked only when ceyec <
Thoundary , €liminating redundant calls. Concurrently, the Memory Compression Unit
ingests typed records, applies cosine similarity clustering with threshold 0.92, retains only
dependency-anchor records, and outputs pruned memory. This dual-module integration
maintains functional continuity while enabling strict token budget control-ensuring
architectural compatibility without compromising structural integrity or semantic fidelity
across agent interactions [12].
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Figure 1. System Architecture Overlay: Base Framework Extended with Adaptive Trigger and
Memory Compression Unit

3.2. Adaptive Verification Trigger: Confidence-Guided Invocation

Execution confidence scores C; are computed per node using the base architecture’s
internal state formulas, as formalized in Table 1. Specifically, C; = o(a -log(p;) +f -
entropy(r;)) , where p; denotes action probability and 7; represents response entropy,
with calibrated coefficients a = 1.42 and f = —0.68 . The Adaptive Verification Trigger
maps these scores to a dynamic safety boundary 6; = 0.75 + 0.15 - log, (task_depth) ,
ensuring stricter verification for deeper task hierarchies-e.g., thresholds rise from 0.75 at
depth one to 0.92 at depth eight [5]. Hysteresis logic enforces stability: a three-step
persistence window with +0.03 tolerance prevents oscillatory invocation, requiring three
consecutive C; < 8; —0.03 to defer verification or C; > 0; + 0.03 to reinstate it. As
illustrated in Figure 2, verifier invocation frequency declines nonlinearly with increasing
threshold: from 89% at 0.65 to just 4% at 0.88, with each 0.05 increment above 0.72 reducing
calls by approximately 22 percentage points. Critically, hysteresis induces substantial
variance ﬁ—Figure 2 shows invocation variance collapsing from +8.3% to +1.7%
at threshold 0.78-confirming that temporal smoothing mitigates noise-induced false
positives without compromising safety margins. Calibration outcomes in Table 1 further
validate robustness across 120 task runs, where standard deviation in invocation rates
remains tightly bounded at +£1.2%. This design achieves selective verification while
preserving functional integrity: the trigger bypasses redundant Verifier calls only when
confidence exceeds dynamically scaled boundaries, thereby decoupling accuracy

16 Vol. 1 No. 2 (2026)



Exploration and Discovery

y
)

Call Frequency (%

guarantees from fixed-loop overhead. The result is a Pareto-optimal trade-off-maintaining
95% of the base framework’s accuracy gains while eliminating 35-50% of token
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Figure 2. Verifier Invocation Rate Vs. Confidence Threshold under Hysteresis Control

Table 1. Adaptive Trigger Hyperparameters and Calibration Outcomes

Parameter Value Description
Base confidence formula Ci=o(a-log(p)+pB- Derived from Base Paper
entropy(7;)) Eq. 4a, where p; is

action probability, 7; is
response entropy, « =
142 , B=-0.68
Dynamic safety boundary 6; =0.75+0.15 - Scales threshold upward
log, (task_depth) for deeper tasks (e.g.,
depth=1—0.75,
depth=8—0.92)
Hysteresis window +0.03 with 3-step Prevents oscillation:
persistence requires 3 consecutive
C; < 6; —0.03 to defer, or
C;>6,+003 to

reinvoke

3.3. Memory Compression Unit: Semantic Redundancy Detection and Pruning

The Memory Compression Unit implements a two-stage semantic redundancy
detection and pruning protocol grounded in dependency path equivalence and typed-
record content similarity. First, records are clustered by action type, argument schema,
dependency depth, and outcome modality-dimensions empirically validated via the radar
inset in Figure 3, where intra-cluster cosine similarity exceeds 0.93 and inter-cluster
similarity remains below 0.41. Second, within each cluster, pairwise record comparisons
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apply a dynamic similarity threshold 7, = 0.87 derived from empirical entropy
minimization over validation trajectories. Records satisfying both path-equivalence (i.e.,
identical upstream dependency anchors) and sim(7;,77) = 7y are flagged for pruning,
subject to anchor retention constraints: any record serving as a direct dependency source
for >2 unpruned downstream nodes is preserved regardless of similarity score. As
illustrated in Figure 3, this strategy reduces shared memory growth from linear
expansion-starting at 12.4 MB and reaching 48.7 MB at step 50-to stable saturation at 22.1
MB after step 18, yielding a cumulative 54.2% memory reduction at horizon completion.
As detailed in Table 2, compression efficacy varies systematically with task complexity:
API Integration tasks exhibit 63.2% redundancy with 99.8% anchor retention; Cross-
Domain Reasoning shows higher redundancy (65.4%) but slightly lower anchor
preservation (98.7%), reflecting deeper dependency branching; Sequential Validation
achieves lower redundancy (46.2%) yet perfect anchor retention (100.0%), consistent with
shallow, linear dependency graphs. Critically, anchor preservation rates directly correlate
with post-compression dependency graph fidelity: all retained anchors maintain full
transitive reachability to leaf execution nodes, ensuring no loss of causal traceability. The
tradeoff between memory size reduction and structural integrity is thus quantified not by
raw byte savings alone, but by the ratio of pruned non-anchor records to total redundant
candidates-averaging 0.91 across categories-demonstrating that semantic compression
preserves functional equivalence without compromising planning soundness [2].
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Figure 3. Token Reduction and Latency Improvement Across Task Complexity Classes

Table 2. Typed-record Compression Performance Across Task Categories

Task Category  Avg.Records  Avg. Records Redundancy Anchor
Pre- Post- Rate Retention
Compression = Compression Rate
API 87.3 321 63.2% 99.8%
Integration
(medium)
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Cross-Domain 142.6 494 65.4% 98.7%
Reasoning
(complex)
Sequential 41.8 225 46.2% 100.0%
Validation
(simple)

4. Results
4.1. Token Consumption and Latency Reduction Across Task Complexity Classes

As illustrated in Figure 4, the relationship between task complexity and efficiency
gains exhibits a superlinear latency reduction pattern while token savings asymptotically
converge toward an upper bound. For simple tasks, token consumption decreases by 35.2%
and latency drops by 382 ms; medium tasks achieve 42.7% token reduction and 1,147 ms
latency improvement; complex tasks yield 48.9% token savings and a 2,051 ms latency
reduction-5.4x greater absolute latency gain than simple tasks. Error bars indicate tight
consistency across trials (+1.8% tokens, +43 ms latency). The diminishing marginal returns
beyond complexity class 3 suggest that our Adaptive Verification Trigger increasingly
h structural redundancy in deep dependency graphs, while the Memory
Compression Unit achieves higher pruning yield where typed-record overlap scales
sublinearly with node count. Crucially, the observed asymptotic token reduction-
approaching but not exceeding 50%-aligns with theoretical limits imposed by minimal
verification safety thresholds and irreducible planner-executor coordination overhead.
This confirms that our framework operates near the Pareto frontier: maintaining 95% of
the base architecture’s accuracy while systematically trading redundant verification cycles
and semantic memory bloat for measurable computational economy. The correlation
coefficient between complexity depth and token reduction magnitude is r = 0.987 ,
reinforcing that efficiency gains scale robustly with task structural demand without
compromising functional integrity.

Scatter Plot of Latency Reduction vs Task Completion Accuracy
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Figure 4. Accuracy-latency Pareto Frontier: Base Framework Vs. Adaptive Variants

4.2. Accuracy Preservation under Adaptive Verification
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As illustrated in Figure 5, the relationship between latency reduction and task

completion accuracy reveals a convex Pareto frontier where our adaptive verification
mechanism achieves optimal trade-offs. The base framework anchors at (0%, 92.4%), while
five adaptive variants span increasing latency reductions from 35.2% to 49.8%, with
corresponding accuracy ranging from 91.8% to 92.4%. The convex hull identifies (48.9%,
92.3%) as the Pareto-optimal operating point-delivering near-maximal accuracy with
substantial latency savings. As detailed in Table 3, this point corresponds precisely to the
confidence threshold of 0.78, where task completion rate reaches 92.3%, tool error rate
drops to 7.1%, plan consistency score attains 0.918, and verifier invocations per task fall
to 2.8-down from 8.7 in the unpruned baseline. Crucially, all adaptive variants exceed the
95% accuracy retention threshold (87.8%), confirming robust preservation of functional
integrity. The threshold 7 = 0.78 balances precision and recall by selectively activating
verification only when execution confidence falls below this dynamic safety boundary-
leveraging the base architecture’s intrinsic confidence state formalism without altering its
core inference logic. This selective invocation strategy, combined with memory
compression, reduces overall API token consumption by 35%-50% while maintaining
statistical equivalence in task success metrics across 12,473 evaluated instances.

3D Surface Plot of Latency, Token Reduction, and Task Completion Accuracy
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Figure 5. Three-dimensional Pareto Surface: Accuracy, Latency, Token Cost
Table 3. Accuracy and Error Metrics at Key Confidence Thresholds
Confidence Task Tool Error Plan Verifier
Threshold Completion Rate (%) Consistency Invocations
Rate (%) Score per Task
0.72 89.1 12.7 0.842 52

20 Vol. 1 No. 2 (2026)



Exploration and Discovery

0.78 92.3 7.1 0.918 2.8

0.83 92.4 6.9 0.921 13
Base (no 924 6.9 0.921 8.7
trigger)

4.3. Memory Footprint Stability and Dependency Integrity

Memory footprint stability and dependency integrity are rigorously validated across
long-horizon task sequences. As detailed in Table 4, the Memory Compression Unit
achieves a 61.3% reduction in retained nodes-from 1,247 to 483-while preserving all 187
critical dependency anchors essential for plan execution fidelity. Transitive closure
remains fully intact post-compression, confirming that no functional dependency path is
severed. The average shortest path length increases marginally from 3.21 to 3.24, reflecting
a +0.9% change consistent with controlled sparsification rather than structural
degradation. Strongly connected components remain unchanged at one, indicating global
graph coherence is maintained. These metrics, computed over a 100-task ensemble,
demonstrate that compression does not compromise dependency-aware reasoning: every
node required for correct verification trigger propagation and Planner-Executor
coordination remains accessible. Crucially, the typed-record pruning strategy selectively
eliminates semantically redundant entries-such as repeated intermediate state snapshots
or low-confidence auxiliary hypotheses-without eroding the causal lineage encoded in the
shared memory. This ensures that the Adaptive Verification Trigger continues to receive
sufficient contextual grounding for confidence-based decision thresholds, even under
reduced memory load. The result is a stable, lean memory substrate that sustains full
dependency integrity while enabling sustained multi-step collaboration without token
exhaustion or latency accumulation.

Table 4. Dependency Graph Integrity Metrics Pre- and Post-Compression

Metric Pre-Compression  Post-Compression Change
Nodes retained 1,247 483 -61.3%
Critical 187 187 0%
dependency
anchors
Transitive closure Yes Yes N/A
preserved
Average shortest 3.21 3.24 +0.9%
path length
Strongly connected 1 1 0%
components

5. Discussion
5.1. Interpreting the Pareto Frontier Shift

As illustrated in Figure 6, the relationship between latency reduction, token
reduction, and task completion accuracy reveals a tightly constrained Pareto surface
where maximal accuracy is achieved only at substantial computational cost. The base
framework occupies the origin point (0,0,92.4) , reflecting its design priority on
correctness over efficiency [2, 13]. Our solution anchors at (48.9,48.9,92.3) , residing on
the highest-elevation contour within the 40-50% reduction band-demonstrating near-
equivalent accuracy with dramatic resource savings [4, 10]. Critically, the region where all
three metrics exceed 40% improvement constitutes only 12% of feasible configurations,
and our method occupies its centroid, indicating robustness across operational
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This shift reflects the joint effect of the adaptive verification trigger-bypassing verifier calls
when execution confidence exceeds Tpoundary -and the memory compression unit, which
prunes semantically redundant typed records without degrading dependency graph
integrity. Consequently, the operational envelope moves decisively toward real-world
deployability thresholds, where latency and token budgets constrain agent orchestration
more stringently than accuracy ceilings.

5.2. Robustness of Confidence-Based Triggering

The adaptive verification trigger maintains robustness under edge-case conditions
through hysteresis stabilization and fallback protocols. When node execution yields low
confidence yet correct output, the hysteresis buffer prevents premature verifier invocation
by requiring sustained p <71y, over three consecutive steps before triggering.
Conversely, high-confidence erroneous outputs are mitigated via anchor retention: critical
typed records-those associated with irreversible tool calls or domain-critical predicates-
are preserved regardless of compression thresholds [10]. This dual safeguard ensures
safety-critical fidelity without compromising token efficiency. Empirical validation
confirms that anchor retention rates remain above 92% across all task categories,
preserving semantic integrity in shared memory while enabling aggressive pruning
elsewhere. The hysteresis effect directly suppresses spurious verifier calls by 41.7%,
aligning invocation frequency with actual error likelihood rather than transient
confidence dips. As a result, the framework sustains near-equivalent correctness
guarantees-achieving 94.8% of the base architecture’s accuracy-while reducing average
token consumption per task by 43.2%. This demonstrates that selective verification, when
grounded in dynamic confidence boundaries and structural memory safeguards, shifts
the operational Pareto frontier toward significantly lower latency and cost without
sacrificing reliability.

5.3. Generalizability Beyond the Base Architecture

The adaptive verification trigger and memory compression unit are not tightly
coupled to the base architecture but constitute modular architectural overlays applicable
to any role-decomposed multi-agent system featuring introspective confidence signals
and typed-record memory. The trigger mechanism interfaces directly with the confidence
state computation pipeline, substituting unconditional verification calls with conditional
invocation governed by pPeonf < Tsarety , Where Tgpy, adapts dynamically to task
complexity and historical error rates. Similarly, the compression unit operates as a post-
execution filter on shared memory, applying semantic redundancy detection over typed
records using normalized embedding distance thresholds [2]. Both components insert
cleanly at well-defined abstraction boundaries: the trigger replaces the fixed verification
scheduling logic, while compression intercepts memory write operations prior to
persistence [5]. This modularity enables direct transplantation into alternative planner-
executor-verifier decompositions, including those employing hierarchical task networks
or probabilistic belief propagation. Empirical validation across three additional agent
frameworks confirms consistent token reduction of 32-48% with accuracy retention above
93% relative to full-verification baselines, affirming generalizability beyond the original
implementation.

6. Conclusion
6.1. Summary of Methodological Advancement

Our framework advances the foundational multi-agent architecture by redefining
efficiency without compromising structural integrity. Rather than weakening verification
or memory fidelity, we modulate their invocation density through two tightly coupled
innovations: an Adaptive Verification Trigger and a Memory Compression Unit. The
trigger leverages the base architecture’s confidence state formulas to dynamically assess
node execution reliability; it invokes the Verifier agent only when peonr < Tgafery , Where
Tsafety adapts per task complexity and historical error patterns. Concurrently, the Memory
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memory, retaining only non-isomorphic records with discriminative utility for
downstream reasoning. Empirical evaluation confirms that this selective modulation
preserves 95% of the base architecture’s accuracy gains while reducing total API token
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decoupling verification necessity from fixed scheduling and compressing memory state
semantics, our approach sustains high-level reasoning capabilities while lowering
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scalable, production-grade multi-agent systems where economic and temporal constraints
govern feasibility.

6.3. Future Directions: Dynamic Threshold Learning and Cross-Task Memory Sharing

Future work will extend the adaptive verification trigger to support online learning
of safety boundaries, enabling real-time adjustment based on task complexity and domain
drift. Concurrently, cross-task memory sharing protocols will be formalized to identify
and reuse semantically invariant typed records across related problem instances, thereby
amortizing long-term cognitive overhead. These extensions aim to further compress token
consumption without compromising the foundational accuracy guarantees established by
the base architecture. Crucially, boundary adaptation will leverage the existing confidence
state formulation c¢; , where dynamic thresholds are updated via gradient-based
minimization of Liyency + ALerror - Memory reuse will enforce type-consistent hashing
over record signatures, ensuring safe inter-task retrieval while preserving dependency-
aware graph integrity.
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