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Abstract—Modern agent harnesses—Claude Agent Soft-
ware Development Kit (SDK), LangGraph, AutoGen, CrewAlI,
OpenHands, and Llamalndex Agents—delegate cost gover-
nance, local-inference arbitration, and memory conflict reso-
lution entirely to the application developer.

We present Lightify, an open-source middleware layer that
supplies these primitives as runtime services beneath any
agent loop. Its central mechanism is Retrieval-Confidence-
Driven Routing (CDDR), which selects inference tiers based
on the aggregate confidence of retrieved memory items rather
than on query features alone. Lightify additionally provides a
persistent SQLite memory store, Memory Conflict Detection
(MCD) that flags contradictions and triggers tier escalation,
and Confidence-Driven Prompt Shaping (CDPS) that adapts
prompt verbosity to retrieval reliability.

We evaluate routing policy on 1,197,316 exact-string unique
queries from five public corpora (MS MARCO v2.1, WildChat-
1M, Natural Questions, MMLU, GSM8K) and report Policy-
Oracle Agreement (POA): the fraction of routing decisions
matching a category-level oracle, not per-query output cor-
rectness. Routing thresholds are calibrated on a 20-query
API pilot; the 1.2M benchmark is held-out. On the English-
language subset (N = 1,043,220; 87.1%), CDDR achieves
POA [0.957,0.958] (95% Wilson CI) at projected cost 98%
below a naive Opus-only baseline ($0.001204 vs. $0.076 per
query). On the non-trivial subset—WildChat and GSM8K only
(N = 125,390), excluding corpora with unconditional Tier-
1 oracle labels—POA is [0.646,0.651], the operating range on
challenging queries. A 200-pair MCD stress test yields precision
0.943 [0.814,0.984] and recall 0.330 [0.246,0.427]. Per-query
cost is a tier-cost projection; live API spend is reported only
for the 20-query calibration pilot. Full per-query live-oracle
evaluation is reserved as future work.

Index Terms—cost-aware inference, LLM model routing,
retrieval-confidence routing, persistent memory, conflict detec-
tion, local inference, retrieval-augmented generation

I. Introduction

Agent harnesses—runtime systems that wrap a Large
Language Model (LLM) [27] with tool use, memory,
and control flow—are now the dominant way of build-
ing task-completing assistants. Claude Agent SDK [1],
LangGraph [2], AutoGen [3], CrewAl [4], OpenHands [p],
and Llamalndex Agents [(] each provide orchestration,
state management, and tool invocation primitives. None,
however, provide cost governance as a first-class runtime
concern: model selection, local/cloud arbitration, and
memory consistency are all pushed to the application
developer.
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Independent Researcher

The practical consequences are documented in each
system’s own literature. AutoGen’s documentation warns
that “significant back-and-forth conversations might result
in cost blowups” [B]; users of LangGraph describe building
external Al gateways to recover per-request cost rout-
ing [2]; OpenHands tasks of 100 steps with frontier models
cost tens of dollars [B]; Anthropic’s Memory API returns
HTTP 409 conflicts on concurrent writes, with resolution
left to the caller [[I]. Consider a developer whose harness
is backed by a persistent knowledge base. On Monday, the
base states “v7 is the production release.” By Friday, a new
entry records “v7.4 is now production.” A local model has
no mechanism to detect that these two items contradict,
no way to escalate the query to a frontier model that could
reason about the contradiction, and no signal to route the
question to the cheapest tier capable of handling it.

A. The Gap in Current Harnesses

Every major agent harness surveyed in this work leaves
four governance concerns to the user:

o Cost-aware tier routing: no harness routes between
local and cloud tiers at the runtime layer.

o Local-first inference as a default tier: local models are
an optional back-end in AutoGen and CrewAl, not
a default routing target; they are absent in Claude
SDK, LangGraph, OpenHands, and Llamalndex.

e Memory conflict detection: no harness flags contra-
dictions among persistent memory items.

o Automatic escalation on low confidence or conflict:
escalation edges are hand-coded by the application
developer.

Separately, a line of algorithmic routing work—
FrugalGPT [7], RouteLLM [8], AutoMix [g], Hybrid
LLM [10]—proposes cost-aware routing techniques, but
these are published as stand-alone algorithms rather than
as harness runtime services. Wang et al. [19] survey small-
large model collaboration but do not treat the harness
layer as the natural integration point.

B. Contributions
This paper makes the following contributions.

1) A structured comparison of six major agent har-
nesses against four governance primitives (cost rout-
ing, local-first inference, memory conflict detection,
automatic escalation), showing that all six leave
these concerns to the application developer.
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2) Retrieval-Confidence-Driven Routing (CDDR) as
the central primitive of this paper: CDDR conditions
tier selection on the aggregate confidence of retrieved
memory items rather than on query features alone,
and we evaluate it as a runtime service callable from
any agent harness.

3) Lightify, an open-source middleware layer that ships
CDDR alongside two diagnostic mechanisms whose
operating range we characterize—Memory Conflict
Detection (MCD) and a per-action tier overlay—and
a prompt-shaping helper (CDPS). MCD flags inter-
item contradictions and is evaluated in a 200-pair
stress test; the per-action overlay is a lexical classifier
whose surface-form-bounded range we quantify. Nei-
ther is claimed as a headline contribution; both are
presented as diagnostic mechanisms whose operating
range we characterize.

4) An empirical evaluation: a 20-query live pilot
with measured API spend; a 5,000-query syn-
thetic routing benchmark with 100% exact-string
unique queries drawn from 48 templates, in which
the CDDR primitive alone reaches 70.2% Policy-
Oracle Agreement (95% CI [0.689,0.715]) against
the best hand-coded LangGraph-style user baseline
at 51.6%; a 1.2M-row real-user-query benchmark
from five public corpora reporting per-source and
English /non-English operating characteristics; a per-
mechanism ablation (C5); a fair-baseline ablation
controlling for retrieval and CDPS; and a full-
scale live-oracle evaluation methodology reserved as
future work.

II. Related Work
A. Agent Harnesses and Runtimes

We survey six agent-harness systems most visible in
the 2024-2026 window. For each, we record the primitives
exposed by the runtime, the position taken on cost
governance, and the failure modes documented in each
system’s own literature.

Claude Agent SDK [l] exposes a managed-agent run-
time with a persistent Memory Tool. Memory operations
return HTTP 409 on concurrent writes, and the SDK
does not provide automatic resolution; responses are not
cached (by design, for multi-tenant privacy). The SDK
does not ship a cost-aware router; RouterLLM integra-
tions are user-implemented examples rather than runtime
primitives.

LangGraph [2] models agents as state-machine graphs;
edges (including escalation edges) are author-specified.
Users report “randomly losing context” and build external
ATl gateways to insert cost-aware routing between the
graph and the model.

AutoGen [B] orchestrates multi-agent conversations; its
default UnboundedChatCompletionContext sends the full
history every turn, and the documentation warns that
“significant back-and-forth conversations might result in
cost blowups.” Local inference is supported via Ollama as
an optional back-end but not as a default tier.

CrewAlI [4] coordinates role-specialized agents via a task
queue; the per-agent activation pattern multiplies per-task
cost by the crew size, and its shared short-term memory
has been observed to leak between tenants.

OpenHands [b] targets autonomous software-
engineering loops; 100-step tasks with frontier models
have been reported to cost $10-$50. It has no learned
preference for routing bash/tool operations to cheaper
tiers and no cross-session memory layer.

Llamalndex Agents [f] provide retrieval-augmented
agent scaffolds; memory is session-scoped and vector-only,
with no cross-session persistence or conflict handling.

Across all six systems, cost governance, local-first infer-
ence, memory conflict handling, and tier escalation are left
to the application developer. Lightify is the middleware
layer that provides these primitives.

B. Model Routing and Cascading

FrugalGPT [[] formalized LLM cascades and demon-
strated up to 98%_ cost reduction matching GPT-4 accu-
racy. RouteLLM [§] trains routers on human preference
data, achieving >2x cost reduction. Both route based on
response quality or query difficulty—neither considers the
state of a knowledge base, nor do they ship as harness
runtime services.

AutoMix [9] (NeurIPS 2024) is the closest prior work
to Lightify. It uses self-verification—a small model checks
its own answer and escalates if uncertain. The critical dif-
ference: AutoMix is per-query and memoryless. It cannot
detect that an answer was correct last week but is wrong
today because knowledge changed. It has no persistent
memory and no temporal awareness.

Hybrid LLM [L0] (ICLR 2024) routes based on query
features. Identical queries always route to the same tier,
regardless of whether the system’s knowledge about the
topic has changed.

Relation to 2024-2025 routing and caching work. Sev-
eral recent systems are closely adjacent to Lightify and
differ in specific, checkable ways. RouteLLM [§] trains
a learned router on human preference data and we do
not compare numerically against a RouteLLM check-
point in this paper (identified as future work); crucially,
RouteLLM carries no memory and no conflict signal and
therefore cannot detect the temporal-drift failure mode
this paper targets. RouterBench [42] offers a standardized
multi-LLM routing evaluation suite; we do not evaluate
on RouterBench in this paper and flag it as the natural
external benchmark for a follow-up live-oracle run. Fly-
Swat [B9] proposes cost-effective model choice via meta-
modeling but is not integrated into an agent-harness
runtime. “Are More LLM Calls All You Need?” [B§]
(NeurIPS 2024) analyzes the cost-quality Pareto of cas-
caded LLM calls but does not treat the cascade as a
harness-layer governance service. Shnitzer et al. [40] study
LLM routing with benchmark datasets. MoA [41] (ICLR
2025) aggregates outputs from multiple models and is
orthogonal to per-query tier selection. Cache-Augmented



Generation (CAG) [43] caches retrieved context to reduce
repeated RAG cost; we acknowledge that our 1.2M-row
headline would be expected to collapse against a warm
CAG cache because 77% of the benchmark is factoid-
lookup; the per-source breakdown in Section E makes
this compositional dependency explicit.

C. Temporal Knowledge Conflicts

T-GRAG [11] (ACM MM 2025) addresses temporal
conflicts in knowledge graphs for retrieval-augmented gen-
eration. It resolves conflicts within a single model’s context
window. Lightify uses conflict detection as a routing signal
to select which model should attempt the resolution—the
two approaches are complementary.

The Knowledge Conflicts Survey [12] (EMNLP 2024)
provides a three-class taxonomy of inter-context, context-
memory, and intra-memory conflicts. Lightify’s MCD
specifically targets inter-context conflicts in persistent
memory and uses their detection as a system-level escala-
tion signal—an application not explored in the survey.

D. Persistent Memory and RAG

EcoAssistant [13] combines cascading with a solution
memory—the closest system combining routing with per-
sistent memory. However, its memory is a positive cache:
it stores what worked. It has no mechanism to detect when
cached knowledge becomes stale.

MemGPT [14] (ICLR 2024) demonstrates persistent
memory management for LLMs but has no routing compo-
nent and no conflict detection. CRAG [L5] uses retrieval
quality as a corrective signal but operates on_one-shot
retrieval with no persistent state. SelfRAG [16] trains
models to emit retrieval-judgment tokens but does not
maintain persistent memory or route between model tiers.
Recent surveys on retrieval-augmented generation [1§],
B3] and on LLMs for information retrieval [B4] provide
broader context. DRAGIN [B6] introduces dynamic re-
trieval based on real-time information needs, complement-
ing our focus on temporal consistency. Kandpal et al. [35]
demonstrate that LLMs struggle with long-tail knowledge,
motivating retrieval-backed approaches.

E. Prompt Compression

LLMLingua [17] uses perplexity-based token pruning
with information-theoretic grounding. Lightify adopts
a simpler code-block-aware compression approach aug-
mented by learned shorthand rules (SECR), which is
less principled than LLMLingua but requires no auxiliary
model.

F. Feature Comparison

Table ﬂ summarizes the governance primitives each sys-
tem exposes. Partial indicates that the capability exists as
an optional back-end but not as a default, runtime-selected
behavior (e.g., Ollama support in AutoGen/CrewAl).
None indicates that the concern is delegated to the
application developer.
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III. System Architecture

Lightify operates as a three-tier inference pipeline with
persistent memory, as shown in Fig. [ll.

Tier-1 (Local, $0): On-device model via Ollama
(Gemma 3 1B default). Handles high-confidence queries
with no API cost.

Tier-2 (Mid, API): Claude Sonnet 4.6 (or Haiku 4.5
when —cheap). Handles moderate-confidence queries.

Tier-3 (Frontier, API): Claude Opus 4.6. Handles low-
confidence, conflicting, or complex queries.

All benchmarks reported in this paper were run in April
2026 with the model versions listed above; the Claude
CLI aliases (haiku, sonnet, opus) resolved to these specific
versions at the time of evaluation.

A. Retrieval-Confidence-Driven Routing (CDDR)

Each retrieved item ¢; receives a confidence score ¢(c¢;) €
[0,1] (computed via Jaccard + sigmoid; see Section IV).
Let ¢ be a query, C' = {c1,...,cr} the retrieved context
items, and k = |C| the number of retrieved context items.
Define aggregate context confidence:

k
(C) = Z(b(ci) (1)

where each individual confidence score is

T =

¢(c;) = o(A- (1 — wiier - 75 - d;) + B)



TABLE 1
Runtime governance primitives across six agent harnesses, four algorithmic routers, and Lightify. A check denotes a runtime primitive
shipped with the system; “partial” denotes optional/pluggable support; blank denotes that the concern is left to the application.

System Cost-Tier Routing

Local-First Tier

Persistent Memory  Conflict Detection  Response Cache

Agent Harnesses
Claude Agent SDK [l]
LangGraph [2]

v/ (409 collisions)
v (context loss)

AutoGen [3] partial opt-in

CrewAlI [4] partial v/ (no isolation)

OpenHands [f] weak cross-session

Llamalndex Agents [f] session-scoped

Algorithmic Routers (not harnesses)

FrugalGPT [[] v

RouteLLM [g] v

AutoMix [d] v

Hybrid LLM [id] v

Lightify v v v v planned

where o is the logistic function, wy;e, € {0.55,0.70,0.90}
is the source tier weight, r; € [0, 1] is the empirical success
rate for that memory entry, d; € (0,1] is a recency decay
factor, and A = —5.0, B = 2.5 are hand-tuned shaping
parameters. We note that A and B are hand-tuned rather
than learned; Platt-scaling calibration on a held-out set is
identified as future work.

When retrieval returns no items (k = 0), ®(C) is defined
to be 0; the routing function below therefore assigns such
queries to Tier-3 by default, matching the “no context,
escalate to frontier” behavior.

Let F(C) denote the set of detected conflicts among
items in C; see Section III-C for the detection procedure.
The routing function (P]) selects the cheapest tier whose
capability matches the context quality:

Tier-1 if ®(C) > 7, and |F(C)| =0
Tier-2 if ®(C) > 1o (2)

Tier-3 otherwise

where 7 = 0.45 and 79 = 0.30. These thresholds were
tuned on the 20-query pilot benchmark, which is also the
source of the measured-spend numbers in Section ;
a held-out threshold re-tuning run on disjoint data is
identified as future work. The thresholds are fixed at these
values for all benchmarks in Section V to report worst-case
(pilot-tuned, non-held-out) operating characteristics. Tier-
1 thresholds are aggressive because local inference incurs
zero cost; the only penalty for a failed local attempt is
additional latency before cascade escalation.

Conflict override: If MCD detects contradictions, the
minimum tier is escalated:

Ryep(g, C) = max (R(q,C), Tier—Z) if |F(C)] >0 (3)

Algorithm m presents the full routing procedure. Note
that the algorithm composes the hard Tier-1 guard of
Eq. (B) with an additional continuous penalty, ® <«
max(0, & — 0.1 - |F]|), applied before the Tier-2/Tier-3
comparison: Eq. (B) alone blocks Tier-1 on any conflict,
while the penalty also pushes sufficiently conflict-heavy

R(q,C) =

Algorithm 1  Retrieval-Confidence-Driven

(CDDR)

Require: Query g, Memory Store M, Thresholds 71,
: C + Retrieve(q, M) {FTS5 + topic search}

: C' + Filter — Rank — Compress(C, q)

: D« ﬁ Y ecor ¢(c) {Aggregate confidence}

. F + MCD(C") {Detect conflicts}

. if |F| > 0 then

® < max(0,® — 0.1 -
conflict; clamped at 0}
: end if

8: p < CDPS(®,(C", q) {Shape prompt by confidence}
9: if ® > 7, and |F| =0 then

10:  tier « Tier-1 (Local)

11: else if ® > m then

12:  tier « Tier-2 (Sonnet)

13: else

14:  tier < Tier-3 (Opus)

15: end if

16: r <— Generate(p, tier)

17: if r fails and tier < Tier-3 then

18:  r + Generate(p, tier + 1) {Cascade}

19: end if

20: UpdateMemory (M, C’,r) {Background learning}
21: return r

Routing

D Ut W

|7]) {Empirical penalty per

-3

contexts from Tier-2 into Tier-3. The hard guard fixes the
Tier-1 boundary; the penalty graduates the Tier-2/Tier-3
boundary with conflict mass.

B. Per-Action Tier Overlay

CDDR selects a tier based on retrieval confidence alone.
An orthogonal signal is what the query asks the model
to do: a shell-command lookup has different compute
requirements from a multi-step refactor, even when both
retrieve identical context. Lightify exposes a lightweight
per-action classifier A(q) — (tq,kq) that maps a query ¢
to a suggested tier ¢, and one of six action classes k,:

k. € {bash, lookup, code, large-code, reason, unknown}.



The classifier is a deterministic regex cascade (no model
call, <1ms overhead) released with the Lightify source.
The action suggestion composes with CDDR’s sugges-
tion via a policy-aware combiner. For cheap-action classes
(bash_or shell 1like, short_lookup), we prefer the
action tier when it is strictly cheaper than CDDR’s; for
all other classes, we take the more expensive of the two:

T(q,0) min(R(q,C), A(q)) if k, € cheap-action
¢ max(R(g,C), A(g)) otherwise
(4)
where min and max are taken over the tier ordering
Tier-1 < Tier-2 < Tier-3.

The overlay is disabled by default so that CDDR is
directly comparable with prior work; enabling it is a single
flag (—action-routing) at the Command-Line Interface
(CLI) layer. The action overlay is disabled by default
because enabling it over-promotes factoid queries on
factoid-dominated corpora (e.g., MS MARCO), collapsing
aggregate POA; it is intended for use only on corpora with
known per-category task distributions. Section re-
ports its marginal contribution on 5,000 synthetic queries.

C. Memory Conflict Detection (MCD)

MCD performs pairwise comparison of retrieved mem-

ory items using three heuristic signals:

1) Negation patterns: Two claims on the same topic
where one contains a negation marker and the other
does not (minimum 2 overlapping lowercased tokens
after stopword removal).

2) Numerical disagreements: Two claims contain-
ing numbers a,b about the same topic where
max(a, b)/ min(a, b) > 1.5.

3) Semantic opposition: Presence of antonym pairs
(from a dictionary of 32 entries) in overlapping-topic
claims.

We acknowledge that keyword-level conflict detection
has significant limitations (see Section ) Embedding-
based semantic conflict detection is a priority for future
work.

D. Confidence-Driven Prompt Shaping (CDPS)

CDPS selects among three prompt templates based on
O(C):

o High confidence (® > 0.45): “Answer from context.
Be direct.” Suppresses hedging and verbose reasoning.

e Medium confidence (0.30 < ® < 0.45): “Cite context
items. Note limitations.”

o Low confidence (® < 0.30): “State what context
covers and does not cover. Identify contradictions.
Rate your confidence.” This meta-cognitive scaffold
forces the model to reason about the context itself.

CDPS constrains the local tier’s output length, prevent-
ing Gemma 1B from generating off-task continuations on
under-constrained prompts.

TABLE II
Implementation components.

Component Technology
Memory store SQLite + FTS5 (WAL, hash
dedup)

Local inference
API inference
CLI interface

Ollama HTTP API (Gemma 1B)
Claude CLI (Haiku/Sonnet/Opus)
argparse + Rich panels

Compression Code-aware stopword removal -+
SECR
Scoring Jaccard + sigmoid confidence

E. Context Sufficiency Estimation (CSE)

CSE estimates whether retrieved context is sufficient
for the selected tier using a coverage-and-confidence pred-
icate, following insights from inference scaling for retrieval-
augmented generation [B7]. Let Coverage(C,q) denote
the fraction of query tokens with matches in C, with
thresholds o = 0.30 and o¢ont = 0.35.

S(C,q) =¥ [Coverage(C,q) > 0 A ®(C) > ocont] (5)

If S = 0, the system triggers deeper retrieval or tier
escalation.

F. Self-Evolving Compression Rules (SECR)

SECR tracks n-gram frequencies across processed
prompts and generates shorthand abbreviations for
phrases occurring >5 times. In our 20-query benchmark,
SECR learned 135 rules. While modest individually, these
rules compound over longer interaction histories.

IV. Implementation

Lightify is implemented in 4,025 lines of Python with
a single runtime dependency (Rich [32], for terminal UI).
Unlike systems that require specialized memory manage-
ment kernels such as PagedAttention [26], Lightify uses
standard SQLite with WAL mode for persistent storage.
Table [[] summarizes the key components.

The system is distributed as a Python package and pro-
vides subcommands: init, query, bench, status, memory,
and config. Three mode presets (—fast, —cheap, —quality)
adjust routing thresholds 7, and 75. The model for each
tier is configurable at runtime.

Confidence scores combine source tier weight (wier €
{0.55,0.70,0.90}), success rate, and recency decay via a
weighted sum passed through a sigmoid function with
hand-tuned parameters A = —5.0, B = 2.5. These
parameters are not calibrated on validation data; the
confidence scores therefore lack frequentist calibration
guarantees. Proper calibration is critical for production
deployment and is a priority for future work.

V. Experimental Evaluation

All routing metrics in this section measure Policy-
Oracle Agreement (POA): the fraction of routing decisions
matching a category-level heuristic oracle, not per-query



output correctness. The oracle assigns tier requirements
at the corpus level (factoid-lookup corpora — Tier-1;
reasoning corpora — Tier-2/3) rather than evaluating
per-query model output quality. The non-trivial subset—
WildChat and GSMS8K only (N = 125,390)—excludes
corpora with unconditional Tier-1 oracle labels and rep-
resents the honest operating range on challenging mixed
queries (POA [0.646,0.651]). A full per-query live-oracle
evaluation remains as future work.

Experimental setup. We calibrate routing thresholds
(1 =_0.45, 7o = 0.30) on a 20-query API pilot (Sec-
tion ); the 1.2M real-user-query benchmark (Sec-
tion ) serves as the primary routing-policy evalua-
tion, fully held-out from threshold tuning. All baselines
receive identical FTS5 retrieval output and CDPS-shaped
prompts; only the tier-selection policy differs. Baselines do
not cascade on tier failure; Lightify cascades Tier-1—Tier-
2—Tier-3 on failure or insufficient confidence.

A. Large-Scale Real-User-Query Benchmark (Primary
Evidence)

We assemble a benchmark of 1,197,316 exact-string
unique queries from five public corpora: MS MARCO
v2.1 train (Bing search queries) [21], WildChat-1M (real
LLM chat logs) [22], Natural Questions (Google search
queries) [23], MMLU auxiliary_train (multiple-choice aca-
demic questions) [24], and GSM8K main/train (math word
problems) [25]. No queries are authored by us; all are either
real-user utterances from search and chat logs or hand-
crafted by academic researchers. Oracle tier is assigned
from the source’s characteristic tier requirement: factoid-
lookup corpora (MS MARCO, NQ, MMLU) — Tier-1;
reasoning corpora (GSM8K) — Tier-2; within-WildChat
labels are further disambiguated by the regex classifier
of Section @ The dataset is assembled reproducibly
via benches/fetch_real 1m.py from public HuggingFace
parquet shards; no API calls are required and the script
takes 5-15 minutes. Results are in Tables [l and @

Scope and compositional disclosure. Using ASCII-strict
character detection, 1,043,220 rows are English (87.1%)
and 154,096 rows (12.9%, essentially all from WildChat)
are non-English. MS MARCO, Natural Questions, and
MMLU together account for 77% of rows and are uncon-
ditionally labeled Tier-1 by the category-level oracle; the
aggregate POA of [0.912,0.913] therefore reflects corpus
composition as much as policy quality. The non-trivial
subset—WildChat (English) and GSM8K only (N =
125,390), the only corpora without unconditional Tier-1
oracle labels—yields POA [0.646,0.651] (95% Wilson CI),
the honest operating range on challenging mixed queries.
Per-query cost is a projection (Tier-1=$0, Tier-2=%0.019,
Tier-3=%$0.076) applied to routing decisions; the 20-query
pilot in Section @ reports the only measured API spend.
The Tier-3 routing fraction (OSR) serves as a pricing-
invariant cost proxy; the projected dollar figure assumes
Tier-1=%$0, Tier-2=%0.019, Tier-3=$0.076 at April 2026
rates.

Per-source discussion. Factoid-lookup corpora (MS
MARCO, Natural Questions, MMLU) yield POA 1.000
because the oracle labels them Tier-1 unconditionally
and CDDR’s retrieval-confidence signal cleanly sepa-
rates them. On WildChat—which contains heteroge-
neous code, reasoning, multilingual, and conversational
queries—CDDR reaches 0.625 overall; the non-trivial sub-
set (WildChat-English combined with GSM8K) is tabu-
lated at 0.648 in Table [V|. On GSM8K math word prob-
lems, CDDR reaches 0.607; math queries carry retrieval
signatures that place them at Tier-1/Tier-2 boundaries
where the heuristic threshold is imperfect. The non-
trivial subset POA of 0.648 is the primary stress-test
figure; the 0.958 English-only headline subsumes the easier
factoid-lookup majority and should be read alongside this
disclosure.

Lexical overlay behavior at scale. The CDDR + ac-
tion overlay drops from 0.913 to 0.404 POA: the regex
bash/lookup signals over-promote short-factoid queries
from Tier-1 to Tier-2 across the 808K MS MARCO
rows. The hand-coded length-gateway exhibits the same
pattern. The hand-coded keyword router scores 0.794 but
under-routes 19% of queries. These patterns confirm the
finding at smaller scale: lexical overlays are bounded by
their regex coverage; embedding-based classification is the
natural extension.

B. Memory Conflict Detection Stress Test

We evaluate MCD precision and recall on 200 pairs: 100
hand-authored contradiction pairs spanning 15 realistic
deployment categories (version bumps, policy changes,
numeric revisions, deprecations, team changes, feature
flags, infra state, security, compliance, pricing, schema,
API contracts, runbooks, dependencies, observability) and
100 same-topic compatible control pairs. MCD is run
over each pair as a two-item ContextCapsule; detection
is positive when at least one conflict signal fires.

Results: Precision = 0.943 (95% Wilson CI
[0.814,0.984]), Recall = 0.330 ([0.246,0.427]). TP=33,
FN=67, FP=2, TN=98. MCD is high-precision within its
lexical signal set (numeric ratio >1.5x, 32-entry antonym
dictionary, explicit-negation detector). Per-signal recall:
numeric 0.579, negation 0.333, antonym 0.114. MCD
operates within known constraints: it achieves high
precision (0.943) within its lexical-signal set but recall
is 0.330, and semantic contradictions without lexical
markers—version-bump (0/10 detected) and team-change
(0/5 detected)—fall outside its operating range. MCD
is designed as a high-precision escalation trigger, not
a general conflict-detection solution; embedding-based
detection is identified as future work.

C. System Calibration and Ablation (20-Query Pilot)

The 20-query pilot serves two purposes: (i) threshold
calibration (73 = 0.45, 72 = 0.30); (ii) end-to-end system
demonstration with real API spend. It is not a routing-
policy evaluation—that role belongs to the 1.2M bench-
mark in Section . The pilot spans six categories:



TABLE III
Routing metrics on the five-corpus real-user-query benchmark (N = 1,197,316, all exact-string unique). POA = Policy-Oracle Agreement
against the category-level oracle. Per-query cost is a tier-cost projection applied to routing decisions, not measured API spend; measured
spend is reported only for the 20-query calibration pilot. Aggregate POA is inflated by the dominance of factoid-lookup corpora (M
MARCO+NQ+MMLU = 77% of rows, unconditionally Tier-1 by oracle construction); the English-only and non-trivial subsets (Table [V])
give the honest operating range.

Policy POA (95% Wilson CI) OSR  USR  $ / query (proj.)
Lightify CDDR 0.913 [0.912, 0.913] 0.000 0.087 $0.0025
Lightify CDDR + action overlay 0.404 [0.403, 0.405] 0.593  0.003 $0.0154
Naive Opus-only baseline 0.000 [0.000, 0.000] 1.000  0.000 $0.0760
Hand-coded keyword router (LangGraph-style) 0.794 [0.793, 0.795] 0.012 0.194 $0.0007
Hand-coded length-gateway router (LangGraph-style) 0.324 [0.323, 0.325] 0.621  0.055 $0.0196

TABLE IV
Per-source and per-language CDDR POA on the five-corpus benchmark. The non-trivial subset (WildChat English + GSM8K) excludes
all corpora with unconditional Tier-1 oracle labels and represents the honest stress-test operating range. Language split by ASCII-strict

detection.
Source / subset N CDDR POA
MS MARCO v2.1 train 808,465 1.000
WildChat-1M (all) 271,661 0.625
Natural Questions 99,903 1.000
MMLU auxiliary_ train 10,287 1.000
GSMS8K main/train 7,000 0.607
Non-trivial subset (WildChat-Eng + GSMS8K) 125,390  0.648 [0.646, 0.651]

English subset (ASCII-strict) 1,043,220  0.958 [0.957, 0.958]
Non-English subset 154,096 0.604
Aggregate (all rows) 1,197,316 0.913

easy factual (5), code generation (3), architecture (3),
multi-hop reasoning (3), conflict resolution (3), and cold
knowledge (3). The memory store is seeded with 17 items
including 3 planted contradictions.

D. Single-Query Comparison (Local-First)

Table M shows a head-to-head comparison for the query
“What is the Python GIL?”

Lightify incurs zero API cost on this local-routable
scenario. The latency numbers in Table |V]| are single-query
data points from a case in which Tier-1 routing succeeds;
we do not draw a distributional latency claim from them.
The latency advantage on this row reflects both routing to
a local model and the smaller context created by CDPS
compression; the routing decision itself adds <50ms of
overhead.

E. 20-Query Grid Benchmark (Preliminary)

We conduct a preliminary evaluation on 20 queries
across six categories—easy factual (5), code generation
(3), architecture (3), multi-hop reasoning (3), conflict
resolution (3), and cold knowledge (3)—against six routing
strategies. The memory store is seeded with 17 items
including 3 planted contradictions. We note that this
benchmark is limited in scale; we present it to demonstrate
the routing mechanism and conflict detection behavior
rather than to establish statistical claims. The methodol-
ogy for the full-scale evaluation (N > 500) is described in
Section [V-K|. This 20-query benchmark does not meet the
statistical rigor described in Section (no bootstrap

confidence intervals, no significance testing); formal infer-
ence is deferred to the full-scale study. Quality in Table

is computed as token-level F1 between the set of context
keywords and the response keywords (after lowercasing
and stop-word removal), scaled to 0-100; this definition is
used only for the preliminary table and is superseded by
the LLM-as-judge rubric in Section . Table [V] reports
category-averaged results.

Routing behavior. On all 5 easy factual queries with
stable knowledge, Lightify correctly routed to Tier-1
(local, $0). MCD detected all 3 seeded contradictions
and escalated each to Tier-2 or Tier-3. The full MCD
precision/recall characterization is in Section . The
selective escalation behavior—low-cost when context is
reliable, high-capability when conflicts are present—
illustrates the operating characteristic the Lightify mid-
dleware provides to any harness.

Quality evaluation deferred. A keyword-overlap quality
metric (reported in earlier versions of this work) systemati-
cally rewarded verbosity and disadvantaged CDPS-shaped
concise answers; we determined it was not calibrated for
conciseness-shaped outputs and removed it from Table [V1.
Substantive quality judgment is deferred to the LLM-
as-judge evaluation described in Section , with an
N > 500 plan tracking exact-match correctness on closed-
form benchmarks (MMLU-Pro, HumanEval+) and GPT-
4o-judge scores on open-ended queries. Until that evalua-
tion is executed, the cost and latency numbers in Table
should be interpreted as operating characteristics rather
than quality-adjusted efficiency claims.



TABLE V
Single-query comparison: same question, five approaches. Illustrative single-query decomposition only; the latency and token numbers are
one-query data points, not distributional claims. Baselines in this table do not cascade on Tier-1 failure whereas Lightify does (see §V
opening paragraph), so latency comparisons across rows are not apples-to-apples.

Approach Cost Latency Tok In  Tok Out

Raw Opus $0.076  5,425ms 27,038 272

Always Sonnet  $0.078 7,449ms 19,382 344

Always Haiku $0.017  4,275ms 44,015 346

Local Gemma $0.000 6,741 ms 15 1,004

Lightify $0.000 339 ms 214 22
TABLE VI

Preliminary 20-query grid benchmark: average cost and latency per routing strategy. Keyword-match quality scores are intentionally
omitted from this table because the metric systematically favors verbose outputs, di ntaging CDPS-shaped responses; an
LLM-as-judge evaluation is described in Section

Approach

Local Gemma (no routing)
Always Haiku

Always Sonnet

Always Opus

Lightify
LF --fast

Avg Cost  Avg Latency
$0.000 7,320 ms
$0.023 7,113 ms
$0.041 12,060 ms
$0.087 11,162 ms
$0.037 8,019 ms
$0.028 8,028 ms

F. Policy-Oracle Agreement at N=5,000 (Synthetic)

To isolate the effect of routing policy from live model-
call noise and retrieval noise, we generate 5,000 synthetic
queries with gold oracle labels across seven categories (40%
short-operation: 20% bash-like and 20% short-lookup;
30% mid-operation: 15% reasoning and 15% code; 30%
frontier-operation: 10% large-code, 10% conflict, 10% cold-
knowledge (queries whose answer is absent from the mem-
ory store, requiring frontier-tier capability)). All 5,000
queries are unique exact-string instances produced from 48
templates with 3—24 fillers per slot (combinatorial capacity
~ 80,000, seed = 42). Category-calibrated context confi-
dence is injected per query (matching the 20-query live
pilot distribution), and conflict queries receive an MCD-
visible contradiction. We define Policy-Oracle Agreement
(POA) as the fraction of queries whose routing decision
matches the category-level oracle tier. POA measures
agreement with a heuristic oracle, not correctness against
live tier outputs; we reserve the term “routing accuracy”
for the per-query live-oracle evaluation in Section . We
report POA, Over-Spend Rate (OSR), and Under-Spend
Rate (USR) against the category oracle together with 95%
bootstrap confidence intervals (1000 resamples).

The CDDR primitive alone reaches 70.2% POA at
79% lower per-query cost than the Naive Opus-only
baseline. Adding the per-action overlay is approximately
net-neutral at the aggregate level (+0.3 percentage points
POA, +$0.0013 per query at N = 5,000), but produces
large and heterogeneous per-category effects. Table |VII]|
breaks this down.

The overlay’s contribution is substantially additive on
code (+42.0 pp) and reasoning (+38.1 pp)—categories
where CDDR’s retrieval-confidence signal is mid-range and
the action signal supplies disambiguating information. The

overlay’s contribution is bounded on short_ lookup (—34.9
pp) and cold_ knowledge (—35.8 pp)—categories where the
shared “what is ..” surface form spans both the Tier-1
oracle (“what is TLS?”) and the Tier-3 oracle (“what
is the capital of Tuvalu?”), which the lexical classifier
does not distinguish. The conflict-aware override in the
present implementation escalates to Tier-2 under retrieval
weakness rather than Tier-3, so conflict queries remain at
Tier-2 regardless of overlay state. Three extensions follow
directly:

1) Per-category dispatch. Route through the overlay
only for categories where its effect is positive (code,
reasoning, large code). This is a one-flag change in
the combiner.

Embedding-based action classifier. Replace the regex
cascade with a small embedding model (< 50M
params) trained to distinguish lookup from cold-
knowledge—recovering 30+ pp on two categories.
Stronger conflict escalation. Change the MCD over-
ride so detected conflicts escalate to Tier-3 when
retrieval confidence is below 7o, recovering all 500
conflict-category queries.

Scale stability is verified at three dataset sizes (Ta-
ble [X); the CDDR point estimate moves by less than
one percentage point between N = 2,000 and N = 5,000,
and the 95% CI narrows from +6.0 percentage points at
N =200 to +1.3 percentage points at N = 5,000. Oracle
labels remain category-level heuristics; a per-query live
oracle (Section @) is future work.

G. Structural Comparison with Hand-Coded LangGraph-
style Baselines (N=5,000)

LangGraph ships no cost-aware routing primitive; rout-
ing logic is written by the user as graph edges or as an



TABLE VII
Routing metrics on 5,000 synthetic queries (100% unique) with gold oracle labels. POA is Policy-Oracle Agreement: the fraction matching
the category-level oracle tier; OSR / USR are the over-spend and under-spend rates. Confidence intervals are 95% bootstrap ClIs (1000
resamples), distinct from the Wilson CIs used for the real-benchmark tables. Per-query cost uses a fixed tier-cost projection calibrated
from the 20-query live pilot (Tier-1 = $0, Tier-2 = $0.019, Tier-3 = $0.076) applied to routing decisions, not measured API spend.

Policy POA (95% bootstrap CI) OSR  USR  $ / query (proj.)
CDDR only 0.702 [0.689, 0.715] 0.000 0.298 $0.0161
CDDR + action overlay 0.705 [0.692, 0.716] 0.084 0.211 $0.0174
Naive Opus-only baseline 0.300 [0.287, 0.313] 0.700  0.000 $0.0760

TABLE VIII
Per-category effect of the per-action overlay at N = 5,000. APOA is the change in Policy-Oracle Agreement when the overlay is enabled.
Positive deltas indicate categories where the overlay recovers under-spend cases; negative deltas indicate over-promotion by the
keyword-style classifier.

Category N CDDR POA  +Action POA  APOA

bash__ like 1000 1.000 0.929 —0.071

short__lookup 1000 1.000 0.651 —0.349

reasoning 750 0.607 0.988 +40.381

code 750 0.580 1.000  +0.420

large_code 500 0.236 0.264  +0.028

conflict 500 0.000 0.000  +0.000

cold_ knowledge 500 1.000 0.642 —0.358
TABLE IX

Scale stability of the routing benchmark at three dataset sizes. All datasets are 100% exact-string unique. POA = Policy-Oracle
Agreement.
Policy (POA) N =200 N = 2,000 N = 5,000

CDDR only

CDDR + action overlay

Hand-coded keyword router (LangGraph-style)
Hand-coded length-gateway router (LangGraph-style)
Naive Opus-only baseline

0.710 [0.650, 0.770]
0.670 [0.605, 0.735]

0.300 [0.240, 0.365]

0.695 [0.674, 0.714]
0.697 [0.676, 0.718]
0.524
0.529
0.300 [0.280, 0.321]

0.702 [0.689, 0.715]
0.705 [0.692, 0.716]
0.516
0.484
0.300 [0.287, 0.313]

0.505
0.565

external gateway. We implemented three policies that a
LangGraph user might plausibly hand-code using Lang-
Graph primitives: (i) a Naive Opus-only baseline (single
frontier model, the Quickstart default); (ii) a hand-coded
keyword router (code-regex — Sonnet, else Haiku); (iii) an
external hand-coded length-gateway router. These base-
lines were implemented by the authors using LangGraph
primitives; they are not official LangChain Inc. artifacts
and do not represent the best routing achievable inside
LangGraph. Results on the same 5,000-query set are in
Table [X.

Lightify’s CDDR primitive alone achieves 18.6-21.8
percentage points higher POA than the best hand-coded
LangGraph-style user baseline, at a per-query cost compa-
rable to the best such baseline and 79% below the Opus-
only default. The cheapest hand-coded baseline (keyword
router) is 83% cheaper than Lightify CDDR but under-
routes 48% of queries, producing tier mismatches on
roughly half the benchmark. The length-gateway variant
incurs the highest cost of the three hand-coded base-
lines while still trailing CDDR by 22 percentage points,
illustrating the gap between surface-feature proxies and
retrieval-confidence as a routing signal. This measures
what a LangGraph user can achieve without writing a
retrieval-confidence routing primitive, not a claim about

LangGraph’s expressive ceiling; Lightify’s contribution
is precisely that it ships this primitive as a runtime
service. The margin relative to a learned router (e.g.,
RouteLLM [§]) is not measured in this paper; whether
CDDR’s retrieval-confidence signal yields higher or lower
POA than a preference-trained classifier on the same
oracle is an open empirical question identified as future
work.

H. Benchmark Dataset Documentation

The synthetic benchmark used in Sections @@
is released alongside the source code at https://github.
com/pavanmanikanta3d1/lightify under MIT license. Each
row is a JSON object with fields id, category, query, ora-
cle_tier, has contradiction; files are deterministic under
random.seed(42). Table @ documents the composition
and generation.

Generation. Queries are produced by random template-
filler substitution (48 templates, 3-24 fillers per slot;
seeded at 42 for reproducibility). The same template set
is used at every scale; scale is controlled solely by the
number of samples per category. gen() rejects exact-string
duplicates with a retry budget of 20N; all three released
datasets are 100% exact-string unique at N = 200,
N = 2,000, and N = 5,000 (combinatorial capacity of


https://github.com/pavanmanikanta31/lightify
https://github.com/pavanmanikanta31/lightify
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TABLE X
Structural comparison at N = 5,000 (100% unique) against three hand-coded LangGraph-style user-authored baselines. Lightify ships the
router as a runtime primitive; LangGraph requires each policy to be written as an application-layer graph edge. POA = Policy-Oracle

Agreement.
Policy POA OSR USR § / query
Naive Opus-only baseline 0.300 0.700 0.000 $0.0760
Hand-coded keyword router (LangGraph-style) 0.516  0.003  0.480 $0.0028
Hand-coded length-gateway router (LangGraph-style) 0.484  0.227  0.288 $0.0164
Lightify (CDDR) 0.702 0.000 0.298 $0.0161
Lightify (CDDR + action overlay) 0.705 0.084 0.211 $0.0174

TABLE XI
Synthetic benchmark composition. Category proportions are identical across scales; the N = 5,000 file is generated by
benches/generate_ 200.py —scale 25.

Category % of set  Oracle MCD  Templates Example

bash_ like 20% Tier-1 14 “git status
HEAD”

short__lookup 20% Tier-1 7 “what is TLS?”

reasoning 15% Tier-2 7 “compare CDDR
and RouteLLM”

code 15% Tier-2 5 “write a function
that reverses a
string”

large code 10% Tier-3 5 “refactor
the entire
authentication
module”

conflict 10% Tier-3 yes 5 “is v7 production
or staging?”

cold__knowledge 10% Tier-3 5 “what is the capi-
tal of Tuvalu?”

Total 100% 48

the template x filler space is approximately 80,000, so
reserving 5,000 unique samples leaves 75,000 of headroom
for scale-up).

Oracle labeling. Each category is assigned a single gold
oracle tier under the assumption that category member-
ship dominates tier requirement (e.g., bash-like queries
are trivially answered by a local tier; cold-knowledge
queries cannot be answered without frontier capability).
This is a strong-category prior; a per-query live-oracle
construction (running each tier against each query and
scoring correctness) is described in Sectionq@, and
reserved as future work. The synthetic oracle is sufficient
for isolating routing behavior from retrieval and generation
quality, which is the variable the tables in this section seek
to control.

Context confidence injection. For each query, a context
confidence ¢ € [0,1] is drawn from a category-specific
uniform distribution calibrated from the 20-query live
pilot: bash/lookup ¢ ~ U(0.50,0.85); reasoning/code
¢ ~ U(0.30,0.55); large-code ¢ ~ U(0.25,0.45); conflict
¢ ~ U(0.30,0.55); cold-knowledge ¢ ~ U(0.02,0.18).
Coverage is derived from ¢ with +0.1 uniform noise.
Conflict queries inject a synthetic contradiction into the
ContextCapsule so that MCD fires. This stand-in for
retrieval is what permits N = 5,000 without running
5,000 live retrievals; the live pilot in Table [V| confirms that
the ¢ distributions match what the real retrieval system

produces on the category’s characteristic queries.

Limits of synthetic benchmarking. We flag three limi-
tations: (i) the single-oracle-per-category prior is coarser
than a live-oracle; (ii) context confidence is injected rather
than produced by retrieval, so the benchmark does not
exercise the retrieval stack; (iii) POA does not measure
output quality (correctness against a live tier oracle is
future work). The primary routing-policy evidence is the
1.2M real-user-query benchmark in Section [V-A; the 20-
query live pilot supplies the only measured API-spend
numbers (Tables M, ) , @), the N 5,000
synthetic benchmark provides statistical power on the
routing decision in isolation.

I. Per-Mechanism Ablation (C5)

Table reports a leave-one-out ablation on the 20-
query pilot: each run removes one Lightify mechanism
while holding the other four fixed. The aim is to expose the
marginal contribution of each mechanism to Tier-1 routing
rate and per-query cost; all numbers are from the same
20-query set and inherit the pilot’s statistical limitations.
Removing CDDR, forces all queries to Tier-3 (cost-blind
cascade); removing MCD routes contradictions through
Tier-1 without conflict-aware escalation; removing CDPS
eliminates the local-tier speedup; removing CSE permits
under-retrieved queries at Tier-1; removing SECR is cost-
neutral on the pilot and is included for completeness.
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TABLE XII
Per-mechanism leave-one-out ablation on the 20-query pilot. “Safety” is the rate at which MCD-planted contradictions escalate above
Tier-1. “T1 rate” is the fraction of queries routed to the local tier. Safety = 0.00 for the —MCD row is the expected null case: no
contradictions are detected when MCD is disabled.

Configuration T1 rate Avgcost Avg lat (ms) Safety
Full Lightify 0.55 $0.037 8,019 1.00
— CDDR (force T3) 0.00 $0.087 11,162 1.00
— MCD (no conflicts) 0.70 $0.028 7,400 0.00
— CDPS (verbose) 0.55 $0.041 9,800 1.00
— CSE (no coverage) 0.65 $0.033 8,100 1.00
— SECR (no shorthand) 0.55 $0.037 8,050 1.00

TABLE XIII
Fair-baseline ablation (C4). All rows use identical retrieval and
CDPS-shaped prompts; only the tier-selection policy differs.
Numbers are per-query averages on the 20-query pilot.

Policy (with retrieval + CDPS)  Avg cost  Avg lat (ms)
Tier-forced Haiku $0.019 6,800
Tier-forced Sonnet $0.034 10,900
Tier-forced Opus $0.078 10,400
Lightify (CDDR + MCD) $0.037 8,019

J. Fair-Baseline Ablation (C4)

A _frequent_reviewer concern is that baselines in Ta-
ble [V| and do not receive CDPS-shaped prompts or
conflict-aware _cascades, making any headline comparison
unfair. Table reports a controlled ablation in which
each baseline is given identical retrieval output and CDPS-
shaped prompts; only the tier-selection policy changes.
The table isolates the contribution of Lightify’s routing
policy from the contribution of its retrieval and prompting.
Note that Lightify ($0.037) costs more than Tier-forced
Haiku ($0.019) on the 20-query pilot: this is expected,
as the pilot includes conflict and cold-knowledge queries
that trigger MCD-driven escalation to Tier-2 or Tier-3; a
Haiku-only policy would handle those queries incorrectly
at lower cost.

K. Evaluation Methodology for Full Study

The following methodology, adapted from the evaluation
protocols of Frugal GPT [[7] and RouteLLM [§], will be used
for the full-scale evaluation:

Oracle construction. For each query ¢;, run through all
three tiers independently. The cheapest tier producing a
correct answer is labeled ¢;. Correctness is defined dual-
track: for closed-form queries, exact match against the gold
answer; for open-ended queries, a GPT-40 judge scores
the response under the rubric below, and a response is
deemed correct when its Correctness sub-score (weight
0.50) exceeds 0.75 on a 0-1 scale. This binary correctness
flag is computed before any routing metric.

Routing metrics. Routing Accuracy (RA): fraction
matching the cheapest correct tier (live per-query oracle;
to be used only here, not in the synthetic or 1.2M bench-
marks of this paper, which report POA instead). Over-
Spend Rate (OSR): fraction routed to a more expensive

tier than necessary. Under-Spend Rate (USR): fraction
routed too cheaply, producing incorrect answers.

Quality scoring. Dual-track: exact match for closed-form
benchmarks (MMLU-Pro [30], HumanEval+ [31]); LLM-
as-judge (GPT-4o, following MT-Bench protocol [29]) with
rubric = 0.50 x Correctness 4+ 0.30 x Completeness +
0.20 x Conciseness for open-ended queries.

Statistical rigor. N > 500 queries, 95% bootstrap
confidence intervals, McNemar’s test for accuracy com-
parisons, Wilcoxon signed-rank for cost, Holm-Bonferroni
correction.

VI. Discussion
A. When Lightify Adds Value over a Bare Harness

The benefit of Lightify as a governance middleware
increases with: (1) knowledge-base size, since more mem-
ory items create more potential conflicts; (2) update
frequency, since frequent changes amplify temporal drift;
(3) domain specificity, since internal tools, versioned APIs,
and policy documents evolve faster than general knowl-
edge; and (4) query volume, since the cost differential
between local and frontier inference compounds with scale.
A harness without Lightify-like governance must hand-
code each of these concerns at the application layer.

B. Comparison with Query-Aware Routers

One may argue that a single mid-tier model (e.g.,
“always Sonnet”) achieves comparable cost savings with
less complexity. Our benchmark partially supports this
observation, as Sonnet handled most queries adequately.
However, three distinctions remain: (1) a single-tier strat-
egy cannot detect knowledge conflicts and will serve
contradictory answers without escalation; (2) it provides
no path to zero-cost inference, whereas Lightify’s local tier
does; and (3) CDPS produces more focused answers on the
20-query pilot (see the Tok Out column of Table [V|, where
Lightify emits 22 tokens against 272—1,004 for the single-
tier baselines), reducing downstream processing cost.

The stronger algorithmic comparison is with Au-
toMix [J]. AutoMix self-verifies per query but cannot
detect drift across queries, nor does it expose its routing
choices at the runtime layer of an agent harness. For static
knowledge bases, AutoMix suffices. For evolving knowl-
edge bases served by an agent harness—the scenario this
paper targets—retrieval-confidence routing and conflict



detection provide signals that AutoMix fundamentally
lacks.

VII. Limitations

1) Oracle scope: POA vs. per-query live correctness.
The primary routing-policy result is the 1.2M real-
user-query benchmark, but it is scored as Policy-
Oracle Agreement against a category-level oracle,
not as routing correctness against per-query live-
tier outputs. A live per-query oracle—running each
tier against each query and scoring correctness via
the rubric in Section [V- would replace POA
with true routing accuracy on a subset such as
MMLU+GSMS8K with gold answers; this subset eval-
uation is the next concrete empirical step. The 20-
query live pilot is the only source of measured API
spend and is not itself a routing-policy evaluation.

2) Keyword-based quality metric. The current
keyword-match  metric  penalizes conciseness,
systematically under-scoring Lightify relative to
verbose baselines. An LLM-as-judge evaluation with
a correctness-focused rubric is needed to assess true
quality.

3) Uncalibrated confidence scores. Both the routing
thresholds (71=0.45, 75=0.30) and the sigmoid shap-
ing parameters (A, B) are hand-tuned rather than
learned. Platt-style calibration on a held-out query
set is a prerequisite for production deployment.

4) Keyword-level MCD. The 32-pair antonym dictio-
nary and simple negation detection miss semantic
contradictions without lexical overlap. The 200-pair
stress evaluation yielded precision 0.943 but recall
0.330; in particular, MCD misses the version-bump
(0/10) and team-change (0/5) realistic-deployment
slices, which are the most common real-world contra-
diction shapes. Embedding-based conflict detection
is left for future work.

5) No temporal drift benchmark. The claim that
retrieval-confidence routing with MCD is safer when
knowledge evolves requires a time-evolution evalua-
tion with deliberate knowledge mutations. This is
the highest-priority future experiment.

6) Baseline_scope._The LangGraph-style baselines in
Tables and [[I] are hand-coded policies written
by the authors using LangGraph primitives, not
official LangChain artifacts; they measure what
a LangGraph user can achieve without writing
a retrieval-confidence routing primitive, not Lang-
Graph’s expressive ceiling. A learned-router baseline
such as RouteLLM is the natural comparison and is
identified as future work.

VIII. Security Considerations

Lightify introduces two attack surfaces requiring miti-
gation:

Memory poisoning via background learning. The usage-
update loop can amplify adversarial content. Mitiga-
tions include confidence caps on Tier-1-originated content,
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content-hash deduplication, and automatic pruning of low-
confidence items. See OWASP LLM Top 10 [2§] for a
broader threat taxonomy.

Prompt injection via compressed memory. Compressed
memory items in the context block could contain adver-
sarial instructions. Mitigation uses XML-tag structural
separation of instructions and data.

IX. Future Work

1) Temporal drift benchmark: Programmatically mu-
tate the knowledge base across simulated time steps
and measure whether Lightify escalates on stale
answers that Gemma alone serves confidently.

2) Embedding-based retrieval and conflict detection to
replace FTS5 keyword matching and the limited
antonym dictionary.

3) Learned router trained on historical (¢, C,t*) tuples,
replacing the heuristic threshold cascade.

4) Parallel dispatch: Run Tier-1 and Tier-2 simultane-
ously, return the first adequate response, drawing on
speculative decoding [2(0] to reduce cascade latency.

5) Formal Platt calibration of confidence scores on held-
out evaluation sets with reliability diagrams.

X. Conclusion

We presented Lightify, an open-source middleware layer
for agent harnesses that provides cost-aware tier routing,
local-first inference, memory conflict detection, automatic
escalation, and confidence-driven prompt shaping as run-
time primitives. A structured survey of six major harnesses
(Claude Agent SDK, LangGraph, AutoGen, CrewAl,
OpenHands, Llamalndex Agents) shows these primitives
are uniformly left to the application developer.

Empirically, Lightify routes queries with consistent,
high-confidence context to a local tier at zero API cost
on the illustrative single-query example in Section
On a large-scale real-query benchmark assembled from
five public corpora (MS MARCO, WildChat, Natural
Questions, MMLU, and GSMS8K; N = 1,197,316 exact-
string unique queries), CDDR reaches a 95% Wilson
CI of [0.957,0.958] for Policy-Oracle Agreement (POA)
on the English-language subset (1,043,220 rows, 87.1%
of the benchmark by ASCII-strict detection), at per-
query projected cost 98% below a Naive Opus-only
baseline. The 1.2M aggregate POA of [0.912,0.913] is
inflated by the dominance of factoid-lookup corpora (MS
MARCO+NQ+MMLU = 77% of rows, unconditionally
Tier-1 by oracle construction) and is reported as compo-
sitional disclosure, not headline; per-source POA ranges
from 1.000 on lookup corpora to 0.625 on WildChat and
0.607 on GSMBSK, and the non-English subset (essen-
tially non-ASCII WildChat) sits at 0.604. Per-query cost
throughout the 1.2M benchmark is a tier-cost projection
applied to routing decisions, not measured API spend.
An MCD stress evaluation on 200 hand-authored con-
tradiction and control pairs yields precision 0.943 and
recall 0.330, establishing that MCD’s operating range is



high-precision within its lexical signal set and does not
cover the version-bump (0/10) and team-change (0/5)
realistic-deployment slices. The lexical action overlay is
net-additive on code and reasoning queries and bounded
on lookup/cold-knowledge queries; per-category dispatch
and embedding-based action classification are identified as
concrete extensions. A full per-query live-oracle evaluation
is reserved as future work.

The broader claim of this paper is architectural: gover-
nance primitives that every current harness pushes to the
user (cost, locality, conflict, escalation) can and should
be provided as composable runtime services beneath the
agent loop.
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