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Motivation & Semantic Pyramid Indexing

Streaming RAG, uniform ANN

Workload W = {(qt, t)} ∪ {(d, tarr
d )} on VecDBs (Milvus, Qdrant, Weaviate). A uniform index stores

ed ∈ RD and answers every q by

d̂(q) = arg max
d∈D

sim(q, ed) or ANN G̃K(q) ≈ GK(q).

“Resolution” is semantic discriminability (separating d+ from d−), not the retrieval unit (always
documents). Broad q (“Who discovered gravity?”) needs only a shallow high-entropy e(1); fine q
(“Equation in Newton’s third-law paper”) needs e(L) that splits near-duplicates. Forcing ℓ ≡ L wastes
compute when ℓ∗(q)≪L and may leave ∆L(q) < τ . Inserts either block (rebuild) or degrade (lazy
append).
Similarity margin and ℓ∗(q)

∆ℓ(q) = Ed+

[
sim(q(ℓ), e(ℓ)

d+)
]
− Ed−

[
sim(q(ℓ), e(ℓ)

d−)
]
,

sim(u, v) = u⊤v/(∥u∥ ∥v∥). The optimal depth is the first separable level:

ℓ∗(q) = min
{
ℓ

∣∣∣∣ ∆ℓ(q) ≥ τ
}
.

Evaluating ℓ∗(q) is infeasible online; SPI approximates it from q(1) via a controller. Expected cost
under a well-calibrated router:

E[TSPI(q)] ≤
ℓ∗(q)∑
ℓ=1

pℓ · O
(
|Cℓ| log |Cℓ|

)
+ O(dq),

where pℓ = Pr[ℓfinal = ℓ] and O(dq) is the 0.8 ms controller.
SPI ̸= hierarchical ANN

HNSW / SPANN organise geometry with fixed traversal πgeo. SPI organises meaning: the same D
is stored as

ed =
(
e(1)

d , . . . , e(L)
d

)
, e(ℓ)

d ∈ RDℓ, D1 ≥ · · · ≥ DL,

and routes q 7→ ℓfinal(q) ≈ ℓ∗(q). Each I(ℓ) = Index({e(ℓ)
d }d∈D) is FAISS IVF–PQ or Qdrant HNSW—

orthogonal to CAGRA / DiskANN.

Enter at ℓ=1; descend only while ∆ℓ(q) < τ .
Two-phase architecture

Phase 1 (offline). Learn {fℓ, gℓ}L
ℓ=2 by InfoNCE L(ℓ)

retr = − log e
sim(q(ℓ),e(ℓ)

d+)/κ

∑
d esim(q(ℓ),e(ℓ)

d
)/κ

.

Phase 2 (online). Serve {I(ℓ)}, append-only inserts, LSH over N nodes. Decoupled: any
compatible encoder (e.g. MRL) can plug into Phase 2.

Contributions

1. Index. Query-adaptive pyramid I = {I(ℓ)}L
ℓ=1 with C1 ⊇ C2 ⊇ · · · ⊇ Cℓfinal and |Cℓfinal| = K.

2. Guarantee. If γ(q, ℓ′) > 2δℓ, then GK(q, ℓ) = GK(q, ℓ′) (Thm. 1): early exit is exact.
3. Systems. 1.4–2.3× latency at matched Recall@10; S(8) = 6.3× (78.6% efficiency); FAISS/Qdrant

plugin.

Method: Pyramid, Control, Streaming

Residual pyramid

Level 1 is frozen Contriever, e(1)
d ∈ R768. For ℓ ≥ 2, a patch-Transformer fℓ (≈ 5M) is trained on pairs

with ∆ℓ−1(q) < τ :
e(ℓ)

d = fℓ

(
e(ℓ−1)

d

)
+ Wℓ e(1)

d , Wℓ ∈ RDℓ×D1.

Default (D1, D2, D3) = (768, 512, 256). Split e ∈ RDℓ−1 into K patches of size p = Dℓ−1/K
(ℓ=2: K=12, p=64; ℓ=3: K=8, p=64), prepend [CLS], two blocks (H=4). Query side is dual-
encoder, unshared: q(ℓ) = gℓ(q(ℓ−1)), fired only if the controller proceeds. Encoding cost
T q,ℓ

enc ∈ {8.1, 3.9, 1.8} ms, so ∑ℓfinal
ℓ=1 T q,ℓ

enc ∈ [15.1, 24.9] ms. Documents encode asynchronously and
never block queries. Each level is independently partitioned: I(ℓ) = ⋃N

i=1 Index({e(ℓ)
d }d∈Di

).
InfoNCE at level ℓ plus consistency:

Ltotal =
L∑

ℓ=1
αℓ L(ℓ)

retr + β Lcons + γ Lreg,

Lcons =
L−1∑
ℓ=1

∥∥∥∥e(ℓ)
d − projℓ(e

(ℓ+1)
d )

∥∥∥∥2
2, αℓ = 1

L, β = 0.5, γ = 0.01.

After training, ∆ℓ(q) ≥ ∆ℓ−1(q) on queries routed to ℓ.
Precision, pools, memory

Nℓ =
⌊
N1

∏
k<ℓ rk

⌋
, N1=1000, (r1, r2) = (0.20, 0.05). bℓ = min(32, 8 · 2ℓ−1) ⇒ (8, 16, 32). Quantization

δq
ℓ ≤ ∥e∥∞/2bℓ−1 satisfies δq

ℓ · ∆ℓ(q) ≪ τ .

Mstore = |D| ∑
ℓ

Dℓ
bℓ

8 , Mactive(q) = ∑
ℓ≤ℓfinal

NℓDℓ
bℓ

8 .

Progressive retrieval and LSH

C1,i = TopN1/N

(
sim(q(1), {e(1)

d }d∈Di
)

)
, C1 = ⋃

i C1,i.

Deeper levels re-score the retained set:

Cℓ,i = TopNℓ/N

(
sim(q(ℓ), {e(ℓ)

d }d∈Cℓ−1∩Di
)

)
.

Always |Cℓfinal| = K. Local top-(kℓ + δ) with slack δ = ⌈kℓ/
√

N⌉. LSH cell hLSH(e) = arg mini ∥e − ci∥;
leakage O(εℓ/δ2

LSH) < 2%. EMA Li(t) = αLi(t−1) + (1−α)Qi(t), α=0.9; i∗ = arg mini Li(t) over async
gRPC.
Controller

pk = |q(1)
k |∑

j |q(1)
j |

, H(q(1)) = −
D1∑

k=1
pk log pk, (ℓ̂, σℓ) = gctrl(q(1), H).

ℓfinal =

ℓ̂, σℓ ≤ θ,

min(ℓ̂ + 1, L), σℓ > θ,
θ = 0.35.

Oracle fold (disjoint 80/10/10): ℓ∗
q = min{ℓ | R@100(ℓ) ≥ 0.99 · R@100(L)}, CE + temperature T=1.2.

In-domain 87.5% (45/32/23% at ℓ = 1, 2, 3); OOD (BEIR Quora/FiQA) 82.1%, still ≥ 3.8× vs. full depth.
Streaming and Thm. 1

Steady state: D(ℓ)(t) = D. Online: D(ℓ)(t) = {d | tarr
d + T

(ℓ−1)
ins ≤ t}, so D(1)(t) ⊇ · · · ⊇ D(L)(t).

Level 1 is synchronous (T (1)
enc ≈ 8 ms); ℓ ≥ 2 is async, T

(ℓ)
ins = T (1)

enc + O(Dℓ/Benc). Re-anchor ê(ℓ)
d =

projℓ(e
(ℓ)
d ) + Wℓe(1)

d .

Theorem 1. Ed∥e(ℓ)
d − projℓ(e

(ℓ′)
d )∥2

2 ≤ εℓ gives δℓ = √
εℓ < 0.18 and

∣∣∣∣sim(ℓ) − sim(ℓ′)
∣∣∣∣ ≤ 2δℓ. If

γ(q, ℓ′) = mind∗∈GK , d′ /∈GK
[simd∗ − simd′] > 2δℓ, then GK(q, ℓ) = GK(q, ℓ′).

Experiments & Takeaways

Setup (Q1)

Single node: RTX 4090 24 GB, i9-13900K, FAISS 1.7.4. End-to-end latency (no LLM) T = Tenc +
TANN + Tctrl, K=10.

R@K = |GK∩Rel|
min(K,|Rel|), QPS = 103/Tms.

6980 MS MARCO + 3610 NQ; default L=3, IVF–PQ.

Method R@10 NDCG ms GB

Contriever 85.2 76.4 120 7.2
ColBERTv2 89.3 80.1 108 5.8
SPANN 86.8 77.0 115 5.9
HNSW (flat) 87.1 77.4 122 6.2

SPI 90.1 81.2 35 4.2
Macro-average. Vs. SPANN: 2.8× faster, +3.3 R@10. QPS 8.1 → 28.6.

Depth L and controller
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(a) Pyramid depth L trade-off
(recall / speed / memory, band = ±1 std)
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(b) Adaptive controller
(Recall@10 vs. latency, error bars = ±1 std)
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Knee at L=3: (R@10, T, M) = (90.1, 35 ms, 4.2 GB). Adaptive: R@10: 90.1→89.8 for T : 82→35 ms,
Pr[ℓfinal=1, 2, 3] = (0.45, 0.32, 0.23).
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(a) Component ablation: Recall@10 vs. Latency
(error bars = ±1 std over 5 runs)
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Ablation: Multi-Res alone leaves T ≈Tfull; gctrl is required for early exit. Full SPI: R@10 = 90.8 at
T = 35 ms on MS MARCO.

Streaming (Q2) and scaling (Q3)

Burst |Dnew|=103 at 100 QPS: T
(2,3)
ins = 47 ms p95, ∆R@10 ≤ 0.6. Complementary to IP-DiskANN /

Quake. Corpus |D|∝N (1M→16M); LSH on e(1)
d .

S(N) = T (1)
T (N)

, η(N) = S(N)
N

, Tdist ≤ Tseq
N + Tnet + Tsync.

Nodes N Docs ms QPS S(N)

1 1M 22 45.5 1.0×
4 4M 26 153.8 3.4×
8 8M 28 285.7 6.3×
16 16M 33 483.4 10.6×

η(8) = 78.6%. η(16) = 66.4% (Tnet/T ≈ 0.20).
Takeaways

• Put ℓfinal(q) in the VecDB index, not in the RAG pipeline config.
• Early exit is exact whenever γ(q, ℓ′) > 2δℓ (Thm. 1).
• Streaming freshness and geometric repair are composable: I(1) can sit on IP-DiskANN / Quake.
• Operating point: L=3, bℓ ∈ {8, 16, 32}, Dℓ ∈ {768, 512, 256}.
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