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Abstract

Agentic LLM pipelines face escalating infer-
ence costs as context accumulates across re-
trieval, tool use, and multi-turn interactions.
To control latency, deployments routinely com-
press inputs, but this degrades task accuracy.
Speculative decoding (SD) accelerates gen-
eration losslessly, yet it assumes the drafter
and verifier share an identical context, prevent-
ing SD from resolving the accuracy—overhead
trade-off. We propose ASYMSPEC, an asym-
metric speculative decoding framework that
breaks this symmetry: a lightweight drafter
reads the full input while the large verifier oper-
ates on the compressed view. The drafter steers
the verifier via a contrastive d-fusion of logits,
modulated by a divergence-aware acceptance
gate that preserves verification stability and
high draft acceptance rates. Evaluated across
four agentic capabilities and two end-to-end
agent benchmarks, ASYMSPEC reaches ~90%
of full-context accuracy on average, deliver-
ing 1.3-1.7x throughput speedups at 0.2-0.3 x
the compute cost on isolated text capabilities.
These results show that asymmetric context ac-
cess yields substantial gains precisely when
compression discards critical reasoning signals.

1 Introduction

Modern LLM deployments increasingly operate
as agentic pipelines—retrieving documents (Lewis
et al., 2020; Gao et al., 2023; Wu et al., 2025a), in-
voking tools (Yao et al., 2023; Schick et al., 2023),
maintaining multi-turn dialogue and memory (Sird-
eshmukh et al., 2025; Zhang et al., 2025b; Wu et al.,
2025b), and processing multimodal inputs (Liu
et al., 2023). These settings issue repeated LLM
calls over context that grows with every step. As re-
trieved passages, tool observations, and interaction
histories accumulate, the forward pass becomes
the dominant latency bottleneck, making context
length the primary driver of inference overhead in
production.

To control this overhead, deployments routinely
compress the context (Pan et al., 2024b): RAG
pipelines summarize retrieved passages, tool-use
agents pass only API signatures instead of full doc-
umentation, and multimodal workflows feed short
captions instead of raw images. Compression re-
duces serving cost but systematically discards fine-
grained details critical for task accuracy. Deploy-
ments thus face a rigid accuracy—overhead trade-
off: absorb the prohibitive latency of full-context
generation, or accept significant degradation.

Speculative decoding (SD) (Leviathan et al.,
2023; Chen et al., 2023) has become the stan-
dard approach for accelerating LLLM inference: a
lightweight drafter proposes candidate tokens that
a large verifier checks in parallel, guaranteeing loss-
less generation under the target distribution. De-
spite extensive improvements to drafter architec-
tures (Li et al., 2024c; Cai et al., 2024; Li et al.,
2024b) and contrastive logit fusion in the specula-
tive loop (Yuan et al., 2023), all existing SD meth-
ods share a foundational constraint: drafter and
verifier process the same input tokens. SD accel-
erates a fixed target distribution without changing
what the target model sees; once the verifier is com-
pressed, SD can only accelerate the compressed
model—it cannot recover what compression re-
moved. Either both models pay the full-context
cost, or both inherit the compression loss.

Our key observation is a structural compute
asymmetry: per-step latency is dominated by the
large verifier, while a lightweight drafter adds neg-
ligible overhead. Compressing only the verifier
captures most of the latency savings, but standard
SD cannot exploit this because it enforces identi-
cal input. We break this symmetry with ASYM-
SPEC, an asymmetric speculative decoding frame-
work that explicitly decouples context access. The
verifier operates strictly on the compressed view
for efficiency, while the drafter reads the full in-
put to reconstruct the discarded information. We
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realize this recovery through a contrastive mecha-
nism: the drafter processes both context views, and
subtracting their output distributions removes the
drafter’s context-independent preferences, isolating
the information gain the uncompressed input pro-
vides. This gain signal, ¢, is fused into the verifier’s
logits and modulated by a parameter-free Context-
Divergence Acceptance (CDA) gate. By scaling
injection strength with the context divergence, the
gate maintains stable verification and high accep-
tance rates. Since only the drafter processes the
full input, ASYMSPEC recovers full-context rea-
soning fidelity at the compressed verifier’s latency,
and extends to cross-modal settings (e.g., a vision—
language drafter on raw images steering a text-only
verifier on captions).

Contributions.

1. We propose ASYMSPEC, a context-
asymmetric speculative decoding framework:
the verifier runs on a compressed view
while the drafter consumes the full input,
opening an operating point—compressed cost
with near-ceiling accuracy—inaccessible to
symmetric SD, and extending naturally to
cross-modal settings.

2. Two coupled mechanisms instantiate the
framework: a same-model cross-context
d-fusion that cancels drafter capacity bi-
ases to isolate the context-gain signal, and
a parameter-free Context-Divergence Ac-
ceptance (CDA) gate that bounds steering
strength without per-dataset tuning.

3. Across four agentic capabilities and two end-
to-end agent benchmarks, ASYMSPEC recov-
ers ~90% of full-context accuracy at 0.2—
0.3x compute and 1.3-1.7x throughput.

2 Related Work

2.1 Speculative decoding

Speculative decoding (SD) (Leviathan et al., 2023;
Chen et al., 2023) accelerates autoregressive gener-
ation by having a lightweight drafter propose candi-
date tokens that a large verifier validates in parallel,
preserving the target distribution via rejection sam-
pling. Subsequent work improves drafter quality
(EAGLE (Li et al., 2024c,b, 2025b), Medusa (Cai
et al., 2024)) or targets long-context inference la-
tency via hierarchical or sparse-KV speculation
(TriForce (Sun et al., 2024), MagicDec (Sadhukhan
et al., 2025)). All these methods feed the drafter

and verifier the same input tokens, even when KV-
cache structure differs across stages. This sym-
metry prevents SD from exploiting the compute
asymmetry inherent in long-context decoding. We
relax this constraint in §3, letting the two models
operate on distinct context views without breaking
the speculative verification loop.

2.2 Context compression

Context compression is the standard mechanism for
reducing long-context inference overhead (Lv et al.,
2026b). Hard-prompt methods prune tokens by im-
portance (LLMLingua (Jiang et al., 2024; Pan et al.,
2024b)), soft-context approaches learn compact la-
tents (Gist Tokens (Mu et al., 2023), ICAE (Ge
et al., 2024)), and KV-cache techniques operate
directly on cached states (StreamingLLM (Xiao
et al., 2024), SnapKV (Li et al., 2024a)). Compre-
hensive surveys (Li et al., 2024d) document these
approaches. Across this literature, accuracy degra-
dation is treated as an unavoidable cost. We treat
any compressor as a black box and show in §3 how
a full-context drafter can systematically recover the
discarded information, turning compression from a
lossy shortcut into a steerable efficiency knob.

2.3 Contrastive decoding and logit fusion

Contrastive decoding (Li et al., 2023b) improves
generation quality by subtracting an amateur
model’s logits from an expert’s, amplifying expert-
specific signals. This principle has been extended
to multi-step reasoning (O’Brien and Lewis, 2023)
and integrated into the speculative loop as Spec-
ulative Contrastive Decoding (SCD) (Yuan et al.,
2023). However, SCD and its variants operate on
a single shared context, using logit differences to
bridge a model-capacity gap. The same subtractive
principle has also been used to remove content-
independent positional priors with CapCal (Lv
et al.,, 2026a), mitigate linguistic inertia after
reasoning-chain compression with LICD (Zhang
et al., 2026b), and transfer local context-induced
preferences to a remote model with CoSteer (Lv
et al., 2025). Together, these methods frame logit
differences as signal isolators. ASYMSPEC brings
this view into speculative verification: both logit
terms come from the same drafter under full and
compressed context views, so 4 isolates the con-
text gain rather than a model-capacity gap. We
formalize this cross-context transfer and its bias-
cancellation property in §3.2.



2.4 Asymmetric and multimodal speculation

Recent work has begun to explore asymmetric con-
figurations. RAPID (Chen et al., 2025) adopts an
inverse design: a retrieval-truncated drafter steers
a full-context verifier to inject external knowledge,
prioritizing full-context fidelity at full-context la-
tency. Speculative RAG (Wang et al., 2025b) drafts
answer candidates from retrieved-document sub-
sets and then verifies them. Concurrent multi-
modal SD methods (SpecVLM, Spec-LLaVA, ViS-
pec (Huang et al., 2025; Huo et al., 2025; Kang
et al., 2025); MASSYV (Ganesan et al., 2025)) focus
on visual-token prefill acceleration or keep both
models within a single modality. SD2 (Berdoz
et al., 2026) reverses the steering direction by con-
ditioning the drafter on verifier signals. SpecSteer
uses asymmetric local-cloud speculation, keeping
private personalization context with a local drafter
while drawing on cloud-scale reasoning (Lv et al.,
2026c¢). Across these designs, asymmetry serves
personalization and privacy, retrieval allocation,
or modality-specific acceleration. ASYMSPEC in-
stead uses asymmetric context access to change
the efficiency operating point: a rich-input drafter
compensates for a strictly compressed verifier, re-
covering accuracy at compressed-verifier latency
(§3; design-space comparison in Table 8).

2.5 Speculation in agentic settings

Most SD work targets single-turn generation; long-
context variants (Sun et al., 2024; Sadhukhan et al.,
2025) extend the regime but remain prompt-level.
Recent agent-oriented methods accelerate the deci-
sion loop by speculating over high-level action se-
quences (Ye et al., 2025), tool invocations (Nichols
et al., 2025), or plans (Hua et al., 2024). Dyna-
Think likewise reduces inference cost by choosing
between fast and deliberative reasoning at the re-
quest level (Pan et al., 2024a). Such action- and
request-level mechanisms are orthogonal to token-
level decoding engines. We demonstrate in §5.3
that ASYMSPEC composes with live agentic loops,
providing token-level accuracy recovery whenever
tool outputs or retrieved contexts are compressed
online.

3 Method

3.1 Problem setup

Let L be a large verifier and S a lightweight drafter
(|S| < |L|). A task provides a full prompt y;
a black-box compressor produces a compressed

View Zcomp With [Zeomp| < |Zsun|. Per-step latency
is dominated by L’s forward pass, which scales
super-linearly with context length. This overhead
structure defines two baseline operating points:

e L(- | xfn): peak accuracy, but prohibitive
latency in agentic loops;

* L(- | xcomp): low latency, but accuracy de-
graded by compression.

Compressing only L’s input captures the major-
ity of latency savings, while S’s extra forward on
2 remains far cheaper than the verifier’s saved
forward on xg). Standard speculative decoding
cannot exploit this asymmetry because it forces
identical context access. ASYMSPEC explicitly de-
couples the two: L operates strictly on x¢omp for
efficiency, while S reads zyg; to reconstruct dis-
carded information.

3.2 Contrastive §-fusion

Each speculation step executes three forward
passes over the current sequence (Figure 1a):

1. Augmented drafter: S(zg) produces logits
a and samples K draft tokens di.x .

2. Base drafter: S(zcomp) produces logits b at
the same K + 1 positions.

3. Verifier: L(xcomp) scores all K drafts in par-
allel, yielding logits ¢.

We define the context-gain signal in logit space:
0; = a; — b, (1)

where a;, b; € RIVI are the per-position logits. Sub-
tracting b; from a; removes the drafter’s context-
independent preferences, isolating the shift induced
by the additional context. Upon draft rejection, &;
is fused into the verifier’s distribution:

d; = argmax (ti + B 51-), 2)

where 8 € [0, 1] controls the steering strength.
This injection shifts the verifier’s prediction toward
what the full-context input would have produced,
without requiring L to attend to xgyj.

3.3 Context-divergence acceptance (CDA)

When the full and compressed views diverge
sharply, a fixed acceptance threshold ~ usually
over-rejects the drafts and wastes context-gain sig-
nals. We replace it with a threshold that relaxes pro-
portionally to context divergence, instantiating the
per-position divergence D; as the Jensen—Shannon
divergence (JSD):
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Figure 1: ASYMSPEC speculation step. (a) Drafting & verification: drafter S reads xy (logits a, drafts d;.x) and
Zeomp (logits b); verifier L reads xcomp (logits t). (b) CDA gate & J-fusion: ~(¢) relaxes as full-vs-compressed
divergence grows; accepted drafts are committed, otherwise the J-fused arg max is emitted. Only S consumes ;.

Vet (1) = 7 - exp(—D;),
D; = JSD(softmax(a;) || softmax(b;)).

We choose JSD specifically for its strict upper
bound, which guarantees et € [v/2, 7] without
clipping or introducing additional hyperparame-
ters; the exponential form is the unique solution
to a multiplicative-composition axiom (derivation
in Section A). A large D; signals context-induced
divergence (not capacity-induced)—these are the
positions where the compressed verifier most likely
under-scores useful full-context drafts, so relaxing
acceptance there is appropriate. The drafted token
d; is accepted ift:

[softmax(t;)]q, > "etr(?) - [softmax(b;)]q,. (4)

3)

Upon the first rejection, we emit the d-fused token
from Equation (2) (Figure 1b). The mechanism
degenerates to standard verification on Z¢omp When
f = 0and v = 1. The strict range Yest € [7/2,7]
keeps the acceptance criterion stable across posi-
tions, preserving predictable draft acceptance rates
even under severe compression. Unlike standard
SD, ASYMSPEC does not preserve a strict tar-
get distribution; it is a speculative-style steering
scheme calibrated for greedy emission.

3.4 Cross-modal extension

Cross-modal asymmetry follows directly from the
framework. Since drafter and verifier share an out-
put token vocabulary V, the signals § € RVl and
Yetf € R are computed entirely on the output side
(Equations (1) to (4)) and remain well-defined re-
gardless of the drafter’s input modality: a vision—
language drafter can process raw images as Ty
while a text-only verifier reads captions as Zcomp,

with the speculative loop unchanged. The vision
encoder runs once per request and its outputs are
cached on the drafter’s KV side, so the per-token
overhead of cross-modal § vanishes at long genera-
tions and asymptotically matches that of text-only
ASYMSPEC. Routing vision embeddings through
the speculative engine’s drafter prefill is a non-
trivial vVLLM modification detailed in Section E.

4 Experiments

4.1 Tasks & compression protocol

We evaluate four isolated agentic capabilities under
realistic compression: long-context multi-hop QA
(LongBench (Bai et al., 2024), using its three multi-
hop subsets), multi-turn instruction following (Mul-
tiChallenge (Sirdeshmukh et al., 2025)), tool use
(API-Bank (Li et al., 2023a)), and multimodal rea-
soning (MathVista (Lu et al., 2024)). End-to-end
agentic performance is measured on GAIA (Mi-
alon et al., 2024) and SimpleQA (Wei et al., 2024),
orchestrated via the smolagents (Roucher et al.,
2025) framework. We enforce a strict asymmet-
ric protocol across all benchmarks: the verifier
receives only a compressed view (e.g., per-turn
LLMLingua-2 (Pan et al., 2024b) summaries or
API signatures), while the drafter reads the full
uncompressed input. Dataset statistics, compres-
sion ratios, and metrics are summarized in Ta-
ble 9; per-benchmark compression pipelines and
tool-execution protocols are in Section B.

GAIA harness. GAIA runs through the smola-
gents CodeAgent ReAct loop with cached Duck-
DuckGo search and visit-webpage as the only tools,
identical across both ASYMSPEC variants reported



Algorithm 1 ASYMSPEC Decoding

Require: Verifier L, drafter .S, prompts Zfui, Teomp, Spec
length K, threshold v € (0, 1], fusion weight 3 € [0, 1]
Ensure: Generated sequence y
1oy <]
2: while generation not complete do
3: Autoregressively sample di.x from S(zqn @ y) (KV
cache reused); let a1.x 41 be the logits at the correspond-
ing positions
4 bi:k+1 < S(Zeomp DY D di1.x) at the same positions
5: t < L(Teomp ® Yy B di:x)
6: for i = 1to K do
7.
8
9

51’ — a; — bl
D; < JSD(softmax(a;) || softmax(b;))
: Yett (1) = v exp(—D;)
10: end for

11: accepted <— True

12: fori =1to K do

13: if [softmax(ti)]a, > ett(Z)[softmax(b;)]a,
then

14: Yy <y [di]

15: else

16: y < y @ [arg max(t; + £0;)]

17: accepted < False; break

18: end if

19: end for

20: if accepted then

21: y < y & [argmax(tx41)]

22: end if

23: end while

24: return y

in Table 4. The first variant uses our default Qwen3-
4B text drafter, same as every other benchmark in
this paper. The second variant swaps the drafter to
Qwen3-VL-2B-Instruct so it can read image attach-
ments directly through the cross-modal patches of
Section E; the verifier still receives pre-computed
VL captions, as it cannot consume pixels. Com-
pression, K =2, and 5=1.0 are shared across both
runs; the two variants differ only in drafter capacity
and in whether image attachments reach the drafter
as pixels or as captions.

4.2 Models & hyperparameters

Our primary experiments use Qwen3-32B (Yang
et al., 2025) as the verifier; Section D addition-
ally evaluates Llama-3.3-70B-Instruct and Llama-
3.2-3B-Instruct (Llama Team, 2024) in same- and
cross-family Qwen—-Llama pairings. Qwen3 of-
fers open weights at 0.6B/1.7B/4B/32B from a
common training recipe, post-training for tool use
and multi-turn dialogue, and stable speculative-
decoding support in vLLM (Kwon et al., 2023);
primary experiments run on vLLM with the exten-
sions in Section E. For text tasks, we sweep drafter
sizes (0.6B, 1.7B, 4B) and report the 4B configu-
ration as primary; for multimodal reasoning, we
use Qwen3-VL-2B. All generation uses greedy de-

coding (7 = 0). Headline results use speculation
depth K = 2, fusion weight 8 = 1.0, and base
threshold v = 0.5. Per-benchmark output length,
context window, and harness bounds are listed in
Table 7; complete hyperparameter grids, sensitivity
analyses, and benchmark-specific drafter selections
are detailed in Section B.

4.3 Maetrics

We report task accuracy with each benchmark’s of-
ficial metric (Table 9). Efficiency is reported along
two axes: Speedup is the wall-clock token through-
put ratio over the full-context Ceiling on a single
accelerator (Table 11; Section F); FLOPs are per-
step prefill compute normalized by the Ceiling’s
verifier-only prefill, computed from the Qwen3 ar-
chitecture and measured context lengths following
Kaplan et al. (2020) (per-benchmark accounting in
Table 5). Speedup measures realized latency while
FLOPs measure energy / compute cost—the two
diverge because decoding is memory-bandwidth-
bound at 30B+ scale.

4.4 Baselines

We compare against five references: (1) Floor:
L on xcomp alone; (2) Ceiling: L on gy alone;
(3) SD: standard speculative decoding on shared
context, evaluated on gy (SD on Z¢omp matches
Floor by construction); (4) SCD (Yuan et al., 2023):
combines verifier logits ¢ with amateur logits b on
a shared context (L, S both on x¢omp here), clos-
ing a model-capacity gap at SD speed (details in
Section B); (5) RAPID (Chen et al., 2025): in-
verse asymmetric design (S on Teomp, L on xpy)—
preserves the verifier’s target distribution at full-
context compute. In cross-modal settings, the text-
only Ceiling is undefined; we use the VL drafter
alone as the reference bound. All throughput and
compute metrics are normalized to the full-context
Ceiling.

5 Results

5.1 Agentic capabilities

We first evaluate the three text-based agentic ca-
pabilities (§4). Table 1 reports accuracy and effi-
ciency, with LongBench broken into its hotpotQA /
2WikiMQA / MuSiQue multi-hop subsets. ASYM-
SPEC occupies an operating point inaccessible to
symmetric methods: it delivers near-ceiling accu-
racy while retaining compressed-verifier latency. It
reaches 87-99% of the full-context performance,



Long-context multi-hop (LongBench)

Multi-turn

Tool use

Speedup

FLOPs

Method hotpotQA  2WikiMQA MuSiQue (MultiChal.) (API-Bank) over Ceiling over Ceiling
Floor 494 52.8 32.7 234 57.7 1.17x 0.11x
Ceiling 64.9 76.5 55.0 26.4 66.1 1.00x 1.00x
SD 65.5 76.6 55.1 26.7 66.1 1.73x 1.04 %
SCD (Yuan et al., 2023) 46.6 52.7 32.0 22.6 56.7 1.04x 0.12x
RAPID (Chen et al., 2025) 63.2 75.3 52.5 25.8 64.3 1.38x 1.01x
AsymSpec (Ours) 64.0 66.8 48.4 23.5 63.5 1.45% 0.23x

Table 1: Accuracy and efficiency on isolated agentic capabilities (K=2). ASYMSPEC closes 59-94% of the
Floor—Ceiling gap on long-context multi-hop QA and tool use, at 0.23x the Ceiling’s compute—a trade-off point
inaccessible to symmetric SD or SCD. Speedup and FLOPs are averaged across the three text benchmarks; FLOPs
follow the parameters X token-ratio convention. Drafter-alone accuracy across drafter sizes is in Section H. Metric

definitions in §4.3; per-benchmark FLOPs in Table 5.

closing the Floor—Ceiling gap to 0.9-9.7 residual
points. The residual gap is structural: the verifier
remains input-constrained and cannot fully recon-
struct multi-hop reasoning chains or complex tool
dependencies from logit steering alone. Full K and
drafter-size sweeps are deferred to §6.

Baseline comparisons reinforce the design’s ad-
vantage. Standard SD preserves the target dis-
tribution but is structurally bound to symmetric
context: it either inherits the Floor’s accuracy
(on compressed input) or the Ceiling’s latency
(on full input). SCD stays at or below the Floor
across all five cells (e.g., LongBench mean 43.8 vs.
Floor 45.0; API-Bank 56.7 vs. 57.7), showing that
single-context contrastive fusion cannot recover
compression-induced loss when expert and ama-
teur both read the compressed view—the gain is
specific to our asymmetric construction. RAPID’s
inverse asymmetric design (drafter on x¢omp, veri-
fier on xgyy) reaches near-Ceiling accuracy but at
near-Ceiling compute (1.01x FLOPs); it targets
the opposite trade-off point and is dominated on
the compute axis where ASYMSPEC operates. Run-
ning the drafter alone on full context cuts cost but
degrades sharply on reasoning-heavy subsets where
the 4B model lacks sufficient capacity (per-size
numbers in Section H). ASYMSPEC bridges these
extremes by retaining the 32B verifier’s reasoning
while offloading context recovery to the lightweight
drafter.

The gains are directly tied to compression-
induced information loss, not task-specific over-
fitting. On MultiChallenge, where compression
is near-lossless (Ceiling—Floor gap of 3.0 points),
ASYMSPEC yields negligible improvement (23.5
vs. 23.4). This inertness supports the diagnostic
that the mechanism activates only when compres-

sion discards critical signals. We further verify this
diagnostic on a continuous axis by sweeping the
verifier’s truncation budget on LongBench while
keeping the drafter on full passages (Table 2). The
recovered accuracy scales monotonically with com-
pression severity: at a 500-token budget, ASYM-
SPEC restores over two-thirds of the Floor—Ceiling
gap; at 12k tokens, the gain naturally vanishes as
the verifier approaches the uncompressed ceiling.
Stable acceptance rates (0.851-0.855) suggest the
gap variation is due to information recovery, not
unstable verification.

5.2 Multimodal reasoning

We next evaluate the cross-modal extension, where
a vision—language drafter processes raw images
while the text-only verifier reads captions and OCR
text. Since a text-only verifier cannot consume
images, the full-context Ceiling is undefined; we
use the VL drafter alone as the reference bound.
Table 3 reports results on MathVista.

ASYMSPEC reaches 53.9% overall accuracy,
outperforming symmetric SD by 10.1 points. The
per-task breakdown reveals a clear complementar-
ity pattern. On geometry problem solving (GPS),
caption and OCR text already capture the neces-
sary structure, yielding minimal gain. On visual
question answering (VQA) and figure question an-
swering (FQA), the drafter provides visual ground-
ing while the verifier supplies causal logic, lifting
accuracy over the Floor by 10.0 and 16.7 points
respectively. The remaining gap to the VL drafter
alone (53.9 vs. 60.5%) is structural: the text-only
verifier cannot fully internalize pixel-level cues.
Nevertheless, the result demonstrates that organiza-
tions with fixed text-only verifiers can extend them
to vision-reasoning tasks without re-provisioning



multimodal infrastructure. Realizing these gains re-
quires proper routing of vision-tower embeddings
through the speculative engine; ablation without
these patches drops accuracy to 30.5% (implemen-
tation details in Section E).

5.3 [End-to-end agentic loops

We finally evaluate ASYMSPEC inside live
agent loops where context accumulates and
is re-compressed online. Table 4 reports re-
sults on GAIA and SimpleQA, orchestrated via
smolagents. ASYMSPEC reaches 24.2% on
GAIA and 65.0% on SimpleQA, matching or ex-
ceeding the available full-context reference (per-
subset for GAIA, Table 4) with no degradation as
context accumulates. The aggregate GAIA gain
masks distinct subset dynamics: on the web-only
ReAct loop, compression forces tighter history en-
coding and benefits token-hungry planning; on the
file-attachment subset, the drafter’s full-text access
compensates for the verifier’s 2000-token trunca-
tion. SimpleQA favors the Ceiling due to its min-
imal compression headroom (1.33 x token ratio).
Across both benchmarks, the method maintains
stable draft acceptance (0.88-0.90, Table 13), con-
firming that online re-compression does not erode
verification quality.

Compute efficiency directly tracks compres-
sion severity. GAIA applies a 1.91x per-turn
compression ratio, yielding 0.78x full-context
FLOPs. SimpleQA’s lighter 1.33x compression
yields 0.80x. This linear relationship matches the
core design premise: the verifier’s prefill reduc-
tion scales proportionally with context shortening,
while the drafter’s dual pass remains the smaller
component. In live agent loops as in static bench-
marks, compression headroom reliably predicts
both accuracy recovery and efficiency gains.

To verify that the modality-agnostic property
(§3.4) holds inside live agent loops, we additionally
swap the drafter to Qwen3-VL-2B in the identical
harness. ASYMSPEC reaches 23.0% on the full
n=165 split, +3.6 pp over Floor and +3.0 pp over
Ceiling—the operating-point gain survives drafter-
modality substitution. The gain concentrates on
the web subset (47.1 pp over Floor); on the file-
attachment subset the 2B drafter’s text capacity
limits the gain (consistent with the >1.7B threshold
from §6.4) and ASYMSPEC falls below the Floor.

Trunc tokens Floor =~ AsymSpec A
500 25.8 52.5 +26.7
1500 32.6 53.7 +21.1
3000 39.5 55.5 +16.0
6000 50.6 59.2 +8.6

12000 63.1 63.9 +0.8

Table 2: Truncation-budget sweep on LongBench
(K=2, =1, 4B drafter; overall F1). Recovery scales
monotonically with compression severity and vanishes
as the verifier approaches the uncompressed Ceiling
(65.5 F1, full context).

6 Ablations

We systematically ablate the speculation depth I,
core components (CDA gate vs. d-fusion), d-source
construction, divergence metrics, and drafter ca-
pacity. Extended grids and baseline comparisons
against fixed-y are provided in Sections G and H.

6.1 Speculation depth (K)

Table 12 justifies K =2 as the default speculation
depth. MultiChallenge acts as the binding con-
straint: all methods degrade at K =4 under the llm-
judge, and none recovers its K=2 performance.
API-Bank is flat across K, while LongBench shows
only marginal gains at K=4 (59.7 — 61.1) and
saturates at K=6 (58.7). Since K=2 matches
the standard SD default and yields the most sta-
ble accuracy—efficiency trade-off, we adopt it for
all text benchmarks. The cross-modal setting is
the sole exception where deeper speculation helps
(MathVista K'=4 outperforms K =2); we report it
at its optimal depth (Table 3).

Method GPS VQA FQA Overall
VL drafter alone 534 564 67.7 60.5
Floor 62.0 49.1 29.0 44.5
SD 62.0 464 28.6 43.8
AsymSpec (ours) 62.1 59.1 45.7 53.9

Table 3: MathVista results under the cross-modal setup.
The text-only verifier cannot consume raw images, SO
the Ceiling is undefined; the VL drafter alone (Qwen3-
VL-2B reading the image) is the reference upper bound.
Floor is the verifier on the official Bard caption plus
EasyOCR text; SD is symmetric speculative decoding
with a text drafter on the same caption input.

6.2 Mechanism ablation

Disabling fusion (5=0) isolates each mechanism’s
contribution (Table 6). The CDA gate alone lifts
LongBench from 45.0 to 52.8 by admitting context-



Setting Method Acc  Spd  FLOPs
GAIA
Floor 17.3
Ceiling 18.9
Web-only A mSpecdB) 220
AsymSpec(vl-2B) 24.4
Floor 26.3
. Ceiling 23.7
File-attach AsymSpec(4B) 31.6
AsymSpec(vl-2B) 18.4
Floor 194 1.25x 0.49x
Full Ceiling 20.0 1.00x 1.00x
AsymSpec(4B) 242 141x 0.78x
AsymSpec(vl-2B) 23.0 1.65x 0.53x
SimpleQA
Floor 63.0 1.17x 0.74x
Aggregate  Ceiling 66.0 1.00x 1.00x
AsymSpec(4B) 65.0 1.38x 0.80x

Table 4: End-to-end accuracy and efficiency in live
agentic loops, with GAIA per-subset breakdown and
SimpleQA. On GAIA, “Ceiling” is the best per-subset
reference available under each harness: Qwen3-32B-on-
full for the web subset; the vl-2B-drafter-alone reference
for the file-attachment subset. Speedup and FLOPs
measure LLM-only inference at the aggregate level.

Setting L Leomp ratio  Verifier Total
GAIA 4650 2434 19x  49% 0.78x
SimpleQA 3606 2712 13x  74%  0.80x
LongBench 12437 1532 8.1x 9%  0.28x
MultiChallenge 1598 211 7.6x  13% 0.28x
API-Bank 6701 909 74x 12% 0.19%

Table 5: Per-step prefill FLOPs across all benchmarks,
computed from the Qwen3 architecture and measured
context lengths. Verifier is the 32B forward on Z¢omp
as a fraction of the full-context baseline; Total adds
both drafter forwards (conservatively counted as full
prefills). Compute reduction ranges from 0.19x on
heavy-compression benchmarks (API-Bank, 7.4 x token
ratio) to 0.80x on light-compression SimpleQA (1.33 x
ratio), tracking compression headroom monotonically.

aware drafts that a fixed threshold would over-
reject; adding J-fusion drives recovery to 59.7.
The ¢ source itself is non-trivial: replacing our
same-model ¢ — b with raw augmented logits
costs 2.8 points, and the two-model SCD-style
contrast collapses 11.7 points. This confirms that
the same-model cross-context construction—not
generic logit fusion—is what makes J informative:
only by subtracting two passes through identical
weights can we isolate the context-induced shift
from the drafter’s own preferences. A token-level
walkthrough on API-Bank (Section 6.3) makes this

Variant LongBench F1
Floor 45.0
+ CDA gate (8=0) 52.8
+ o-fusion, raw-aug (a only) 56.9
+ 0-fusion, SCD-style (¢t — b) 48.0
+ d-fusion, ours (a — b) 59.7
Ceiling 65.5

Table 6: Mechanism ablation on LongBench (K'=2, 4B
drafter, v=0.5). The CDA gate and d-fusion are both
necessary; our same-model § source (a — b) outperforms
the raw-augmented (a) and SCD-style (t—b) alternatives
by 3-12 F1 points. Full hyperparameter and compressor
sweeps are in Section G.

concrete: d-fusion redirects emission from Floor’s
free-text formats to the structured patterns visible
only in the full spec.

6.3 Case study

To illustrate the mechanism at single-token res-
olution, we walk through one tool-use instance
(RecordHealthData, level-1 dialog 2). Un-
der Method A compression, the verifier sees
only the bare signature, while the drafter sees
the full API spec specifying time format
$Y-%$m—-%d %H:%$M:%S and a structural example
for health_data. The three outputs:

Floor [...time="2021-09-17 10:30",
health_data="Blood pressure:
120/80, ...™)]

GT ...time="2021-09-17 10:30:00",
health_data="[{’'name’ :
"blood_pressure’, ’'value’:
7120/80"}, ...1"
[...time="2021-09-17 10:30:00",
health_data [{’name’: ’blood_pressure’,
’value’: °120/80°},...]1) ]

AsymSpec

Red marks where Floor diverges from the
schema (missing :00 seconds field; free-text
health_data instead of dict list). Green marks
drafter tokens accepted by the CDA gate (d-fusion
unused; speculation merely accelerates). Or-
ange marks tokens emitted via d-fusion at rejec-
tion points: Floor closes time at " and renders
health_data as free text, but  redirects emis-
sion toward the structural pattern (: 00 seconds
field; bracketed dict list) recovered from the spec—
both schema details exist only in xyy.

6.4 Robustness

Beyond the core mechanisms, extensive sweeps
(Sections G and H) confirm ASYMSPEC’s robust-
ness across three axes. Hyperparameter insen-
sitivity: Performance is flat across 5 € [1.0,2.0]



and vy € [0.4,0.7], requiring no per-dataset calibra-
tion. Compressor agnosticism: Swapping the ver-
ifier’s compressor (summarization, LLMLingua-2,
truncation) yields a stable 63—70% Floor—Ceiling
recovery; SCD falls below the Floor in every cell.
Drafter capacity: Models < 0.6B fail to extract re-
liable context-gain signals; > 1.7B is the practical
minimum.

Cross-family portability. To test whether the
mechanism depends on a shared model family,
we evaluate bidirectional Qwen—Llama pairings
on LongBench. Following Timor et al. (2025),
heterogeneous runs restrict generation to 109,566
string-identical tokens plus paired special tokens
and map ¢ from the drafter vocabulary to the ver-
ifier. A Qwen3-4B drafter raises the Llama-3.3-
70B verifier’s compressed-context Floor from 50.6
to 58.4 F1, while a Llama-3.2-3B drafter raises
the Qwen3-32B Floor from 45.0 to 47.1. These
pairings demonstrate feasible cross-family trans-
fer, with recovery varying across model pairs; Sec-
tion D reports the full comparison.

7 Conclusion

We introduced ASYMSPEC, breaking the symmet-
ric context constraint of standard speculative decod-
ing. By allowing a lightweight drafter to read the
full context and steer a compressed-context verifier
via contrastive J-fusion, it achieves near-ceiling
accuracy at a fraction of the compute cost. Empiri-
cally, ASYMSPEC recovers ~90% of full-context
performance using only 0.2-0.3x the FLOPs on
text tasks. Crucially, the accuracy gain scales
monotonically with the severity of compression
loss, providing practitioners with a clear, pre-
dictable criterion for when asymmetric steering
is warranted in production agentic pipelines.

Limitations

ASYMSPEC’s recovery mechanism is fundamen-
tally bounded by the information retained in the
compressed view and the drafter’s capacity to ex-
tract it. On near-lossless tasks, the method correctly
yields minimal intervention, demonstrating that it
does not introduce spurious hallucinations or over-
fit to the uncompressed context. For cross-modal
settings, the upper bound of accuracy recovery is
constrained by the fidelity of the modality trans-
lation (e.g., image-to-caption quality); integrating
richer multi-modal drafters that process raw pixels

directly alongside the verifier remains an exciting
avenue for future work.

Cross-family §-fusion requires an explicit vocab-
ulary and logit-space alignment. Our Qwen—Llama
study demonstrates feasibility for two shared-token-
aligned pairings, but the observed recovery varies
across model pairs; broader transfer may require
richer mappings. ASYMSPEC also requires access
to verifier logits and therefore does not apply to pro-
prietary APIs that expose only generated text. Fur-
thermore, our evaluation focuses on deterministic
decoding (7=0). This is a deliberate design choice
rather than a constraint: agentic workflows strictly
demand reproducible, parsable structured outputs
(e.g., JSON, tool calls), where stochastic sampling
(7 > 0) fundamentally degrades pipeline reliability.
Generalizing the CDA bound to stochastic sam-
pling (e.g., via Gumbel-Softmax relaxations) is a
promising theoretical extension.

Finally, in end-to-end agentic loops, wall-clock
latency is a composite of LLM inference, tool
execution, and network I/0. While ASYMSPEC
strictly optimizes the LLM inference bottleneck—
which becomes dominant as context scales into the
compute-bound regime—it is designed to be highly
complementary to system-level optimizations, such
as I/O overlapping and asynchronous tool execu-
tion, in production agent frameworks.
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* Y(0) = ~ (no divergence = standard SD
rule);

* vff continuous and monotonically non-
increasing in D;;

» multiplicative composition over independent
divergence signals (independent context shifts
should compose multiplicatively, mirroring
independent probabilities): verr(D1 + D) =
Vet (D1) Vet (D2) /-

Defining f(D) = ~eg(D)/7, the third prop-
erty is a Cauchy-type multiplicative equation
f(D1+D2) = f(D1)f(D2). Under continu-
ity, this fixes f to an exponential form f(D) =
exp(—D/T) for some scale 7' > 0, giving

Yeri(i) = v -exp(—D;/T). 5)

To eliminate 7" without introducing a hyperparame-
ter, we instantiate D; as the Jensen—Shannon diver-
gence. Let Z; ~ Bernoulli(%) be a latent indicator
selecting wfyy VS. Teomp, and X; the drafter’s next
token. Then D; = I(X;;Z;), the mutual infor-
mation between the token and the context source.
Since I(X;; Z;) < H(Z;) = In2 for any binary
channel, D; is universally bounded. Setting 7' = 1
absorbs the scale into the bound, yielding Equa-
tion (3) and guaranteeing vefr € [7/2, 7] without

clipping.
B Design space and benchmark details

Models and hyperparameters (full). The veri-
fier is Qwen3-32B in all primary experiments; the
portability study in Section D additionally uses a
Llama-3.3-70B-Instruct verifier and a Llama-3.2-
3B-Instruct drafter. For text capabilities the drafter
is one of {Qwen3-0.6B, Qwen3-1.7B, Qwen3-4B}
(default 4B drafter, except API-Bank where 1.7B
is the sweet spot, §6.4); for multimodal reasoning
(cross-modal setup) the drafter is Qwen3-VL-2B-
Instruct. All inference runs in bf16 with greedy
decoding (7=0) and Qwen3’s thinking mode dis-
abled. Default runs use speculation depth K=2
(the standard speculative-decoding default; the K-
sweep justifying this choice is §6.1) and 5=1.0
(8 € {0.5,1.0} swept on MathVista). The accep-
tance threshold is y=0.5 for CDA (our gate with
a tuning-free divergence scale, §3.3). Two refer-
ence baselines are reported in Sections G and H: a
fixed-y gate (standard SD acceptance, y=0.5, no
divergence modulation) and a manually-tuned A-
variant of the acceptance gate, Vet = v exp(—AA),

where A = log softmax(a;) — log softmax(b;) is
the drafter’s per-position log-prob difference and
A is set per dataset (default A=0.1); the tuned vari-
ant serves as a foil isolating the value of CDA’s
parameter-free JSD bound.

Generation parameters. Table 7 lists per-
benchmark output length, model context, and har-
ness bounds. All entries inherit greedy decoding
(7=0) and Qwen3 thinking mode disabled from the
global setup above.

Per-benchmark compression. Each benchmark
uses its native compression scheme, applied only
to the verifier’s input. LongBench: the dataset’s
auto-generated multi-document summary replaces
the full passages (8.1x token reduction). Multi-
Challenge: the most recent turn is kept verbatim;
all prior turns are LLM-summarized into a single
context block (7.6x). API-Bank: only the API
name and signature are exposed in place of the
full documentation (7.4x). MathVista: the of-
ficial Bard caption plus EasyOCR-extracted text
substitute for the raw image, the cross-modal sub-
stitution exercised by the framework’s modality-
agnostic property (§3.4). GAIA and SimpleQA:
the per-turn ReAct context is compressed online
with LLMLingua-2 (Pan et al., 2024b) at target ra-
tio 0.3; the two most recent turns are kept verbatim
(keep_last_k=2), and everything older—including
the system prompt—is compressed.

Agentic setup (GAIA, SimpleQA). Both end-
to-end benchmarks run the smolagents
CodeAgent ReAct loop with cached

DuckDuckGo-search and visit-webpage tools
so tool returns are deterministic and runs repro-
ducible; the agentic configuration is Qwen3-4B
drafter, K=2, $=1.0. GAIA: full validation
split (Levels 1-3, n=165). The web-only subset
(n=127) is evaluated through the agentic ReAct
loop above; the file/image-attachment subset
(n=38) is evaluated under a single-shot file-QA
harness in which the verifier reads a 2000-token
truncation of the extracted file content (xIsx, pdf,
pptx/docx/txt, csv, etc.) and the drafter reads
the full extracted text, with image attachments
substituted by the pre-computed VL caption from
§3.4; per-subset numbers are listed in Table 4. On
the file subset the “Ceiling” reference reported in
Table 4 is the drafter-alone harness cell (Qwen3-4B
on the full file), since the file-QA setup does not
include a Qwen3-32B-on-full-file run. SimpleQA:



max_model_len

Harness / prompt

Benchmark max_new

LongBench 1024 24576
MultiChallenge 2000 8192
API-Bank (Method A) 256 16384
MathVista 1024 8192
GAIA (web, n=127) 1024 32768
GAIA (file, n=38) 1024 32768
SimpleQA 1024 32768

QA on passage(s)

official dataset prompt

API specs + dialog — [Tool (args) ]
VQA prompt; image via VL drafter
smolagents CodeAgent, max_steps=8
single-shot file-QA

smolagents CodeAgent, max_steps=6

Table 7: Per-benchmark generation parameters and harness bounds. max_new is the per-call output token cap;
max_model_len is the vLLM context window. GAIA splits into a web-only ReAct loop and a single-shot

file-attachment harness, listed separately.

random n=500 subset; each query runs through
the same smolagents ReAct harness as GAIA-web
with max_steps=6; we report accuracy under
the official Wei et al. grader (llm-judge, prompt
verbatim from Wei et al. (2024)).

Agentic run with VL drafter. An identical har-
ness is rerun with the drafter swapped from Qwen3-
4B to Qwen3-VL-2B-Instruct. Tools, prompt tem-
plates, ReAct step bound, online LLMLingua-2
compression, K=2, and $=1.0 are unchanged
from the 4B-drafter run above. On web-only sam-
ples the VL drafter receives only text from the agen-
tic loop, so the effective change is drafter capacity—
2B versus 4B. On file-attachment samples, image
attachments are routed directly into the VL drafter’s
vision tower via the cross-modal patches in Sec-
tion E; the text-only verifier still receives only the
pre-computed VL caption since it cannot consume
pixels. This run produces the ASYMSPEC(vI-2B)
rows in Table 4.

API-Bank (Method A subset). We evaluate the
Method A subset of Li et al. (2023a): single-call
API invocation, where each instance presents the
model with a compact API specification plus a
user query and the model must emit a single well-
formed API call. We use n=200 instances and
report api-acc (fraction of calls matching the gold
API name and argument set). The complementary
Method B subset (multi-call API trajectories) intro-
duces tool-trajectory complexity orthogonal to the
compression-recovery effect we study; we leave it
to follow-up work.

MultiChallenge judge protocol. For MultiChal-
lenge we use llm-judge over the official prompt and
rubric (Sirdeshmukh et al., 2025), with each cell
scored across 3 independent judge runs (per-cell std
< 0.9 pp; Table 1). All judge prompts, responses,
and scoring rubrics are logged to our reproducibil-

ity repository. Transient API degradations dur-
ing collection were identified via response-length
anomalies (judge responses truncated to <50 char-
acters in >15% of cases) and excluded from re-
ported means; full logs are preserved for audit.

SCD reimplementation. We implement a faith-
ful reproduction of Improved Contrastive Decod-
ing (Yuan et al., 2023; O’Brien and Lewis, 2023):
greedy (14+53)Y. — BY, over the plausibility set
{Y. > log @ + max Y. } with a=0.5, =1.0. The
expert is Qwen3-32B on Z¢omp; the amateur is the
drafter on Z¢omp.

C Broader Connections to Adaptive and
Agentic LLM Systems

Agent memory and deep-research systems.
Long-horizon agents organize interaction histories
as persistent memory or allocate additional compu-
tation to search and refinement. Representative sys-
tems structure conversational memory as sentence
graphs (Wu et al., 2025¢), develop reinforcement-
learning foundations for deep research (Li et al.,
2025a), refine search trajectories with step-level
feedback (Zhang et al., 2026a), unify multimodal
document parsing with deep research (Dong et al.,
2026), or adapt search intensity to problem diffi-
culty (Shi et al., 2025). These methods operate
above the token-level decoder; AsymSpec provides
a complementary decoding substrate when their
accumulated evidence is compressed.

Small-large collaboration and inference-time
steering. Adjacent training-time mechanisms use
teacher—student alignment, fidelity-controlled re-
cursive self-improvement, or self-paced curricula
over reward dynamics and data utility (Zhang et al.,
2024, 2026d; Zhi et al., 2026). Other work uses
follow-up likelihood as an alignment signal (Zhang
et al., 2025a), lightweight steering modules across



Method

Drafter ctx  Verifier ctx d source

SD (Leviathan et al., 2023)
EAGLE (Li et al., 2024c¢)

CD (Li et al., 2023b) expert — capacity
SCD (Yuan et al., 2023) expert amateur capacity
RAPID (Chen et al., 2025) short long —
VL-SD (Huang et al., 2025; Huo et al., 2025; Kang et al., 2025) VL VL —
SD2 (Berdoz et al., 2026) V—D steer = —
Ours full compressed  context-gain

Table 8: Design-space placement. “J source” is what the linear logit combination measures.

Capability Benchmark n Compression Metric
Long-context multi-hop QA LongBench 600 8.1x per-subset F1
Multi-turn instruction following ~ MultiChallenge 271 7.6 IIm-judge acc

Tool use API-Bank 200 7.4% API-call exact match
Multimodal reasoning MathVista 587 cross-modal accuracy
End-to-end GAIA L1-3 (full) 165 per-turn/ per-file GAIA exact match
End-to-end SimpleQA 500 per-turn Ilm-judge (Wei et al., 2024)

Table 9: Capabilities and benchmarks. Compression is the token ratio ||/ |Zcomp|; per-turn LLMLingua-2 for
GAIA/SimpleQA (Section B). LongBench is 200 examples each from hotpotQA, 2WikiMQA, MuSiQue, reported

per-subset (Table 1).

modalities (Feng et al., 2025), or on-device special-
ist models for efficient information extraction (Wen
et al., 2025). These approaches optimize training
or task-specific modules, whereas AsymSpec co-
ordinates a small drafter and large verifier during
decoding.

Structured and multimodal interfaces.
Retrieval-based knowledge integration with
controllable generation (Shen et al., 2026),
parameter-efficient multimodal fusion (Liang
et al., 2022), retrieval-augmented schema adap-
tation (Liang et al., 2025a), and parameterized
tool schemas (Liang et al., 2025b) provide comple-
mentary ways to expose structured or multimodal
information to language models. AsymSpec does
not prescribe these upstream interfaces; it transfers
information across their rich and compact views at
generation time.

Recommendation as an agentic long-context
workload. User-centric and interactive recom-
mendation increasingly combines device—cloud
agents, multi-step planning, and persistent or life-
long user histories (Zhang et al., 2026c; Yu et al.,
2025; Zhou et al., 2026). These workloads mo-
tivate efficient handling of long behavioral con-
texts through retrieval and refinement (Xu et al.,
2025; Shen et al., 2024), cross-domain represen-
tation transfer (Zhang et al., 2025d), real-time
user-specific inference (Xie et al., 2025), and scal-

able long-sequence architectures (Ye et al., 2026;
Pan et al., 2025). Related work also unifies re-
trieval and ranking (Zhang et al., 2025c), devel-
ops LLM-based generative recommendation (Wang
et al., 2025a), and studies large-model design and
scaling behavior (Guo et al., 2024; Shen et al.,
2025). These application- and architecture-level
advances are orthogonal to AsymSpec, which opti-
mizes token-level generation through asymmetric
drafter—verifier context allocation.

D Cross-family portability

We retain the LongBench data, summary com-
pressor, and default decoding configuration (K =2,
£=1.0, v=0.5), changing only the drafter—verifier
model pair. Same-family controls use their native
vocabularies. For heterogeneous pairs, we follow
the vocabulary-alignment scheme of Timor et al.
(2025): § is computed in the drafter vocabulary
and mapped to the verifier through 109,566 string-
identical tokens. Committed tokens are restricted to
this shared set together with paired special tokens.



Drafter — verifier

Llama-3B — Llama-70B
Qwen-4B — Llama-70B
Llama-3B — Qwen-32B
Qwen-4B — Qwen-32B

Floor Ours Ceiling Recovery

506 542 663 23%
506 584 663 50%
45.0 471 65.5 10%
45.0 59.7 655 72%

Table 10: LongBench portability across model families
(overall mean F1). Floor and Ceiling run each verifier on
the compressed and full contexts, respectively; recovery
is (AsYMSPEC — Floor)/(Ceiling — Floor). The Qwen—
Llama rows improve over their respective Floors, with
recovery varying across model pairs.

E Cross-modal Implementation Patches

The cross-modal extension required five patches
to the vLLM speculative-decoding code path.
Patches target vLLM v0.19.0; the speculative-
decoding APIs (DraftModelProposer,
triton_utils, etc.) are restructured in newer
vLLM releases and on newer Qwen variants,
requiring re-porting.

1. Per-request cache for pixel_values
and image_grid_thw delivered via
sampling_params.extra_args.

2. A vision-tower forward + embedding merge
that runs once per request and caches the im-
age embeddings.

3. A hand-computed Qwen3-VL 3-D M-RoPE
positional encoder for the drafter’s aug
prompt; we verified this matches the of-
ficial _get_mrope_input_positions
bit-for-bit.

4. Critically: routing the merged image embed-
dings through the speculative-decoding en-
gine’s mm_embed_inputs parameter, so
the drafter’s prefill actually receives image
embeddings rather than text-only embeddings
of image_pad tokens.

5. A relaxation of the engine’s aug-substitution
gate that originally required || > |[Zcomp
(false in cross-modal where image tokens are
typically fewer than caption tokens).

Without patches (4) and (5), the drafter never sees
the image and MathVista collapses to 30.5% (vs.
53.0% with patches), demonstrating that the imple-
mentation is non-trivial.

F Throughput Table

Table 11 reports eager-mode throughput (tokens/s).
MathVista uses VL drafter alone as reference (text-

only ceiling undefined). Text-benchmark vari-
ance is consolidated in the accuracy-equivalent ef-
ficiency metrics in Table 1.

Patterns.

* Fixed-v throughput exceeds compressed base-
line because successful drafting amortizes the
third forward over K tokens and skips verifier
autoregressive steps.

* AsymSpec vs. SD operating points. SD-full
reaches Ceiling accuracy at full-context cost;
AsymSpec reaches near-Ceiling accuracy at
compressed-verifier cost (~0.2-0.7x com-
pute, Table 5). Throughputs are compara-
ble on every benchmark (LongBench 63.3
vs. 50.9; MultiChallenge 66.6 vs. 77.5; API-
Bank 66.1 vs. 70.0), so the two methods are
differentiated by cost regime, not by speed.

* Cross-modal overhead. MathVista is the slow-
est regime due to the per-request vision-tower
forward, the necessary cost of cross-modal
capability extension.

Why throughput < FLOPs reduction. LLM
decoding is memory-bandwidth-bound. Reduc-
ing FLOPs to 0.2—0.7 x does not translate linearly
to wall-clock; even optimized vanilla SD reaches
~1.5x at 30B+ scale (Xia et al., 2024). Asym-
Spec’s 1.3-1.7x aligns with this hardware regime.
FLOPs quantify compute/energy savings; through-
put reflects realized latency gains.

Acceptance dynamics. The realized speedup is
also bounded by drafter—verifier agreement. Ta-
ble 13 records the drafter acceptance rate (AR)
and mean accepted length (MAL) at our default
configurations: AR sits in [0.78,0.92] and MAL
in [2.6,2.8] of the available K + 1=3 positions
for K=2 rows, persisting through the multi-turn
GAIA loop where context is re-compressed on-
line. Asymmetric context therefore does not erode
verifier—drafter agreement; the gap between FLOP
reduction and realized throughput is bounded by
the memory-bandwidth regime above, not by ac-
ceptance failures.

Quality—throughput tradeoff. Each of the three
components adds compute: d-fusion requires the
drafter’s compressed-context forward (cost reduced
to O(K) per step by maintaining a separate KV
cache across speculation steps), the fixed-y accep-
tance is essentially free, and CDA adds one scalar



LongBench MultiChallenge  API-Bank MathVista

Method (4B, K=2) (4B, K=2) (1.7B, K=2) (VL-2B, K=4)
Floor (verifier on compressed) 50.0 52.3 51.2 49.2
Ceiling (verifier on full) 37.5 51.5 49.5 81.7

SD 50.9 77.5 70.0 65.6
fixed-vy (no gate) 57.8 68.6 67.2 44.4

+ tuned A (0.1) 88.2 96.0 66.6 46.9

+ CDA (ours) 63.3 66.6 66.1 48.0
Speedup, CDA vs. full 1.69x 1.29x 1.34 % —

Table 11: Throughput (tokens/s) across four benchmarks at our default configurations on a single accelerator;
eager mode (no graph capture). MathVista has no text-only Ceiling since Qwen3-32B cannot consume images; the
VL drafter alone (Qwen3-VL-2B reading the image) at 81.7 tokens/s is the closest reference upper bound. Eager
throughput exhibits non-trivial per-run variance on text benchmarks; the accuracy-equivalent main-table efficiency
is consolidated in Table 1. CDA adds only one scalar division per token over the tuned A-variant, so observed
gaps reflect measurement variance, not gate overhead. MathVista throughput includes the per-request vision-tower

forward, amortized via the cache in Section E (patch 2); batched, graph-captured measurement would tighten
these further. The final row reports CDA throughput as a ratio over Ceiling—the per-benchmark speedup—with

MathVista omitted as it has no text-only Ceiling.

LongBench F1

MultiChallenge acc MathVista acc

Method K=2 K=4 K=6

K=2 K=4 K=6 K=2 K=4 K=6

fixed-y (no gate) 57.0 59.7 574
+ tuned A (0.1) 59.0 593 578
+ CDA (ours) 59.7 61.1 58.7

255 229 202 53.0 51.1 504
232 218 173 525 525 507
225 196 185 526 539 521

Table 12: K-sweep at Qwen3-4B drafter (Qwen3-VL-2B for MathVista), v=0.5, 5=1.0. MultiChallenge declines
at K =4 for every method and none recovers its K =2 level — the binding constraint behind the K =2 default (§6.1);
cross-modal MathVista is the lone K'=4 beneficiary (Table 3). The K=6 sweep saturates on LongBench (CDA
58.7, below the K=4 peak of 61.1) and degrades on MultiChallenge / MathVista, confirming the K =2 default.

Setting AR MAL
LongBench, K=2, 4B, summary 0.86 2.72
LongBench, K=4, 4B, truncate 0.78 4.13
MultiChallenge, K=2, 4B, llmlingua 0.80  2.61
API-Bank, K=2, 1.7B, signature 092 284

GAIA, K=2, 4B, per-turn llmlingua 090 281

Table 13: Speculative-acceptance diagnostics at our de-
fault configurations. AR and MAL remain near vanilla-
SD levels under asymmetric context, including in the
multi-turn GAIA agent loop.

division per token. For cross-modal runs the vision-
tower forward is amortized once per request via the
per-request embedding cache (Section E, patch 2),
so its per-token contribution is inverse in the num-
ber of decoded tokens and vanishes at long genera-
tions.

G Additional ablation grids

Full grids referenced in §6: Table 12 (K -sweep),
Table 14 (JSD vs. KL), Table 15 (v-robustness), Ta-
ble 16 (3-sweep), and Table 17 (compressor probe).
CDA’s parameter-free design matches or exceeds

tuned baselines across all grids without introducing
dataset-specific scales.

Benchmark  D; gate K=2 K=4

KL (unbounded) 58.6 59.6
JSD (€ In2,0urs)  59.7 61.1

KL (unbounded) 63.5 62.6
JSD (< In 2, ours) 63.5 62.6

LongBench

API-Bank

Table 14: JSD vs. KL instantiation of CDA’s diver-
gence D; (Equation (3); 7=0.5; LongBench overall F1,
4B drafter; API-Bank api-acc, 1.7B drafter). On API-
Bank the two gates are identical down to the pass count
(339/534 at K=2, 334/534 at K=4): API-Bank’s small
context divergences leave JSD and KL with the same
accept/reject decisions. On LongBench they differ by
< 1.5F1. JSD is chosen for the universal bound (§3.3),
not for accuracy, and is used in all other tables.

H Extended drafter-size sweep

Tables 18, 20 and 21 report the full drafter capacity
sweep. Key takeaways: (1) CDA requires >1.7B
drafters to reliably extract context-gain signals; (2)
on API-Bank, the tuned A-variant and CDA are



vy 0.4 0.5 0.6 0.7
LongBench F1 56.8 59.7 58.8 59.1
API-Bank acc 63.7 63.5 63.7 63.5
MultiChallenge acc 23.3 23.3 22.1 23.6

Table 15: CDA is flat in its only free quantity, the stan-
dard speculative-decoding threshold v (parameter-free
gate ’ye*D , K=2; LongBench overall F1, 4B drafter;
API-Bank api-acc, 1.7B; MultiChallenge acc, 4B). No
cliff on any of the three.

K=2 K=4
I5] F1 AR MAL F1 AR MAL
05 503 0853 271 575 0781 4.12
1.0 537 0852 270 58.0 0.783 4.13
20 539 0854 271 574 0779 4.12

Table 16: 8 sweep on LongBench (truncate-1500, 4B
drafter, y=0.5). Within 8 € {1.0,2.0} F1 is flat (within
0.2 at K=2 and 0.6 at K=4); $=0.5 underperforms by
3-3.6 F1 at =2, motivating 5=1.0 as a stable mid-
point. Acceptance rate (AR) and mean accepted length
(MAL) are flat throughout.

Tcomp SOUICE Floor SCD AsymSpec Recovery
Summary 450 423 58.6 66%
LLMLingua-2 36.1 31.7 54.6 63%
Truncate-1500 32.6  28.8 53.7 64%
Question-only  29.5 25.8 54.8 70%
Ceiling 65.5

Table 17: Compressor probe on LongBench (4B
drafter, K=2, v=0.5). Recovery is (AsymSpec —
Floor)/(Ceiling — Floor).

numerically equivalent due to small context diver-
gences, confirming CDA’s bound does not penalize
low-divergence regimes; (3) MultiChallenge dif-
ferences remain within the <3 pp headroom band,
consistent with its near-lossless compression pro-
file. CDA’s advantage is hyperparameter-free ro-
bustness, not peak accuracy on near-lossless tasks.

Tuned-)\ reference baseline. The tuned A-
variant (defined in Section B) requires a per-
dataset A\. On judge-independent metrics, CDA’s
parameter-free gate matches or exceeds it at 4B—
identical on API-Bank and +0.7/4-1.8 F1 on Long-
Bench at K=2/4 (Tables 18 and 20).

Tables 20 and 21 extend it to API-Bank and
MultiChallenge.

API-Bank. Two regimes. At K=2 the size-
accuracy relation is inverted-U with 1.7B as sweet
spot (59.6 — 63.5 — 60.7 for tuned-\ / CDA), con-

firming the fixed-vy pattern (§5.1). At K=4 it be-
comes monotone-increasing and the best API-Bank
cell of the sweep is 4B K'=4 (tuned-\ / CDA both
63.7). The tuned variant and CDA give numerically
identical numbers in all six cells — API-Bank’s rel-
atively small context divergences between drafter-
on-aug and drafter-on-main make the tuned A=0.1
gate and CDA’s parameter-free JSD gate effectively
interchangeable (the JSD and KL instantiations of
CDA are themselves numerically identical on API-
Bank, Table 14).

MultiChallenge. MC has only ~3 pp headroom;
the per-cell differences in Table 21 are too small to
order the methods consistently (e.g. at 4B K=2
fixed-y / tuned-\ / CDA = 25.5/23.2/22.5, a
<3 pp band that re-shuffles across drafter sizes).
The only MC takeaway is that AsymSpec does not
improve a near-lossless task and sits mildly below
the compressed floor there (Table 1).

Drafter K  Drafter alone fixed-y + tuned A+ CDA (ours)

0.6B 2 23.7 50.6 48.4 47.8
0.6B 4 23.7 48.5 46.6 46.4
1.7B 2 389 529 511 50.8
1.7B 4 38.9 48.5 53.6 53.9
4B 2 54.6 57.0 59.0 59.7
4B 4 54.6 59.7 593 61.1

Table 18: Drafter-size sweep on LongBench F1 (y=0.5,
A=0.1 for the tuned variant). CDA is the parameter-free
JSD gate (§3.3); the 4B row (our default drafter) is its
JSD instantiation of record, the smaller-drafter rows
the accuracy-equivalent KL instantiation (Table 14).
Drafter alone: the SLM on full passages, no verifier
— reference upper bound for what the small model can
do unassisted (K-independent).



A MultiChallenge acc

0.05 21.0
0.10 (default tune) 232
0.20 23.6
CDA (no scale) 22.5

Table 19: X\ sweep of the tuned variant on MultiChal-
lenge under the llm-judge (n=271, 4B drafter, v=0.5,
K=2). The spread is only 2.6 pp (21.0-23.6). CDA
(tuning-free, 22.5) lies within the same band with no A
to set.

Drafter K  Drafter alone fixed-y + tuned A+ CDA (ours)

0.6B 2 31.3 59.4 59.6 59.6
0.6B 4 31.3 582 579 57.9
1.7B 2 61.2 63.7 63.5 63.5
1.7B 4 61.2 62.4 62.5 62.5
4B 2 64.0 60.3 60.7 60.7
4B 4 64.0 63.3 63.7 63.7

Table 20: Drafter-size sweep on API-Bank api_acc
(v=0.5, A=0.1 for the tuned variant). Drafter alone:
the SLM alone on full API context, no verifier (K-
independent).

Drafter K  Drafter alone fixed-y + tuned A+ CDA (ours)

0.6B 2 13.3 20.3 19.6 214
0.6B 4 13.3 21.8 22.9 22.1
1.7B 2 14.0 19.6 20.7 19.6
1.7B 4 14.0 21.8 18.1 21.4
4B 2 25.8 25.5 232 22.5
4B 4 25.8 229 21.8 19.6

Table 21: Drafter-size sweep on MultiChallenge accu-
racy (y=0.5, llm-judge, n=271, A=0.1 for the tuned
variant; single run). Every per-cell gap lies within the
<3 pp headroom on this near-lossless task (§6.4).
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